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IBM® SPSS® Modeler is an analytical platform that enables organisations and researchers to
uncover patterns in data and build predictive models to address key business outcomes.
Moreover, aside from a suite of predictive algorithms, SPSS Modeler also contains an
extensive array of analytical routines that include data segmentation procedures, association
analysis, anomaly detection, feature selection and time series forecasting. These analytical
capabilities, coupled with Modeler’s rich functionality in the areas of data integration and
preparation tasks, enable users build entire end-to-end applications from the reading of raw
data files to the deployment of predictions and recommendations back to the business. As
such, IBM® SPSS® Modeler is widely regarded and one of the most mature and powerful
applications of its kind.

Modeler was originally developed and released under the name ‘Clementine’ by the UK
software company ISL (Integral Solutions Limited). Clementine was one of the first true data
mining platforms to incorporate the icon-driven user interface that so many predictive
analytics and data mining platforms now utilise. In 1998 ISL was acquired by SPSS Inc, who
later rebranded the software as SPSS Modeler. In 2009 SPSS Inc was itself acquired by IBM for
$1.2 billion.

How Modeler is used

Today Modeler is used extensively across many industries to address a very wide variety of
business applications. These include:

e Predicting which current customers are likely to cancel their subscriptions so that
phone or media companies may proactively intervene to retain their custom

¢ |dentifying key equipment or assets at risk of failure so that utility companies may
deploy engineering staff to prevent it occurring

e Using association analysis to uncover which groups of products are often purchased
on the same occasion so that retailers can design promotions to drive more sales
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e Predicting which patients are at risk of being re-admitted to hospital following
discharge so that medical professionals can provide proactive care

e Early identification of fraudulent transactions for hotel companies so that they may
take immediate action to mitigate the damage

e Segmenting donor behaviour for charities so that they may interact with their
supporter base in a manner that reflects their personal profile

The Premium edition of IBM® SPSS® Modeler includes sophisticated Text Mining
functionality. This additional functionality is used to classify and categorise unstructured data
from sources such as call centre comments, social media feeds and document collections.
Modeler Text Mining is also used to mine and extract data from engineer reports, error
messages, insurance claims and medical notes to enhance the accuracy and clarity of
predictive models.

CRISP-DM

Despite the media’s recent burgeoning interest in all things analytical, among the thousands
of articles and discussion pieces devoted to big data analytics, data science, machine learning
and artificial intelligence, very few dwell upon the practical aspects of ensuring analytical
applications deliver tangible results, preferring instead to focus on the power and pitfalls of
algorithms. Nevertheless, experienced data analysts are acutely aware that the success or
failure of predictive analytics projects often rest on aspects of the process that have little to do
with data modelling per se. In fact, the CRISP-DM methodology describes a process that many
expert analysts follow when designing initiatives driven by predictive analytics. CRISP-DM
stands for Cross Industry Standard Process for Data Mining. It is described as ‘a hierarchical
process model’ for data mining applications, although in this context the term ‘data mining’
may be taken to mean ‘predictive analytics’.

As can be seen in figure 1.1, CRISP-DM describes the predictive analytics process in terms of
six main phases. A full description of the methodology explains each of these phases in
greater detail and in fact each one can be broken down hierarchically into a set of tasks
(generic tasks, specialized tasks and process instances). For more details, visit the website
http://www.crisp-dm.eu.

As figure 1.1 illustrates, the process of developing predictive analytics applications is cyclical in
nature as each iteration seeks to correct faults and improve the outcomes. Moreover, you
may notice that ‘Modelling’ represents only one of the phases in the development of the
application.
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Business Data
Understanding Understanding
Data
Preparation
Modeling

Deployment

Figure 1.1 The CRISP-DM Process

Business Understanding

The first step in a new Predictive Analytics initiative is the Business Understanding phase. In
fact, this is a critical step and one which is all too often glossed over. Spending time
scrutinising why a particular subject has been chosen as the focus of a project may often yield
valuable results. If for example, we are trying to predict which individuals are likely to renew a
contract or insurance policy, how accurate should the model be in order to proceed? Among
the predictions, how many false positives or false negatives are acceptable? What is the
current policy renewal rate? What are the costs and benefits associated with say a 10%
decrease or increase in renewals? This phase demands that we determine our success criteria
early on. Furthermore, the Business Understanding phase tasks us with determining our
project resources as well as the risks and assumptions that underpin the project. In fact, many
initiatives are abandoned when subject to this level of scrutiny or are re-focussed on another
aspect of the original business objective. Finally, Business Understanding requires us to
produce an agreed upon project plan that documents all these elements.
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Data Understanding

The Data Understanding phase aims to provide a thorough audit of the project’s primary raw
material: data. It is likely that the available data are in more than one format. That the quality
and quantity of the data will need to be inspected. The nature of the data, whether structured
(quantitative) or unstructured (free text/audio/image) will need to be given due
consideration. What do the actual fields within the data refer to? How many data are
missing? How often are the data sources updated? If we are dealing with data that are related
to customers or clients, then are there any pertinent aspects of the customer/client behaviour
or demographics that we don’t have access to? In short, we are attempting to document the
limitations and challenges associated with the project data early in the cycle so that we might
better understand our chances of success.

Data Preparation

Many analysts regard the Business Understanding and Data Understanding phases as the
most critical to the success of a project. However, many more analysts may agree that the
Data Preparation phase is most time-consuming. Data preparation takes up time because it
often involves numerous tasks associated with preparing data that was not originally collected
with analysis in mind. As such, tasks such as data cleaning, merging sources, transforming file
structures and deriving new measures are often among the most onerous in the project life-
cycle. Often the analyst has a rough idea as to what the final data should look like in order to
be ‘fit for modelling’. This may require, for example, the transformation of the data so that
each row represents an individual person rather than a transaction, or a website visit or a
product.

Modelling

As the name implies, the modelling phase involves the development of a model that
addresses the project objectives. In fact, many modelling technigues allow analysts to build
models automatically and quickly. This means that much of the time in this phase is taken up
with trying different modelling techniques and tuning the selected models. Tuning the models
may result in more useful results but so will transforming and manipulating the input data, so
this phase has its own feedback arrow to the previous Data Preparation phase.

Evaluation

Having developed a (hopefully promising) model or set of models, the analyst must take time
to assess its usefulness. There are many ways in which data analysts view the utility of a
model, whether in terms of its complexity, clarity, accuracy or stability. In this phase, the
analyst must also evaluate the model in terms of the original project objectives as
documented in the Business Understanding phase. Does the model meet the performance
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criteria as determined at the outset of the initiative? Clearly, this a critical phase of the project
and it may be that the evaluation indicates that the project should iterate back to the initial
phase of the process and begin again from the start.

Deployment

The Deployment phase sees fruits of all the previous work deployed into the real world. It is
here that new data is fed into the model and the generated outcomes, in the form of risk
scores, likelihood values, customer segments, classifications, anomaly indices, probabilities or
forecasts are used influence decisions and actions. It may be that the initial deployment is
done on the basis of a control and test scenario or that only a small proportion of the
decisions are affected, but in either case, the results must be carefully monitored. In fact, it
makes sense that the Deployment Phase includes the opportunity to create a maintenance
plan for the model(s). After all, any predictive analytics model is unlikely to provide useful
results indefinitely, so plans must be made to when and how often the model should be
updated with more recent information or replaced entirely.

A first look at Modeler

Figure 1.2 shows an overview of the Modeler interface. We can see from the image that
there are a number of elements that make up the application. It's worth taking a moment at
this stage to familiarise ourselves with the key aspects of the Modeler UI.

[ Menus & Toolbar W

@ Stream - IBM® SPSS® Modeler | - o X

EFile Edit |Inset View Tools SuperNode Exensions Window Help ]
- = ] = = e L S
= > o Bﬁ B4 '> ) K ) \v) ([ —\I Streams| Qutputs Models
= 1 & Stream1

Stream/Output/Models
Palette

[ Stream Canvas ] _

CRISP-DM| | Classes

B [=] (unsaved project)
+~[-_| Business Understanding
|= | Data Understanding
|=1 Data Preparation

= | Modeling
11 Evaluation i
[ Node Palettes | ~an [ CRISPIDM & Object
I H Class Folders
= = 1
i;w 1 — 13|
L Favorites @ Sources @ RecordOps @ FieldOps A Graphs @ Modeling  Database Modeling M Output M Export O IBM® SPSS® Statistics ' IBM® SPSS® Text Analytics |
DO ® 200000l q @ DB R
Database Var. Fie | Auto Data Prep Select Sample  Aggregate Derive Type Fiter raphboard | Auto Classifier Auto Numeric Auto Cluster Table Flat Filie Database
1] | I¥]
1
|0 server: Local server | (ol 108MB / 155M8

(E INd\
lxampe oeJ

Figure 1.2 The Modeler Interface
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The Menus and Toolbar — As with many analytical platforms, SPSS Modeler allows us to
request specific procedures from a series of drop-down menus or by using the toolbar to
carry out frequently used procedures such as saving or opening Modeler streams, copying
and pasting nodes or executing procedures. The menus often allow us an alternative way to
build up streams instead of selecting specific nodes from the palette tabs along the bottom of
the interface.

The Stream Canvas — This the main part of the Modeler interface. The stream canvas allows
us to build up a series of procedures using nodes. We can think of modeler streams as visual
programs that allow us to carry out multiple tasks.

The Node Palettes — The palettes organise the different procedures in Modeler (represented
by nodes) into their respective functional tabs. Examples include the Source nodes palette
which contains a several nodes for reading different kinds of data files, the Record Ops palette
which contains a number of data preparation nodes that affect how data rows are
represented or the Modeling palette which contains a number of algorithms that are used to
generate new models.

The Stream/Output/Models Palette — Here Modeler has created three palettes that allow
use to view and switch between three different kinds of files: Modeler streams that are open
in the application; any outputs that we have created from running a stream; and any models
that we have created as a result of running an algorithm within Modeler.

The CRISP-DM and Object Class Folders — this section of the interface allows us to organise
the different documents, streams, models and outputs associated with a project into custom
folders. By default, Modeler creates a folder structure according to the CRISP-DM process, but
these may be customised to suit each project. This collection of folders and files can be saved
as a project file (*.prj) so that users may have easy access to multiple files and outputs even if
they are saved in separate locations (see figure 1.3).

CRISP-DM|| Classes CRISP-DM | Classes
B [ Predicting Voucher Redemption B [ Predicting Voucher Redemption
El-|| Business Understanding B [=7] Streams
+[ ROI Calculations &) Data Quality Audit
[) Business Understanding Report g} Data Cleaning
&= Data Understanding &) Creating new measures
&) Data Quality Audit i) Merging Files
=) Data Preparation i) Scoring_Voucher_Redeem_C5
AL & Data Cleaning &) What If Scenario Modeling
i) Creating new measures &) Voucher_Redeem_Prediction
& Merging Files =1 Nodes
=] Modeling E-[=] Generated Models
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WJC51 El-[= | Tables, Graphs & Reports
B[ | Evaluation i) Evaluation chart
g} What If Scenario Modeling E-[= ] Other .
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\", Scoring_Voucher_Redeem_C5

Figure 1.3 The CRISP-DM and Object Class folders
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Working with Modeler

As you may have gathered, Modeler works by executing connected nodes that are joined
together in a stream. The stream itself is the main file type that most users work with. There
are various conventions associated with stream execution but the main one is that the
execution begins with data being read from a source node (which appears as a circle) and
ends with a node that generates some sort of output. Terminating a stream with a node that
doesn’t have a way to display its results will generate an error. Figure 1.4 shows the three
main node types that create results: an output node (square), a chart node (triangle) and a
model generating node (a pentagon). As an illustration, you can see that the figure includes an
‘intermediary’ select cases node (hexagon). You can’t end a stream with this type of node
because its job is simply to filter out rows of cases and it needs another node type (such as a
chart or data table) to display the result.

f—

Stream start point: An 'intermediary’ EEEE Data table
A Source node Selectcasesnode| ~ _EEEd TS node
' ; Table
~ N b
] i | _'?)____———————_—_"' L node r
: Age Group
9,‘:‘?."9?'.‘9(..9?@2 Select UK Customers
CHAID 7

Voucher_Redeem

Figure 1.4 Typical Modeler Stream Structure
As we will see, these streams can be saved with the file extension ‘.str’, but Modeler allows

individual nodes, outputs and models to also be saved as files as well. Each object type has its
own file extension as illustrated in figure 1.5.
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Figure 1.5 File types within the modeler interface

Streams are built up by placing nodes on the stream canvas and defining logical connections
between them. The nodes are edited to ensure that they run in an appropriate fashion. The
stream is then executed and the stream outputs are generated.

Starting with an empty stream, we can place nodes in one of two ways on the canvas.

e Drag the selected node from the palette below onto the canvas
e Double-click the node and it will automatically appear on the canvas

,.:

|Var/File|

—
Fﬂ @ Sources.

® @ @ (

ytic Server Database Var. File Fixed File Statistics Fie Data Collection I1BM Cognos BI TM!

Figure 1.6 Placing nodes on the Modeler Stream Canvas

To delete a node from the canvas, simply highlight it and click delete.
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There is also more than one way to define the connections between the nodes. To connect
one node to another, the direction must be in the order that the data flows (from source to
output). Furthermore, the connection itself must adhere to Modeler’s own logical
conventions: for example, you can’t connect two output-generating nodes to each other.

To define a valid connection, choose one of the following options:

¢ Hold the middle mouse button down and draw the connection between the two
nodes

e Click to select the first node in the connection then double-click the connecting node in
its palette to automatically join the two together

e Select and right-click on the first node and choose ‘Connect’ from the drop-down
menu then click the second node

e Click the first node, press F2 on the keyboard and click the second node

To delete a connection, you may either:

e Hover your mouse pointer over the connection line and right click. From the pop-up
menu choose ‘Delete Connection’

e Select and right-click on either node and choose ‘Disconnect’ from the drop-down
menu

e Click the either node, press F3 on the keyboard

To insert a node into an existing connection, you have a couple of options: either delete the
existing connections between the nodes and connect the new node between the existing
ones using one of the methods above, or simply click with the middle mouse button on the
existing connecting line and drag it over the intermediary node to route the connection
through it (this is much quicker). Figure 1.7 illustrates this.

— Click and d-r-a-g

0]

ago
(Il

\ 4

e

—~——

Var. File > vl Flat File
- Sample

Var. Fil\ /Flat File
. Sample !

Figure 1.7 Inserting a node into an existing connection
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Executing Streams

In order for streams to be executed, the nodes need to be correctly configured. Later in the
course we will look at how we can edit the settings in individual nodes to make them work
with the data appropriately. Figure 1.8 shows a stream with the nodes already configured to
execute correctly.

&

11 Fields
Customer Data 10.0%
A
13 Fields

Figure 1.8 Pre-configured stream ready for execution

To execute the entire stream, we could select the source node and right-click to generate a
drop-down menu. As figure 1.9 shows, you can select the option ‘Run From Here’ and all
nodes downstream from the source will be executed.

Edit..

(3 Connect. F2
Disconnect F3
Rename and Annotate

_ New Comment.

s Ccut Ctri+x
Copy Node Ctri+C

> Delete Delete

Load Node

%2 Retrieve Node..
Save Node...

& Store Node..
Cache
Data Mapping
Create SuperNode

Looping/Conditional Execution
Generate User Input Node
Preview.

» Run From Here

Figure 1.9 Executing a stream from a source node

The same effect is achieved by clicking the green triangle on the toolbar:

>

As this button simply executes the entire stream.
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If however, you wish to only execute one branch of the stream, you can highlight the terminal
node of the required branch and click the yellow run selection button:

>

Figure 1.10 illustrates this process.

\ Executing Streams* - IBM® SPSS® Modeler
L\
Run Selection
/1 Fields
Customer Data 10.0% ey
B

Figure 1.10 Executing one branch of a stream

The same effect can be achieved by highlighting the required terminal node, right-clicking and
selecting ‘Run’ from the drop-down menu.

A Predictive Analytics Tour

Earlier in this section we looked at the CRISP-DM methodology that is so strongly associated
with the Modeler platform. CRISP-DM provides us with an overview of the entire process of
planning and executing a predictive analytics project. In this last topic, we will turn our
attention to how one might build, evaluate and deploy a model within the Modeler itself. To
illustrate this, we can build up a detailed example in a step by step fashion using Modeler’s
‘Insert’ menu.

To start the process, we will need to read some data and check its suitability for modelling.
Beginning with a blank stream canvas (clicking File > New Stream will create one), we can
insert the first part of the example. In this first instance, we will insert part of a stream that
reads some sample data for the demonstration.
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From the main menu click:
Insert
Stream from File

Browse to ‘C:\SV Training\Modeler Intro\Section1’

From within the folder choose the stream:
‘PA Tour Part 1.str’

Insert

The first part of the demonstration stream is inserted. It shows two separate data source
nodes configured to read two different data file types. The data are then merged together to
create a single file. The resultant merged file can then be explored using a special output node
(the Data Audit node). If we execute the stream, we can see that the data contains a number
of fields of various types. Each field is represented by a chart that is coloured by the two
values of a target variable called ‘Churned Customer’. So we can see that this is a stream
where the analyst probably wants to understand what drives customer defection and wishes
to predict which customers are likely to defect in future. Figure 1.11 illustrates this.
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Figure 1.11 PA Tour Part 1 with results from Data Audit node

As we will see later, the Data Audit node is a valuable way to assess the quality and suitability
of our data for modelling purposes. Having checked the data with it, we can move to the next
stage where we will try to build a predictive model. From the main menu click:

Insert
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Stream from File
‘PA Tour Part 2.str’

Insert

Now another section of Modeler stream has been inserted. We can join the first part of the
stream to this section by connecting the Merge node and the Partition node together. Using
the nodes in this second section, we can build a model to predict customer churn. Notice that
the stream contains a Partition node that enables us to randomly split the data into two parts.
One part of the dataset will consist of rows of customers that may be used to ‘train’ the model
(the ‘Train’ partition) the second part of the dataset will contain customers that have not been
used in the model building process but instead are withheld to check the accuracy of the
model. The second node is a type of model-building algorithm known as a decision tree. If we
execute this node, the algorithm quickly builds a model represented by a ‘golden nugget’. We
can browse this model to see what it contains and gain a deeper understanding of how it
attempts to predict the outcome. Figure 1.12 illustrates this.
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Figure 1.12 PA Tour Part 2 with results from the decision tree model

Having inspected the model, the data analyst at this stage might wish to assess how
accurately it manages to predict churn in both the ‘Training’ and ‘Testing’ groups as defined
by the Partition node earlier.

To continue, from the main menu click:

Insert

Stream from File
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‘PA Tour Part 3.str’

Insert

A third section of Modeler stream has now been inserted. In this case it contains two nodes
that are explicitly designed to assess the performance of predictive models. By connecting the
model nugget to these output-generating nodes, we can gain an understanding of how
accurate the model is. By executing the Analysis node, we are shown a group of tables that
tell us the model was nearly 77% accurate in the Training partition and around 75% accurate
in the Testing group. We would conclude from this that the model seems to perform well on
test data. The triangular ‘Evaluation’ chart also shows how the model performs on both
partition groups. The chart it creates shows how much better the model is at identifying
customers who have churned as compared to a random selection or indeed a perfect
prediction. Figure 1.13 illustrates this.
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Figure 1.13 PA Tour Part 3 with results from the Analysis and Evaluation
nodes

At this stage, the Data Analyst may conclude that the model is sufficiently useful to deploy
back to the business. This will require the analyst to apply the model to data about the current
customers to generate predictions as to which ones are likely to defect in the near future. To
show how this is commonly done, from the main menu click:

Insert
Stream from File

‘PA Tour Part 4.str’
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Insert

The final section of the Modeler stream uses a new data source, this time containing only
current customers. To apply the model we created earlier to this data source, we need only
copy and paste the nugget and connect it to the new Source node and the downstream Filter
node. As soon as we do so, we are able to execute the Histogram node to see the range of
‘Churn Likelihood’ values that the model generates having ‘scored’ the new data source. By
interacting with the histogram, we can select all those current customers that the model
scores as having a churn likelihood greater than 0.6 (60%). This process generates a Select
node that filters out customers who scored lower than 0.6 and when connected to the final
Table node allows us to view a list of around 1200 customer IDs with their respective
likelihood scores, all of whom could be meaningful targets for a proactive retention campaign
aimed at keeping their custom. Figure 1.14 illustrates this.
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Figure 1.14 PA Tour Part 4 with results from scoring current customers
using the earlier churn prediction model

We can see from the demonstration that the process of building, evaluating and deploying a
model is very straightforward in Modeler. In fact, Modeler automatically takes care of a lot of
the mapping of variables to the appropriate settings in the next node. As we progress through
the rest of the course, we will see many other examples where Modeler is able to greatly
enhance the productivity of users as they build analytical applications.
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Section 2:
Reading Data Sources & (& & @

Excel Var. File Database Select Table

e Reading Excel Files

e Reading Text Files

e The Generate Menu

e The Select Node

e Reading Database Tables

One of the more challenging realities of working in Predictive Analytics is that normally we are
not working with data sources that have been designed with analysis (let alone advanced
analytics) in mind. Not only will the analyst have to contend with the fact that the data
sources at their disposal have in fact been specifically configured for purposes as diverse as
customer billing, inventory admin, outbound marketing, supply chain management, CRM,
workforce administration, asset registration or at best, business intelligence reporting, but
furthermore, they may also find that the sources themselves are stored in many different
formats such as proprietary databases, text files, spreadsheets or xml. So the first technical
hurdle that we often face is figuring out how to correctly read the data. Fortunately, Modeler
has strong capabilities with regard to parsing and reading a wide range of data file types.

Reading Excel Files

Excel
Importing data from Excel files is usually a relatively straightforward process in Modeler. One
thing to be aware of is that the user is required to specify whether the file has the spreadsheet
‘xlIs” or workbook ‘xIsx” extension. It’s important to understand that when reading files ‘into’
Modeler we are not importing them into some kind of internal database or converting them
to a native file format. Although the process may require the creation of temporary files,
generally speaking, the data files themselves remain in their original location.

Starting with a blank canvas, we can navigate to the Sources palette within Modeler and
either:

Double-click the Excel node or click and drag it onto the canvas
Having placed the node on the canvas, we can configure it to read an Excel file. To do so:

Right-click on the Excel Source Node and from the pop-up menu choose ‘Edit’

Figure 2.1 shows the Excel node with the associated control menu.
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Figure 2.1 Excel Source Node with its associated control menu

By right-clicking and choosing ‘Edit’ in any Modeler node, we gain access to that particular
node’s unigue configuration dialog. Figure 2.2 shows the associated control dialog for the

Excel node.

Import file:

On blank rows:

[/ Firstrow has

Range on worksheet:

(o) (o

A
-

Excel 97-200

3 (*xls)
Excel 2007-2013 (* xIsx)

[T Use named range

Choose worksheet @ By index

© Byname

© Explicit range of cells

column names

© Range starts on first non-blank row

8

Figure 2.2 Control dialog for Excel Source node
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You can see from the dialog that there is a drop-down menu to choose the type of Excel file to
be read. In this case we will read an Excel workbook file. From within the dialog:

Ensure the ‘Excel 2007-2013 .xIsx’ option is selected from the drop down ‘File Type’ menu

Click the Import file:’ ellipsis button and browse to ‘C\SV Training\Modeler Intro\Section2’

Locate the file called ‘Customer_Contacts.xlIsx’ and click ‘Open’

Figure 2.3 shows the file selected within the Excel Source node.

\) Exce X
e | » Preview | 2 Refresh | Y =)

CASV Training\Modeler Intro\Section2Customer_Contacts xlsx

Data Filter Types Annotations

File type: |Exc:a| 2007-2013 (* xIsx) ¥

Import file: lC:\S‘u’ Training\Modeler Intro\Section2\Customer_Contacts xlsx ‘

[ Use named range

Choose worksheet @ By index ng
© Byname

Range on worksheet: ® Range starts on first non-blank row

© Explicitrange of cells

On blank rows: Stopreading  ~

[/ First row has column names

(o) (cman)

Figure 2.3 Excel workbook file selected in the Excel Source node

At this point we could probably just connect up an appropriate terminal node and read the
file. However, it’s a good idea to check that Modeler is reading the file correctly. There are a
few ways to this. To begin with, let’s examine some of the tabs across the top of the dialog.
Click the tab marked:

Filter

Figure 2.4 shows the resultant Filter tab displayed.
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\) Excel
@ [E r_-m-.inw| #| Refresh
=

CASV Training\Modeler Intro\Section2VCustomer_Contacts.xlsx

©]=l0

Fields: 12in, O filtered, 0 renamed, 12 out

Filter
ID

First_name
Last_name
Address1

City

Postcode

Phone

Email

Gender
Date_of_birth
Cutomer_Age
Income_Thousands

T

Field
ID
First_name
Last_name
Address1
City
Postcode
Phone
Email
Gender
Date_of_birth
Cutomer_Age
Income_Thousands

® View currentfields © View unused field settings

oK (cancel

Figure 2.4 Filter tab showing the field names within the Excel node

All of the data Source nodes in Modeler contain a Filter tab. This tab offers the same basic
functionality that the Filter node in Modeler does explicitly. It allows users to control which
fields are to be read and to edit their names. It’s also a useful way to check if a source node is
correctly parsing the field names in a data file. In this case it seems to indicate that it is. To
continue our examination of the Excel source node, click the tab marked:

Types

Figure 2.5 shows the Types tab within the Excel source node. Again, it's important to
recognise that the basic functionality in this tab is available in Modeler as a node in its own
right. In fact, the functionality in the Type node (or the Types tab) is crucial to ensuring that
Modeler reads and treats data correctly as it acts as a central control hub for the overall

management of data fields.
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\_-) Excel W

@ ia Emiuw| 2] Refresh Q||

C\SV Training\Modeler Intro\Section2\Customer_Contacts.xlsx

P ReadValues | ClearValues | Clear All Values
Field Measurement Values Missing Check Role
[A] ID 8’ Categorical None N Input
|A] First_name  @f Categorical None “ Input
[A] Last_ name  gf| Categorical None N Input
|A] Address1 @l Categorical None “ Input
[A] City @l Categorical None “ Input
|A] Postcode &l Categorical None N Input
[A] Phone @l Categorical None N Input
[A] Email @l Categorical None “ Input
|A] Gender &l Categorical None N Input
# Date_of_birth ¢ Continuous None “ Input
{#3 Cutomer_Age ¢ Continuous None “ Input
&> Income_Thou... ¢ Continuous None N Input

@ View currentfields © View unused field settings

oK [cancel sooy | [ Reset

Figure 2.5 The Types Tab in the Excel Source node

Once again, there are a few important things to take note of here. We can see from the icons
next to the field names that the Types tab has attempted to identify the nature of the fields in
terms of the data they contain. In fact, this node/tab will categorise data in the following way:

String data (contains non-numeric characters)

Numerical Integer (whole numbers)

Numerical Real (contains decimal places)

SISO

Date

-l
.

Time Stamp

We can also see that the Types tab has classified the fields in terms of their ‘measurement
level’ and that all the string fields are marked as ‘Categorical’ whereas the numeric and date
fields are marked as ‘Continuous’. We will return to this idea of measurement level later in the
course. There are other columns in the Types tab that provide key functionality in Modeler
and we will return to these later to see how they can help.
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Finally, to actually see some of the data in the file we can click the ‘Preview’ button at the top

of the dialog. Click:

Figure 2.6 shows the data preview in the generated sample Table node.

Preview from Customer_Contacts.xlsx Node (12 fields, 10 records)

\ File = Edit ) Generate

Table Amnotaons

@Jx]

ID | First_name |Last_name |Address1 | city | Postcode | Phone |Email | Gender | Date_of_birth | Cutomer_Age | Income_Thousands |
1 0440 Rose Collins 28 Oak Close ABWQ City AB 1307 03866 rose_collins@www.upoazpubr.net F 14/03/1963 52.000 53.000
2 0121 Melissa Coleman 1 Astra Road ABWQ City AB 1433 02978 melissa_coleman@www.aviykexl.org F 03/01/1987 28.000 37.000
3 0469 Gerald Young 6 Ridge Way ABWQ City AB 1505 05431 03/04/1929 86.000 65.000
4 0669 Brandon King 89 Alpha Avenue ABWQ City AB1635 04553 brandon_king@www.ceqgaocw.com M 19/06/1993 22.000 29.000
5 0608 Sara Peterson 14 Kepler Drive ABWQ City AB 1682 02206 sara_peterson@www.zuqyzsbv.com F 26/11/1960 55.000 36.000
6 0513 Ryan Edwards 30 North Avenue ABWQ City AB1711 03696 ryan_edwards@www.bloazpbgm.org M 16/10/1989 26.000 25.000
7 0697 Anne Robinson 45 South Lane ABWQ City AB2271 02448 arobinson@www.qfuxqrsw.org F 13/06/1979 36.000 21.000
8 0499 Douglas Russell 94 Oak Avenue ABWQ City AB2368 09785 M 12/12/1946 69.000 18.000
9 0105 Marilyn Martinez 64 Springburn Close ABWQ City AB 2460 07763 m.martinez@www.ajyhkpuj.net F 26/11/1952 63.000 75.000
10 0168 Joan Bryant 15 Aadrvark Way ABWQ City AB 2592 08964 joan_bryant@www.kmyhkbhe.net F 22/01/1986 29.000 38.000

Figure 2.6 The data Preview Table for the Excel workbook file

By clicking the ‘Preview’ button, Modeler immediately shows us the first 10 rows of data in
the file. If we wish to see more rows of data, we can change the default value associated with

this function or connect an actual Table node to the Source node and look at the entire

dataset. To do so, click:

OK (to close the preview window)
OK (to close the Source node dialog)

Click the Source node to select it

Click the Output Tab along the bottom of the application

Within the Output palette double-click the Table node

Figure 2.7 shows the Source and Table nodes joined together.
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Figure 2.7 Source node reading Excel workbook file joined to a Table node

To read the file and examine the output table simply click the ‘run stream’ button on the
toolbar. Click:

>

The data file is successfully read and the Table node is now populated with the contents of the
Excel workbook ‘Customer_Contacts.xlsx’ (see figure 2.8). Notice that the title banner on the
output window shows the number of fields and records read (12 fields, 850 records). The
table node is normally used to simply view the data, although as we will see, there are some
useful aspects of this node with regard to finding particular records or quickly generating
nodes to help us select specific groups.
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Table (12 fields, 850 records) #1 — a X
\a File 3 Edit ¢ Generate m
lTabIe NS
ID |First_name |Last_name | Address1 [ city | Postcode |Phone |Email |
1 0440 Rose Collins 28 Oak Close ABWQ City AB 1307 03866 rose_collins@www.upoazpubr.net
2 0121 Melissa Coleman 1 Astra Road ABWQ City AB 1433 02978 melissa_coleman@www.avlykexl.org
3 0469 Gerald Young 6 Ridge Way ABWQ City AB 1505 05431
4 0669 Brandon King 89 Alpha Avenue ABWQ City AB 1635 04553 brandon_king@www.ceqgxocw.com
5 0608 Sara Peterson 14 Kepler Drive ABWQ City AB 1682 02206 sara_peterson@www.zugyzsbv.com
6 0513 Ryan Edwards 30 North Avenue ABWQ City AB1711 03696 ryan_edwards@www.bloazpbgm.org
7 0697 Anne Robinson 45 South Lane ABWQ City AB 2271 02448 a.robinson@www.qfuxgrsw.org
8 0499 Douglas Russell 94 Oak Avenue ABWQ City AB 2368 09785
9 0105 Marilyn Martinez 64 Springburn Close ABWQ City AB 2460 07763 m.martinez@www.ajyhkpuj.net
10 0168 Joan Bryant 15 Aadrvark Way ABWQ City AB2592 08964 joan_bryant@www.kmyhkbhe.net
1 0659 Beverly Brooks 21 Kepler Way ABWQ City AB 2862 09500
12 0558 Martin Butler 12 Treehill Close ABWQ City AB 2960 08769 martin_butler@www.ndsiacmo.net
13 0782 Betty Williams 25 Humber Close ABWQ City AB2977 01011 b.williams@www.hjsiaige.net
14 0129 Andrea Murphy 49 Abbey Lane ABWQ City AB 3049 05676 a.murphy@www.yyoazpudg.net
15 0304 Angela Hernandez 93 Treehill Way ABWQ City AB 3206 09196
16 0433 Virginia Martinez 27 Barn Drive ABWQ City AB 3501 08652 virginia_martinez@www.xwaqyzilh.org
17 0055 Anna Lewis 86 Aadrvark Road ~ ABWQ City AB 3546 04355 a.lewis@www.ijoazpkmc.com
18 0275 Phillip White 40 Astra Drive ABWQ City AB 3558 09715 p.white@www.eeyhkekv.net
19 0124 Kathy Patterson 74 Astra Avenue ABWQ City AB 3561 08291
20 0158 Earl Powell 58 South Way ABWQ City AB 3804 06919 earl_powell@www.qbgyzdwr.net
1 [¥]

Figure 2.8 Table node showing contents of the Excel Workbook

Reading Text Files

Var. File

One of the most common data formats that analysts encounter is the text file. This is because
many third-party applications (spreadsheet programs, databases and Business Intelligence
tools) can save their contents in one of many text file formats. Text files are simply files that
are comprised of unformatted text so they can be viewed by various text editors. However,
the files themselves come in many different shapes and sizes. Things to bear in mind when
dealing with this type of file format is that some text files...

e Separate the different fields in the data by using a ‘delimiter’ character such as a
comma, a tab or pipe (‘|’) character — these are called ‘Delimited’ files.

e Text files can have any extension, though the more common ones are “.txt’, ‘.csv’ or

‘dat’.

e Instead of using delimiters, some text file formats ensure that the data values for fields
always appear in the same column locations (e.g. column 1-5 for ‘ID’, 6-8 for ‘Age’).
These are often referred to as “fixed’ files (the Section 2 folder contains an example).
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e Sometimes string characters appear with single or double-quotes around them (this is

especially true when the file uses commas as a delimiter).

e Onrare occasions, the file may contain individual records that require more than one
row to store the values, so that each new record starts in every odd-numbered row.

By far the most common text file format is one that uses some sort of delimiter such as a
comma. These are often referred to as ‘comma separated files’. Because the data format is
text, we can view the file prior to reading it in a text editor. Figure 2.9 shows our next example

file displayed in MS Notepad.

File Edit Format View Help
Member_ID|Transxn_ID|Transxn_Date|Club|Amount|Activity_Type
1e53@|9838164@|2012-03-01 ©7:38:00|Edinburgh|7|squash
109€ | 98386434 |2012-03-01 @9:83:ee|Edinburgh|7|Squash
1095 | 98386866 |2012-03-01 ©9:10:08|Edinburgh|7|Squash
10701|98386854|2012-083-01 ©9:10:00|Edinburgh|8|Gym Pass
10702 |98387208|2012-03-01 09:16:00|Edinburgh|4|Gym Pass
1e120|98387844|2012-03-01 ©9:21:00|Edinburgh|7|squash
107063 |98388018|2012-83-01 09:23:80|Edinburgh|4|Gym Pass
19703 | 98388180 | 2012-83-01 09:24:00|Edinburgh|8|Gym Pass
10117 |98388666|2012-83-01 ©9:26:00|Edinburgh|7|Squash
1e7e4|9838908e|2012-03-01 ©9:28:00|Edinburgh|8|Gym Pass
10765 | 98389302 | 2012-83-01 ©9:30:80|Edinburgh|4|Gym Pass
1077|98389512|2012-03-01 ©9:32:08|Edinburgh|7|Squash
10575|98389638|2012-03-01 ©9:34:00|London|8|Gym Pass
10575|98389746|2012-03-01 ©9:35:@0|London|8|Gym Pass
1091|98389704|2012-03-01 @9:35:0@|Edinburgh|7|Squash
10575 |98396058|2012-83-01 ©9:36:80|London|8|Gym Pass
1096 | 98390130| 2012-83-01 ©9:37:00|Edinburgh|7|Squash
10212 |98390088|2012-083-01 ©9:37:00|Edinburgh|7|Squash
1070698390202 | 2012-03-01 ©9:38:00|Edinburgh|8|Gym Pass
10657 |98398226|2012-83-01 ©9:38:080|Edinburgh|7|squash
105689 | 98396244 | 2012-83-01 ©9:38:080|Edinburgh|7|squash
10706 |98390268|2012-083-01 ©9:39:00|Edinburgh|8|Gym Pass
1011898392304 | 2012-03-01 ©9:39:00|Edinburgh|7|squash
10706 |9839@292| 2012-083-01 ©9:39:00|Edinburgh|8|Gym Pass
107066 |98396430| 2012-83-01 09:40:080|Edinburgh|8|Gym Pass
1012398396544 | 2012-083-01 ©9:40:00|Edinburgh|7|Squash
10707 | 98396598 | 2012-083-01 ©9:41:00|Edinburgh|8|Gym Pass
1077 |9839@562|2012-083-01 ©9:41:00|Edinburgh|8|Gym Pass
107067 | 98396670 | 2012-83-01 09:42:080|Edinburgh|8|Gym Pass
107068 | 98396808 | 2012-83-01 09:44:080|Edinburgh|4|Gym Pass
10709 |98392482|2012-03-01 10:00:00|London|4|Gym Pass

Figure 2.9 Delimited text file displayed in a Windows text editor

As long as the file isn’t too large, it’s often a good idea to view it in a text editor first. That way,
we can identify the delimiter character that has been used. We can see from this example
that the field names are displayed across the top of the file in the first row and that each row
seems to represent a unique record. We can also see that the delimiter used is the ‘pipe’
character ‘|’. This is a fairly common delimiter, especially in files that contain fields with
verbatim comments as the comments themselves are unlikely to contain the delimiter
character (unlike commas or tabs) so it can be safely used to separate the different fields.
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To read this file, we need to add a Modeler data source node specifically designed to read
delimited text files: the ‘Var. File’ node. From the Source node palette double click the node
marked:

Var. File

The node is added to the stream containing the Excel source node. Once again, we can edit
the source node by right-clicking on it and selecting:

Edit
Within the edited node, browse to ‘C\SV Training\Modeler Intro\Section2’

Locate the file called ‘Health_Club_Transactions_Sample.txt’ and click ‘Open’

Figure 2.10 shows the dialog so far.

\J Var. File

CASV Training\WWModeler Intro\Section2\Health_Club_Transactions_Sample. txt

Fie Daia Fiter Tes Amottions

File: |C:\SV Training\Modeler Intro\Section 2\{gEEl e Vo L=l EF= e« - r=Ty ] ][R 1 Q

Member ID|Transxn_ID|Transxn_Date|Club|Amount|Activity Type ﬂ
1053019838164012012-03-01 07:38:00|Edinburgh|7|Squash
106019838643412012-03-01 09:03:00|Edinburgh|7|5quash

©
il
)

1095|9838686612012-03-01 09:10:00|Edinburgh|7|5quash -
1] [H]
¥ Read field names from file || Specify number of fields -

Skip header characters: ng EOL comment characters: :l

Strip lead and trail spaces: @ MNone © Left © Right © Both

Invalid characters: ® Discard © Replace with

Encoding: Stream default ¥ | Decimal symbol: Stream default ~
|| Line delimiter is newline character Lines to scan for column and type: mg
[ Field delimiters [ Automatically recognize dates and times

) space ¥ Comma []Tab [7] Treat square brackets as lists

& Newline [] Other - Quotas
"] Non-printing characters Single quotes: lDiscard - ]
| Allow multiple blank delimiters Double quotes: lDiswd - ]

Lok J(cancel | oply | | Reset)

Figure 2.10 Partially complete Var. File dialog for importing a pipe-
delimited file
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We can immediately see that there are a lot controls and options within this dialog. At this
point however, there is one option that is the most important: choosing the correct delimiter.
The bottom left-hand of the dialog shows that the default delimiter, a comma character, is
currently selected. However, the file preview pane at the top of the dialog clearly shows that
the fields are delimited by a pipe character. We must edit this part of the dialog as shown in
figure 2.11 to read the file correctly.

Field delimters

1Space [ J]Comma []|Tab

' Newline [¢ Other |

| Non-printing characters

Allow multiple blank delimiters

Figure 2.11 Editing the Field delimiter character so that the file is
read correctly.

Figure 2.12 provides an annotated guide to some of the other interesting aspects of this
dialog.
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D Var. File X

C\SV Training\Modeler Intro\Section2\Health_Club_Transactions_Sample.txt

File Data Filter Types Annotations

7
R i et P At d]

File: |C:\SV TrainingWodeler Intro\Section2\Health_Club_Transactions_Sample bt [ - l

Member ID|Transxn ID|Transxn Date|Club|Amount|Activity Type
10530/9838164012012-03-01 07:38:00|Edinburgh|7|Squash
109019838643412012-03-01 09:03:00|Edinburgh|7|Squash
1095|9838686612012-03-01 09:10:00|Edinburgh|7|Squash

[l

¥ Read field names from file Specify number of fields

1 Skip header characters: -s EOL comment characters:
2 )strip lead and trail spaces: @ None © Left © Right © Both

Invalid characters: @ Discard © Replace with
Encoding: Stream default ~ |  Decimal symbol: 'Stream default ~
Line delimiter is newline character Lines to scan for column and type: @
Field delimiters ¥ Automatically recognize dates and times
Space Comma [} Tab Treat square brackets as lists
“Newine @oter [ | quotes
Non-printing characters Single quotes: | Discard ~
Allow multiple blank delimiters Double quotes: |Discard >

{

Lok J (cance | toply || Reset

Figure 2.12 Key functionality in the Var. File node

The following numbered features refer to numbered annotations in figure 2.12.

1. Skip header characters: sometimes the text file contains a title or comment within the
first line or so of the data. This option allows us to instruct Modeler to ignore the first n
characters before it begins to read the data itself.

2. Strip lead and trail spaces: often values appear within the text file that contain hidden
spaces either preceding or immediately following the data value itself. This can cause
error messages downstream so we have the option to remove them while reading the
data.

3. Lines to scan for column and type: because the data consists entirely of values within
a text file, there is no field formatting intrinsic to the file itself. Modeler therefore
attempts to identify the data type within each column based on the first 50 rows it
encounters. If for example, the first 50 rows contained only whole numbers for a
column, then Modeler would assume that the field was integer and would read it as
such. If however, the 51 row for the same field contained a string character Modeler
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would convert it to a null value. Increasing the number of scanned rows therefore
allows Modeler to look deeper into the file to correctly identify the field type.

4. Quotes: As mentioned earlier, sometimes text data files contain quotation marks
around string fields. This option allows us to discard these characters on an individual
basis, to look for pairs and discard them or to read them as part of the data.

As with the Excel Source node, the Var. Node contains both a Filter and a Types tab. However,
this particular source node contains an extra tab that allows us to overwrite how it reads the
data columns. To explore this, click on the tab marked:

Data

Figure 2.13 shows the Data tab within the Var. File source node.

J Var. File X

Llalo

C:A\SV Training\Modeler Intro\Section2\Health_Club_Transactions_Sample.txd

il 2] Refresh

File Data Filter Types Annotations

Field Override Storage Input Format
Member_ID 7 3 Integer
Transxn_ID [ {3 Integer
Transxn_Date i) Timestamp
Club [A] String
Amount ‘ 3 Integer
Activity_Type |a] String

® View currentfields © View unused field settings
Lok (cancel| oply || Beset

Figure 2.13 Data Tab within the Var. File source node

As we can see, the Data tab allows us to manually control how the data column is being read.
By checking the ‘Override’ column we can choose a different storage type (e.g. integer, string
etc.) from the drop-down menu. A useful aspect of this tab is the ability to control how date
fields are read. Although by default the Var. File node attempts to automatically detect and
read date or datetime fields, there are nevertheless occasions when it fails to do so correctly
and instead reads the column as a string. Not only does the Data tab allow the user to
override this but it also allows us to choose the exact date format from a list within the ‘Input
Format’ column. Figure 2.14 illustrates this.
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i @ i i

4 C:\SV Training\Modeler Intro\Section2\Health_Club_Transactions_Sample.txt

File Dala Fier Types Annotatons

Field Override Storage Input Format
Member_ID [ {3 Integer
Transxn_ID [ {_% Integer
Transxn_Date v i Timestamp \) X
grl'::unt i m?er Date format.  |Stream default ¥ |
Activity_Type [l |A] String Time format: Stream default
DDMMYY
@ @ MMDDYY
YYMMDD
YYYYMMDD
DDMMYY
DDMMAYYYY
@ View currentfields © View unused field settings —l

[_toply || geset]

Figure 2.14 The Override and Input format functions within the Data tab

In this case there is no need to override any of the settings within the data tab. In fact, it
appears that having specified the correct delimiter character, we can now read the data file.
To show the data in an output table:

Right-click on the existing Output Table node in the stream and choose ‘Copy Node’ from the
drop-down menu (or click Ctrl+C)

Right-click on the stream canvas and choose ‘Paste’ (or click Ctri+V)

Manually connect it to the Var. File source node
We can now execute this part of the stream by either:

Right-clicking on the newly-pasted terminal node and clicking ‘Run’ or clicking the ‘Run

Selection’ button = *

Figure 2.15 illustrates this and figure 2.16 shows the resulting output.
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o Stream1* - IBM® SPSS® Modeler — [m] x
File Edit |Inset View Tools SuperNode Extensions Window Help
NEAHS AR RTOP e XRROO sreans o waoas
[Q et
—
Customer_Contacts xI. Table
- CRISP-OM E
Health_Club_Transact.. Table T £3 a [?.%':":i::;?;:;erm“di“
Rename and Annotate. . i~[=1 Data Understanding
' New Comment... [ Data Preparation
i[=] Modeling
4 Cut Ctri+X. i [~ Evaluation
Copy Node cti+C =] Deployment
X Delete Delete
Load Node...
2 Retrieve Node... =
L ———————————— Save Node. -
SFanrtes ®Soucs: @Recacss @Fsons A O | P MEpon OBue sPspSalsics . IBNDSPSSE TetAafcs
Create SuperNode
Looping/Conditional Execution »
OB ® @ | oo ® @ W & @ @
Analytic Server Database Var. File Fixed File Statistics Fie Data Collection Input Sim Gen Diffusion Anslysis Group Analysis DataView Entity Analytics(E4) Geospatial
[ Ereview.. v
| » Run CHri+E H
Figure 2.15 Running the new stream branch from the pasted Output Table
node
Table (6 fields, 19,827 records) - O X
\& File = Edit ) Generate
Member_ID | Transxn_ID | Transxn_Date |club | Amount | Activity_Type |
1 10530 98381640 01/03/2012 07:38:00 Edinburgh 7 Squash
2 1090 98386434 01/03/2012 09:03:00 Edinburgh 7 Squash
3 1095 98386866 01/03/2012 09:10:00 Edinburgh 7 Squash
4 10701 98386854 01/03/2012 09:10:00 Edinburgh 8 Gym Pass
5 10702 98387208 01/03/2012 09:16:00 Edinburgh 4 Gym Pass
6 10120 98387844 01/03/2012 09:21:00 Edinburgh 7 Squash
7 10703 98388018 01/03/2012 09:23:00 Edinburgh 4 Gym Pass
8 10703 98388180 01/03/2012 09:24:00 Edinburgh 8 Gym Pass
9 10117 98388666 01/03/2012 09:26:00 Edinburgh 7 Squash
10 10704 98389080 01/03/2012 09:28:00 Edinburgh 8 Gym Pass
11 10705 98389302 01/03/2012 09:30:00 Edinburgh 4 Gym Pass
12 1077 98389512 01/03/2012 09:32:.00 Edinburgh 7 Squash
13 10575 98389638 01/03/2012 09:34:00 London 8 Gym Pass
14 10575 98389746 01/03/2012 09:35:00 London 8 Gym Pass
15 1091 98389704 01/03/2012 09:35:00 Edinburgh 7 Squash
16 10575 98390058 01/03/2012 09:36:00 London 8 Gym Pass
17 1096 98390130 01/03/2012 09:37:00 Edinburgh 7 Squash
18 10212 98390088 01/03/2012 09:37.00 Edinburgh 7 Squash
19 10706 98390202 01/03/2012 09:38:00 Edinburgh 8 Gym Pass
20 10657 98390226 01/03/2012 09:38:00 Edinburgh 7 Squash
21 10509 98390244 01/03/2012 09:38:00 Edinburgh 7 Squash

Figure 2.16 Contents of the file Health Club Transactions_Sample.txt
shown in a Table node
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The table node shows that although the file itself only contains 6 fields it is comprised of
19,827 records.

The Generate Menu

While the table output is still displayed, we can take the opportunity to point out one of the
most useful features within Modeler: the Generate menu. This menu enhances the user’s
productivity greatly by automatically generating different nodes based on selections within
the output. Figure 2.17 shows the options available for the Table Output node under the
Generate menu.

Table (6 fields, 19,827 records) #2 — O X

b0 en Oswwe (IS @l

Select Node ("Records”)

-~

Select Node ("And™)
Member_| [club | Amount | Activity_Type |

1 105] Select Node ("Or’) 38:00 Edinburgh 7 Squash -
2 10 Derive Node ("Records™) 03:.00 Edl_nburgh 7 Squash

3 10 [10:00 Edinburgh 7 Squash

4 107 Derive Node (“And") 110:00 Edinburgh 8 Gym Pass
5 107 ) 16:00 Edinburgh 4/Gym Pass
5 101{ Derve Node (Or) P1:00 Edinburgh 7Squash

7 10703 98388018 01/03/2012 09:23:00 Edinburgh 4 Gym Pass
8 10703 98388180 01/03/2012 09:24:00 Edinburgh 8 Gym Pass
9 10117 98388666 01/03/2012 09:26:00 Edinburgh 7 Squash
10 10704 98389080 01/03/2012 09:28:00 Edinburgh 8 Gym Pass
11 10705 98389302 01/03/2012 09:30:00 Edinburgh 4 Gym Pass
12 1077 98389512 01/03/2012 09:32:00 Edinburgh 7 Squash
13 10575 98389638 01/03/2012 09:34:00 London 8 Gym Pass
14 10575 98389746 01/03/2012 09:35:00 London 8 Gym Pass
15 1091 98389704 01/03/2012 09:35:00 Edinburgh 7 Squash
16 10575 98390058 01/03/2012 09:36:00 London 8 Gym Pass
17 1096 98390130 01/03/2012 09:37:00 Edinburgh 7 Squash
18 10212 98390088 01/03/2012 09:37:00 Edinburgh 7 Squash
19 10706 98390202 01/03/2012 09:38:00 Edinburgh 8 Gym Pass
20 10657 98390226 01/03/2012 09:38:00 Edinburgh 7 Squash

Bl

Figure 2.17 The Generate Menu in the Table output node

In this instance, the Generate menu will create two different types of nodes: Select and
Derive. The Select node allows us to filter records based on specific criteria, whereas the
Derive node creates new fields according to various criteria (we will take a deeper look at the
Derive node later in the course). In both of these cases, we could manually retrieve these
nodes from their respective palettes and attach them to the stream before finally editing
them to run the procedure in a particular way. However, by automatically generating these
nodes, the Generate menu can save users a lot time and effort especially when carrying out
common tasks such as filtering data, re-coding categories or creating flag fields.
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The Select Node @

Select

We can illustrate how useful this function is by using the Generate menu to create a Select
node. Let’s assume that the user is only interested in club members who play squash in
London. To select only these people:

Use ctrl-click to select any two cells in the table that correspond to ‘London’ and ‘Squash’
From the Generate menu choose:
Select Node (“And”)

Figure 2.18 illustrates this process.

Table (6 fields, 19,827 records) #2 — O x
Soe sen Ogeneae (3]0 8125
Table‘ Select Node ("Records”™)
Select Node ("And™)

Member_| |club | Amount | Activity_Type |
1 105{ Select Node ("Or) 38:00 Edinburgh 7 Squash -
2 10 Derive Node ("Records”) 03:00 Edl_nburgh 7/Squash
B 10 [10:00 Edinburgh 7 Squash
4 107( Derive Node ("And") [10:00 Edinburgh 8/ Gym Pass
= 107 ) [16:00 Edinburgh 4 Gym Pass
6 101 Detive Node (0r) 2100 Edinburgh 7 Squash
7 10703 98388018 01/03/2012 09:23.00 Edinburgh 4 Gym Pass
8 10703 98388180 01/03/2012 09:24:.00 Edinburgh 8 Gym Pass
9 10117 98388666 01/03/2012 09:26:00 Edinburgh 7 Squash
10 10704 98389080 01/03/2012 09:28:00 Edinburgh 8 Gym Pass
1" 10705 98389302 01/03/2012 09:30:00 Edinburgh 4/ Gym Pass
12 1077 98389512 01/03/2012 09:32:00 Edinburgh 7 Squash
13 10575 98389638 01/03/2012 09:34:00 London 8 Gym Pass
14 10575 98389746 01/03/2012 09:35:00 London 8/Gym Pass
15 1091 98389704 01/03/2012 09:35:00 Edinburgh 7 Squash
16 10575 98390058 01/03/2012 09:36:00 London 8/ Gym Pass
17 1096 98390130 01/03/2012 09:37:00 Edinburgh 7 Squash
18 10212 98390088 01/03/2012 09:37:00 Edinburgh 7 Squash
19 10706 98390202 01/03/2012 09:38:00 Edinburgh 8/Gym Pass
20 10657 98390226 01/03/2012 09:38:00 Edinburgh 7 Squash E

Figure 2.18 Using the Generate menu to create a Select node that selects
only London members who play squash

A Select node is now automatically generated and placed on the stream canvas.

Connect the newly-generated Select node to the Health_Club_Transactions_Sample.txt source
node.

Connect a new Table Output node (you can copy and paste again) downstream of the Select
node
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Figure 2.19 shows the completed Select node stream branch.

) Stream1* - IBM® SPSS® Modeler

Eile  Edit Inset View Tools SuperNode Extensions Window  Help

NEBHEB R xBZ@ P \»{*|@:l

Preview from Cutomer_Age Node (... <]
Preview from Cutomer_Age Node (.
Data Audit of [13 fields] #1

Data Audit of [13 fields] #2

Data Audit of [12 fields]

Data Audit of [12 fields] #1

Preview from Customer_Contacts...
Table (12 fields, 850 records) #1
Preview from Employee_Fixed.dat ...
Preview from Employee_Fixed.dat ...
Preview from Employee_Fixed.dat ...
Preview from Employee_Fixed.dat ...
[FlReouia acakoonlouns

3000 IR

Customer_Contacts.xl..

He: alln_Clul_Transad.
=

B [=] (unsaved project)

+[-] Business Understanding
|= Data Understanding

|~ | Data Preparation

[=1] Modeling

+-[=] Evaluation

|=] Deployment

| tFavrtes ®Sources @RecordOps @FieldOps A Graphs @Modeing @ Database odsling M Ouput M EXpont OB SPSS SItSHCs ' [BMB SPSE Tex Anaitics
®@ 00 E2®® @ W ® @ @

Analytic Server Database Var. File Fixed File Statistics Fle Data Colecton |EM Cognos BI TMIImport SASFile Excel XML  Userinput Sim Gen Diffusion Anslysis Group Anslysis Data View Entity Analytics(EA) Geospatial
4] I

[0 server: Locai serer | () [14118 /21408

Figure 2.19 Generated Select node connected to the original source node
with Table Output node attached

Before we run the actual node, let’s take a look inside to see what the Generate menu has
done.

Right-click on the generated Select Node and choose ‘Edit’

Figure 2.20 shows the contents of the generated node.

O (generated) X

Mode: @ Include © Discard

1 Club = "London” and Activity Type = "Squash” @

Condition:

i

Figure 2.20 Contents of the Generated Select node
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The contents of the Select node show that we can switch between ‘Include’ and ‘Discard’
mode. By default, the generated node will include those transactions from customers whose
health club is in London and where the purchased activity type is squash. To run the node,
close the dialog by clicking:

OK
Select and run the associated Table Output node

Figure 2.21 shows that the node selects 2,348 transactions that meet the criteria.

Table (6 fields, 2,348 records) - O X
wrEle =t Ogenerte (2] o Al @)
Teble Amnotations
Member_ID | Transxn_ID | Transxn_Date |Club | Amount | Activity_Type |
1 10511 98444550 01/03/2012 19:43:.00 London 6 Squash ﬂ
2 10554 98444622 01/03/2012 19:45:00 London 6 Squash
3 10627 98472486 02/03/2012 11:32:.00 London 5 Squash
4 10627 98472498 02/03/2012 11:33.00 London 5 Squash
5 10169 98489880 02/03/2012 15:02.00 London 6 Squash
6 10513 98505144 02/03/2012 17:54:00 London 6 Squash
7 1063 98526654 03/03/2012 10:01:00 London 6 Squash
8 10359 98537988 03/03/2012 11:21:00 London 6 Squash
9 10540 98538030 03/03/2012 11:22:00 London 6 Squash
10 10126 98538360 03/03/2012 11:25:00 London 6 Squash
1" 10129 98543706 03/03/2012 12:00.00 London 6 Squash
12 10513 98593488 04/03/2012 11:01:.00 London 6 Squash
13 10526 98617824 04/03/2012 14:41:00 London 6 Squash
14 10526 98617860 04/03/2012 14:42:00 London 6 Squash
15 10169 98621724 04/03/2012 15:19:00 London 5 Squash
16 10169 98621700 04/03/2012 15:19:00 London 5 Squash
17 10516 98644824 05/03/2012 09:17:00 London 5 Squash
18 10640 98676774 05/03/2012 15:25.00 London 5 Squash
19 10131 98681580 05/03/2012 16:23.00 London 6 Squash
20 10513 98691216 05/03/2012 17:55.00 London 5 Squash E

Figure 2.21 Table Output node showing selected transaction records

We could also use the Generate menu to select records based on ‘Or’ statements (by clicking
“Select node ‘Or’”) or simply to select individual records that we have clicked on within the
Table output (“Select Node ‘Records’). This is a simple but powerful approach to selecting
data interactively and as we will see later, the Generate menu has many other uses that make
data manipulation tasks easier.
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The Database Node **

Database

In this final example of reading data sources, we will look at the Database source node.
Modeler supports many proprietary database formats including Microsoft SQL Server, Oracle,
DB2, Teradata, Greenplum, Amazon Redshift and SAP Hanna. Using the Database node, we
can open a pre-configured connection to a database. Normally the ability to define and open
this connection requires administrator rights. So often the link to the organisation’s data
warehouse is configured by the local IT staff. In this example, we will use a MS Access
database to illustrate how to use the Database node. Further information providing an
overview of how database connections (ODBC links) are created is shown as an appendix at
the end of this section. From the Data Source palette:

Find the Database node and place it on the existing stream canvas
Right-click on the Database source node and choose ‘Edit’

Figure 2.22 shows the Database source node added to the stream and the control dialog
open.

J Stream1* - IBM® SPSS® Modeler - ] X
File Edit Inset View Tools SuperNode Extensions Window Help
- e i O b D e~ o~ = 2 o ([ »
HS AR BZ@P 6 ¥R [RHOEC =T
q & Stream1
|
)
-. S @ @80
i TR
EXCELY » | [ &L (No current data source)
> i Database
Customer_Contacts . Table | Data| Filter | Types  Annotations
Mode: @ Table © SQL Query
Data source: -
N = —
» Table name: ‘ [Selea"} | =
Quote table and column names: ® As needed O Aways © Never =
Health_Clu§_Transact.. Table
Strip lead and trail spaces. @ None O Left © Right © Both
» — [
(generated) Table
(o) (e
=
1 [
L Favorites | ® Sources @ RecordOps | @ Field Ops | A\ Graphs @ @ Database B Output M Export OIBM® SPSS® Statistics ' IBM® SPSS® Text Analytics
. . D = = a b o @,
® @G @ @ © ©LWLWE®E® g » & @ @
Aralytic Server Database Var. Fie Fixed File Statistios Fée Data Colection |BM Cognos 81 TMi Import SASFie Excel XML  Userlnput SimGen Diffusion Analysis Group Analysis DataView Entity Analytics(EA) Geospatial
[EX] I¥]
| O senver: Local Server | aal 13518 /2148

Figure 2.22 The Database Source Node and associate control dialog

We can see from the two radio buttons at the top of the dialog that we can choose an existing
connection whilst in “Table’ mode or switch to ‘SQL Query’ mode and use a SQL instruction to
select and retrieve data. Sticking with the default setting here, figure 2.23 shows that clicking
on the Data Source drop-down menu allows us to ‘Add a new database connection’.
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o Database X

i (P e 2 s el=ln

(No current data source)

058 Fiter Tes Amnttons

Mode: @ Table © SQL Query

Data source:

(none)
Table name: | < Add new database connection... >

Quote table and column names: @ As needed © Always © Never
Strip lead and trail spaces: @ None O Lett © Right © Both

Figure 2.23 Adding a new Database connection in the Database source node

By choosing this option, a second sub-dialog is opened.

\J Database Connections X
Server: Local Server

Connection
Mode: @ Data source Driver

Data sources: | Data source | Description [
Excel Files Microsoft Excel Driver (*xds, * xisx, *xism, * xisb)
main SQL Server
MS Access Microsoft Access Driver (*. mdb, *.accdb)

Orderlines AP Example  Microsoft Access Driver (*.mdb, * accdb)
[Telco_Retention_Acces_|Microsoft Access Driver (*.mdb, * accdb)

(Robest)

Authentication
Mode: @ Username and password (© Stored credential

User name: | |

Password: | l
Connections: |Default  |Save | Data source |Preset ‘

Remove

Figure 2.24 Database Connections sub-dialog
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We can see from the screenshot, that the PC in the example already has some pre-configured
connections to databases. In this case, we will click on the database marked ‘Telco_Retention
_Access_DB’ and then click:

Connect
OK

Having established a connection to the database, we are returned to the main control dialog
for the Database source node. Here we can select an individual table to read from the
database (most databases are normally comprised of a number of related tables). To do so,
click the button marked:

Select

Another sub-dialog is opened. This time it shows the available tables for us to read although in
this database there is only one present. Figure 2.25 shows this.

\J Select Table/View X

Data source: |Telco_Retention_Access_DB g

' Show table owner

Tables/Niews |
| Customer History |

Show: [¥ UserTables [ Views

System Tables || Synonyms

Lok ) (cancal] [ teip |

Figure 2.25 Choosing a Database table to read
To return to the main dialog, click:
OK

Figure 2.26 shows the completed dialog.
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& Database >

@) Cipmasins) el=]0

Telco_Retention_Access_DB

Dats Fiter Types Annotations.

Mode: @ Table © SQL Query

Data source: | Teico_Retention_Access_DB ~ |
Table name: ‘.Customer_Histcry ‘ w
Quote table and column names: @ As needed © Always © Never
Strip lead and trail spaces: @® None O Left © Right © Both

Lok J[cancel ool || Reset]

Figure 2.26 Completed dialog for the Database source node

To finish the process, click:
OK

Attach a Table output node to the Database source node and run the stream branch to view the
data

Figure 2.27 shows the Access data displayed in a Table output node.

Table (21 fields, 7,043 records) - (]
\@ Ele |5 Edit ) Generate = ]

customerlD | gender | Pensioner | Partner | Dependents | Tenure | Landline | Multiline Broadba... |Internet_Protection | Backup Insurance Premum Support Super Sports Bm(_omce Movies |Auto_Renew |EE
1 0 Female 0.000 Yes No 1.000 No Not Applicable DSL No Yes No Month-to-month Yej<
2 1 Male 0.000 No No 34.000 Yes No DSL Yes No Ves No No Nn One year Ng™
3 2 Male 0.000 No No 2.000 Yes No DsL Yes Yes No No No No Month-to-month Ye|
4 3 Male 0.000 No No 45.000 No Not Applicable DSL Yes No Yes Yes No No One year Ng
5 4 Female 0.000 No No 2.000 Yes No Fiber optic No No No No No No Month-to-month Ye|
] 5 Female 0.000 No No 8.000 Yes Yes Fiber optic No No Yes No Yes Yes Month-to-month Ye|
7 6 Male 0.000 No Yes 22.000 Yes Yes Fiber optic No Yes No No Yes No Month-to-month Ye|
8 7 Female 0.000 No No 10.000 No Not Applicable DSL Yes No No No No No Month-to-month Ng
9 8 Female 0.000 Yes No 28.000 Yes Yes Fiber optic No No Yes Yes Yes Yes Month-to-month Ve
10 9 Male 0.000 No Yes 62.000 Yes No DSL Yes Yes No No No No One year Ng
1 10 Male 0.000 Yes Yes 13.000 Yes No DsL Yes No No No No No Month-to-month Ve
12 11 Male 0.000 No No 16.000 Yes No No No internet senvice Noint.. Nointern... No internet semvi.. No internet 5. No internet service  Two year Ng
13 12 Male 0.000 Yes No 58.000 Yes Yes Fiber optic No No Yes No Yes Yes One year Nq
14 13 Male 0.000 No No 49.000 Yes Yes Fiber optic No Yes Yes No Yes Yes Month-to-month Ye|
15 14 Male 0.000 No No 25.000 Yes No Fiber optic Yes No Yes Yes Yes Yes Month-to-month  Ye|
16 15 Female 0.000Yes  Yes 69.000 Yes Yes Fiber optic Yes Yes  Yes Yes Yes Yes Two year Ng
17 16 Female 0.000 No No 52.000 Yes No No No internet service Noint.. Nointern... No internet servi... No internet s_.. No internet service One year Ng
18 17 Male 0.000 No Yes 71.000 Yes Yes Fiber optic Yes No Yes No Yes Yes Two year Nd
19 18 Female 0.000 Yes Yes 10.000 Yes No DsL No No Yes Yes No No Month-to-month Nd
20 19 Female 0.000 No No 21.000 Yes No Fiber optic No Yes Yes No No Yes Month-to-month Ye|
21 20 Male 1.000 No No 1.000 No Not Applicable DSL No No Yes No No Yes Month-to-month  Ye|
22 21 Male 0.000Yes  No 12.000 Yes No No No internet service Noint.. No intern... No internet semvi... No interet s... No internet service One year Ng
23 22 Male 0.000 No No 1.000 Yes No No Nointernet service Noint.. Nointern... No internet servi.. No internet s... No internet senvice Month-to-month N
24 23 Female 0.000 Yes No 58.000 Yes Yes DsL No Yes No Yes No No Two year Ye|
25 24 Male 0.000 Yes Yes 49.000 Yes No DSL Yes Yes No Yes No No Month-to-month Ng
26 25 Female 0.000 No No 30.000 Yes No DsL Yes Yes No No No No Month-to-month Yel_|
27 ff ﬁ i E %ﬁa iiﬁ ﬁﬁ ﬁ ﬁﬁﬁ %ﬁi ﬁﬁi iviﬁiﬁ%ﬁ i i iﬁi i ﬁ E ﬁ iiﬁ Ye Month-t th l\,ﬁ:

Figure 2.27 Data from the Access database ‘Telco Retention _Access DB’

Save the final stream as ‘Data Sources Example.str’.
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Appendix: Defining an ODBC link to a database

The acronym ODBC stands for ‘Open Database Connectivity’. This refers to an open standard
interface for accessing different kinds of databases. In Windows environments, the ODBC
Manager is usually accessed from the Control Panel under the heading ‘Administrative Tools’.
The following section provides an overview of the process for defining an ODBC connection.

5 ODBC Data Source Administrator (64-bit) *

User DSN System DSN  File DSN Drivers Tracing Connection Pooling About

System Data Sources:

Name Platform  Driver Add...
Employee 32bit Microsoft Access Driver (".mdb)

main 64-bit SQL Server Remove
MS Access B4-bit Microsoft Access Driver (*.mdb, *.accdb)

Orderines AP Example 64-bit Microsoft Access Driver (".mdb, *.accdb) Configure.

An ODBC System data source stores information about how to connect to the indicated data provider.
A System data source is visible to all users of this computer, including NT services.

Cancel Apply Help

Figure Al — The main interface for the ODBC Administrator (64 bit)

Figure Al shows the ODBC Administrator with a few existing database connections already
defined within the System DSN tab (DSN simply stands for ‘Data Source Name’). To add a new
connection, the user clicks the ‘Add’ button. As figure A2 shows, a sub-dialog is generated,
and list of installed database drivers is shown. The IBM® SPSS® Data Access Pack includes a set
of drivers that users may download from the IBM site (if not already installed with the
Modeler software).

In this example, we are attempting to connect to an Access file, so the Microsoft Access Driver
(*.mdb *.accdb) is chosen.
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Create New Data Source X

Select a driver for which you want to set up a data source.

S Name \A
|BM DB2 ODBC DRIVER 1
IBM DB2 ODBC DRIVER - SPSSEA 1
Microsoft Access dBASE Driver (*.dbf, * ndx, “mdx) 1
Microsoft Access Dnver (*mdb, *.accdb) 1
Microsoft Access Text Driver ("td, “.csv) 1
Microsoft Excel Driver (" s, * xlsx, * xism, " xlsb) 1
PostgreSQL ANSI(x64) < %
2 . SAY Ly - LI L 0 )r

cBack [ Fnsh | | Cancel

Figure A2 - Database Access drivers for ODBC connections

Clicking ‘Finish’ takes us to the Setup dialog for Microsoft Access files. Here we can browse to
the location of the file in question.

ODBC Microsoft Access Setup ? >
Data Source Name: | | 0K
Description: | |
-
Database: | Hep
| Create | Repair ‘ Compact | pee— |
System Database
(®) None
(O Database:
System Database... -
Options>>

Figure A3 - Setup dialog for Microsoft Access files

Figure A4 shows the Select Database dialog that achieves this.
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Select Database

ped

OK

!.ist Files of Type:
Access Databases ("m v

Database Name Directories:
*mdb;".accdb c:\...\section2
Telco_Retention accdk = e

[= SV Training
[= Modeler Intro

imar oectiond

Drives:

B c: Windows 10

b

Figure A4 - Select Database dialog

Having selected the database, we can provide a name and description for the DSN.

ODBC Microsoft Access Setup

Data Source Name: |Telco_Retention_Access_DB|

0K

Description: Example for reading a database in Modeler

Database

Database: C:\..\Section2\Telco_Retention.accdb

System Database
(®) None
(O Database:
System Database...

Options>>

Figure A5 - Providing a name and description for the DSN

Finally, as figure A6 shows, we are returned to the main ODBC Administrator dialog and the

connection is defined.
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E ODBC Data Source Administrator (64-bit) >

User DSN System DSN  File DSN Drivers Tracing Connection Pooling  About
System Data Sources:

Name Platform  Driver Add...
Employee 32bt  Microsoft Access Driver (*mdb) Z

main B4bit  SQL Server Remove
MS Access 64-bit Microsoft Access Driver (*mdb, “.accdb|

Ordedines AP Example 64-bit Microsoft Access Driver (*.mdb, *.accdb Configure...

Telco_Retertion_Access_DB L8 Microsoft Access Driver (".mdb, ".accdb

An ODBC System data source stores information about how to connect to the indicated data provider.
DJ A System data source is visible to all users of this computer, including NT services.

I OK I Cancel Apply Help

Figure A6 — The main ODBC Administrator dialog with the new connection
displayed

Now, when the Database Source node is edited within the Modeler tool, the link to the
Microsoft Access file ‘Telco_Retention_Access_DB’ will be displayed and we will be able to
connect to it.
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Section 3;

Data Understanding %5 @ &
Filter Type Data Audit

e The Filter Node

e The Type Node

e Levels of Measurement
e The Check Column

e The Values Column

e Missing Values

e The Variable Role

e The Data Audit Node

In classical statistics, it is regarded as good practice to thoroughly explore the data before any
deeper analysis is performed. In predictive analytics however, it is essential. This is because
not only must the analyst gain an understanding as to what the data fields actually record, as
well as the general variability within the data, they very often need to deal with issues of data
quality. Errors and inaccuracies in data can occur due to any number reasons: occasional
typos when entering values; missing values due to a reliance on voluntary information;
fraudulent responses; insufficient staff training leading to misunderstandings and general
inconsistencies. For these reasons, the Data Understanding stage of the CRISP-DM process is a
crucial step as it is often the first opportunity the analyst has to assess how feasible the
project’s aims are having seen the data. Modeler offers us many methods to address these
kinds of issues, and in this section, we will look at three key nodes to help us to achieve that.

The Filter Node ‘%

Fiter
As we saw in the previous section, the filter tab can be accessed within Modeler’s data source
nodes. However, the ability to edit field names and to include or exclude them from
downstream procedures also appears as a node in its own right. To demonstrate this, from
the Section 3 folder:

Open the Modeler stream file ‘Data Understanding.str’

Right-click and edit the Filter node

Figure 3.1 shows the resultant control dialog.
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& Filter

Fields: 12in, O filtered, 0 renamed, 12 out

First_name
Last_name
Address1
City
Postcode
Phone

Email

Gender
Date_of_birth
Cutomer_Age
Income_Thousands

Filter

Field
D
First_name
Last_name
Address1
City
Postcode
Phone
Email
Gender
Date_of_birth
Cutomer_Age
Income_Thousands

¢ O View unused field settings

Figure 3.1 The Filter node

Data Understanding

The filter node is especially useful when dealing with files that have a great number of
irrelevant fields. Using the node, we can instantly exclude them all and choose a smaller
selection of fields that we wish to include. Moreover, analysts are often confronted with field
names that are unwieldy or which don’t actually reflect the what the data records. The filter
node also makes it easy for us to edit the field names. In our example, we can edit the filter
node to exclude the following fields:

Address1

Postcode

Phone

We can also correct the misspelled field name from:

‘Cutomer_Age’ to ‘Customer_Age’

Figure 3.2 shows the edited Filter node.
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J Filter

ef=10)

Fields: 12 in, 3 filtered, 1 renamed, 9 out

First_name
Last_name
Addressi

City

Postcode
Phone

Email

Gender
Date_of_birth
Cutomer_Age
Income_Thousands

Filter
e
—
—
%>
—
%>
X
—

—
 —
 —
—

Field
ID
First_name
Last_name
Address1
City
Postcode
Phone
Email
Gender
Date_of_birth
Customer_Age
Income_Thousands

Lok J[cancel

@ view currentfields  © View unused field settings

_sopl || Reset]

Figure 3.2 The Filter node - excluding fields and editing a field name

To check the effect of the edited node, click the button marked:

Preview

Figure 3.3 shows the results of the preview displaying the first ten records in the file.

Preview from Filter Node (9 fields, 10 records) - O

13 File [F

5 Edit  {) Generate

1o sson

ID |First_name |Last_name | City [Email | Gender | Date_of_birth | Customer_Age |
1 0440 Rose Collins ABWQ City rose_collins@www.upoazpubrnet F 14/031963 52.000
2 0121 Melissa Coleman ABWQ City melissa_coleman@www.aviykexl.org F 03/0111987 28.000
B 0469 Gerald Young ABWQ City M 03/04/1929 86.000
4 0669 Brandon  King ABWQ City brandon_king@www.ceq@oocw.com M 19/06/1993 22.000
5 0608 Sara Peterson  ABWQ City sara_peterson@www.zugqyzsbv.com F 26/111960 55.000
6 0513 Ryan Edwards  ABWQ City ryan_edwards@www.bloazpbgm.org M 16/10/1989 26.000
7 0697 Anne Robinson  ABWQ City a.robinson@www.gfuxgrsw.org F 13/06M1979 36.000
8 0499 Douglas  Russell ABWQ City ] 12/12/1946 69.000
9 0105 Marilyn Martinez ~ ABWQ City m.martinez@www.ajyhkpuj.net F 26/111952 63.000
10 0168 Joan Bryant ABWQ City joan_bryant@www.kmyhkbhe.net F 22/011986 29.000

oK

Figure 3.3 File preview from edited Filter node
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Before we exit the Filter node, it is worth drawing attention to the Filter Options button in the
top left of the dialog. Click:

Figure 3.4 shows the Filter Options drop-down menu.

Remove All Fields

Include All Fields

Toggle All Fields

Remove Duplicates

Rename Duplicates

Rename For IBM SPSS Statistics..
Truncate Field Names...
Anonymize Field Names...

Use Input Field Names

Edit Multi Response Sets ...

Filter Default 4

Figure 3.4 The Filter Options menu

The Filter Options menu reveals a range of additional functions such as the ability to truncate
field names or anonymize them. Of particular use is the option to ‘Rename For IBM SPSS
Statistics’. Even if you don’t have access to the SPSS Statistics software, this procedure for
example, can provide a very quick way to replace all of the spaces in a set of field names with
underscores. To continue working with the nodes in the stream click:

OK
The Type Node ::

The Type node is arguably the single most important node within the Modeler application.
Given that Modeler doesn’t need to import disparate file formats into its own internal
database or even convert them to it’s own native format, it nevertheless manages to
reconcile and consolidate a myriad of different data storage formats via the Type node. But as
we shall see, the Type node is extremely functionally rich. With the Type node we can control
the roles that fields play in the analytical process, the range of acceptable values, the
definition of missing data and the treatment of invalid values. Figure 3.5 shows the contents
of the example stream’s Type node upon editing it.

© Smart-Vision Europe Limited 2018 Data Understanding



Data Understanding

O Type X
> a0

Types Format Annotations

P ReadValues | ClearValues | Clear All Values |

Field Measurement Values Missing Check Role
[a] ID @l Categorical =Read= None “ Input
|A] First_name @M Categorical <Read> None “ Input
|A] Last_name @l Categorical <Read=> None “ Input
[a] City @M Categorical <Read> None “ Input
[A] Email &M Categorical <Read> None “ Input
[A] Gender @M Categorical <Read> None “ Input
Em® Date_of_birth & Continuous <Read= None “ Input
{3 Customer_Age & Continuous <Read=> None “ Input
3 Income_Thousands ¢ Continuous <Read= None M Input

@ View currentfields © View unused field settings

0K | cancal

Figure 3.5 Partially instantiated Type node

When learning about the Type node, the first key concept we need to grasp is that of
instantiation. Instantiation is when the data are examined to determine additional
information about the file contents (i.e. to obtain meta-data) such as how the columns are
stored, what types of field are available and what range of values lie within them. When
Modeler encounters data where the storage type values are unknown, the data in question
are regarded as uninstantiated. Uninstantiated data are set to ‘Default’ within the
Measurement column of the type node and appear like this:

&% <Default>

When Modeler has some information about the data fields, such as whether they are string
or numeric in nature, the data are regarded as Partially Instantiated. In our example, the Var.
File source node has already determined whether the data are numeric or string by virtue of
the fact that, by default, it scans the first 50 rows of data. For this reason, when the Type node

is attached, the data are already partially instantiated. Partial instantiation means that
numeric fields are set to ‘Continuous’ within the Measurement column and appear as:

& Continuous

On the other hand, partial instantiation means that string fields are set to ‘Categorical’ in the
Measurement column and appear as:

&l Categorical
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Data Understanding

storage type, the range of values and its ‘level of measurement’ (in which case the labels
nominal, ordinal, flag, or continuous are displayed in the measurement column). However,
the ‘continuous’ measurement (referring to integers and real numbers) is used for both
partially instantiated and fully instantiated data fields. For categorical data, full instantiation
can mean that the fields appear in the Measurement column as one of the following:

@b Nominal
48 Ordinal

@ Flag

Typeless

Full instantiation is a requirement for certain downstream procedures such as exporting a file
in a proprietary format or a procedure that needs to read the categories within a field. To fully
instantiate a Type node, the user only needs to click the following button:

I P Read Values I

In our example stream, the effect of clicking ‘Read Values’ within the Type node is shown in

figure 3.6.
0 Type X
/25" (> preview I8 =]
\\.‘_../

| 5 - O=0 Clear All Values

Field Measurement Values Missing Check Role
[A] ID Typeless None © None
[A] First_name @) Nominal Aaron,Ada... None N Input
[A] Last_name @b Nominal Adams Ale... None N Input
[A] City @> Nominal "ABWQ Cit... None ™ Input
[A] Email Typeless None © None
[A] Gender @b Nominal =" FM None “ Input
E Date_of birth & Continuous [1924-01-0... None N Input
{#» Customer_Age & Continuous [-1.0,91.0] None N Input
3 Income_Thousands ¢ Continuous [13.0,446.0) None “ Input
@ View currentfields © View unused field settings
oK | apply | (_Reset

Figure 3.6 The fully Instantiated Type node
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Levels of Measurement

We can instantly see the effect of clicking ‘Read Values’ as within the Type node many of the
symbols and labels have changed. Also, we can see the range of data values for some fields in
the Values column. We will take a closer look at these values a little later in this section, but
for now, let’s look at the different measurement levels that have been assigned.

Typeless Typeless

Before the data were fully instantiated, the fields ‘ID’ and ‘Email’ were regarded as Categorical
in the same way the other string fields in the dataset were. Now, Modeler has decided to set
them as Typeless. What is going on? Fields are regarded as typeless when they are deemed to
be unlikely to be of analytical value. After all, we are not likely to use a field like ‘Email’ or
‘Firstname’ in an actual predictive model. By default, the application simply decides to set a
column as typeless when it is a) categorical and it b) contains more than 250 unique
categories (this default can be overridden). Typeless fields are not used in analytical
procedures downstream.

What about the other measurement levels for the fully instantiated fields? Up until now we
have spent time considering how data are stored, but the idea with levels of measurement is
that we classify data in terms of their analytical properties. At this point we may refer to the
data fields using a term that analysts and statisticians often employ: variables.

Nominal &5 Nominal

In many ways, nominal data are characterised by their simplicity. They are comprised of
values that signify different discrete categories and not much more than that. As such, the
categories can be in any order and represented by coded values (such as numbers, letters or
both) or by actual string descriptions of the categories. The order of the values is not
important because there is no natural ranking between the categories anyway. Analysts tend
to summarise nominal variables such as region, ethnicity or product type with tables of
frequencies and percentages or graphically using pie or bar charts (generated by the
Distribution node in Modeler).

Ordinal J#l Ordinal

Ordinal variables are those comprised of discrete categories with a specific order or ranking.
Here the order of the categories is important. In assessing student performance, teachers and
lecturers commonly assign letters of the alphabet to represent each person’s grade. We all
know that an ‘A’ grade represents a better performance than a ‘C’ grade. The categories are
discrete, but the order is very important. The most common examples of ordinal variables are
rating scales such as level of satisfaction or agreement, but ordinal variables could also include
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level of service (‘First Class’, ‘Club Class’ or ‘Economy’) or months of the year. The values in
ordinal variables are not true numbers because they lack the property of equal distance
between the categories. One cannot for example, say that there is the same amount of
quantifiable difference between being ‘Somewhat Satisfied’ and ‘Satisfied’ as there is
between ‘Satisfied’ and ‘Very Satisfied’. There is some debate among analysts as to whether
the numeric values representing different ratings or rankings can ever be regarded as true
numbers (rather than numerals). Defining a variable as Ordinal as opposed to Nominal makes
little difference in Modeler, although there are certain procedures that will take account of a
variable’s category order if it is defined as Ordinal.

Flag & Flag

Flag fields are used when the variable has only two distinct values. The values could be strings
such as ‘Yes’ and ‘No’ or ‘True’ and ‘False’ or indeed they could be numeric values. In which
case flag fields can be comprised of any data storage type (string, integer, real or datetime).

Continuous & Continuous

As we’ve already seen, the continuous type can be used for both partially instantiated and
fully instantiated fields. In terms of storage, continuous data can be either comprised of
integers or real numbers. Analysts tend to use continuous data when calculating and
comparing summary statistics like means or standard deviations. In terms of graphical
representations, continuous distributions are often described by histograms and relationships
between continuous data with scatterplots (generated by the Plot node in Modeler).

Figure 3.7 shows the main properties of the Nominal, Ordinal and Continuous data.

Nominal V1 Ethnicity
Ordinal V1 M Satisfaction
Continuous V1 M M Spend

Figure 3.7 Comparing the properties of Nominal, Ordinal and Continuous
data
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The Check Column

The Check column within the Type node contains a series of functions that examine the data
fields looking for values that are deemed invalid or which fall outside an acceptable range. The
functions themselves reflect the various actions that the user can take when Modeler
encounters an invalid value. The Check options represent one of the many areas where
Modeler can quickly clean up a dataset early on in the CRISP-DM process.

Figure 3.8 shows the different options under the Check column.

D Type X

= olalm

-A®

Types | Forma‘  Annotations

E [ P Read Values I Clear Values I Clear All Values W

Field Measurement Values Missing Check Role

[A] ID Typeless None © None
[A] First_name @) Nominal Aaron Ada.. None “ Input
[A] Last_name g5 Nominal Adams Ale... None “ Input
[a] City @5 Nominal "ABWQ Cit... None “ Input
|A] Email Typeless None © None
|A] Gender @b Nominal =""FM None N Input
f Date_of_birth ¢ Continuous [1924-01-... None “ Input
&> Customer_A_. & Continuous [-1.0,91.0] None “ Input
<#3 Income_Tho... ¢ Continuous [13.0,446.0] None | ™ Input

None

Nullify

Coerce

Discard
® view currentfields  © View unused field settings Warn

Abort

Lok J|cancel ool

Figure 3.8 Optional settings within the Check column

None: This is the default setting where no values are checked.
Nullify: Any invalid values are changed to the system null (SnullS).
Coerce: Invalid values will be converted using the following rules:

o Forflags, any value other than the true or false value is converted to the false value.

e For sets (nominal or ordinal), any unknown value is converted to the first member of
the set's values.

e For continuous data, invalid values that are greater than the highest value of an
acceptable range are replaced by the upper limit within that range.
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¢ For continuous data, invalid values that are lower than the lowest value of an
acceptable range are replaced by the lower limit within that range.
e Nullvaluesin a range are given the midpoint value for that range.

Discard: When invalid values are found, the entire record is discarded.

Warn: A warning report displaying the rule violation is shown in the stream properties dialog
box.

Abort: Upon encountering an invalid value, the procedure terminates the stream execution
and the error is reported in the stream properties dialog box.

By default, the Check column will treat existing ‘Null’ values within continuous variables as
invalid and will act accordingly. To illustrate this:

For the Income_Thousands’ field, set the Check column to the ‘Warn’ option and run the
stream

You may notice that a small warning symbol appears on the task bar along the bottom of the
main application window. Clicking the warning symbol...

A

...reveals that Modeler encountered several null values (SnullS) within the field. Figure 3.9
shows this.
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a Data Understanding >

@ Show: @ General messages © Execution times

Message |
N Value out of range: field “Income_Thousands®, value = $null§ —
5 Value out of range: field "Income_Thousands”, value = $null$
N Value out of range: field “Income_Thousands”, value = $null§
\ Value out of range: field “Income_Thousands”, value = $null$
N Value out of range: field “Income_Thousands”, value = $null$
N Value out of range: field “Income_Thousands”, value = $null§
5 Value out of range: field "Income_Thousands”, value = $null$
N Value out of range: field “Income_Thousands”, value = $null§
\ Value out of range: field Income_Thousands”, value = $null$
N Value out of range: field “Income_Thousands”, value = $null$
N Value out of range: field “Income_Thousands”, value = $null§
5 Value out of range: field "Income_Thousands”, value = 5null$
N Value out of range: field “Income_Thousands”, value = $null§ o

e [ [ [ Fe e Fe [ e o o [,

[2017-09-05 16:52:12] Value out of range: field "Income_Thousands”, value = $null$

= e ————————————————— [*]

ok [ cancel _toply | Reset

Figure 3.9 Check column generates warnings about invalid Null values in
the variable ‘Income Thousands’

To see the effect of changing the action in the Check column:

Edit the type node and for the Income_Thousands’ field, set the Check column to the ‘Discard’
option and run the stream

On running the stream, the table node shows that of the original 850 records 837 have been
passed downstream. So changing the Check option to discard records with invalid values in

this variable has resulted in 13 records being dropped.

Figure 3.10 shows the table node after we changed the Check action to ‘Discard’.

© Smart-Vision Europe Limited 2018 Data Understanding



Data Understanding

\& File 5 Edit ) Generate 2]

Table (9 fields, 837 records) #2

ID__ |First_name |Last_name | City

| Email

| Gender | Date_of_birth | Customer_Age |

Rose
Melissa
Gerald
Brandon
Sara
Ryan
Anne
Douglas
Marilyn
Joan
Beverly
Martin
Betty
Andrea
Angela
Virginia
Anna
Phillip
Kathy
Gregory

_l | File options E
1 0440
2 0121
3 0469
4 0669
5 0608
6 0513
7 0697
8 0499
9 0105
10 0168
1 0659
12 0558
13 0782
14 0129
15 0304
16 0433
17 0055
18 0275
19 0124
20 0474

Collins ABWQ City rose_collins@www.upoazpubr.net F

Coleman  ABWQ City melissa_coleman@www.aviykexl.org

Young ABWQ City

King ABWQ City brandon_king@www.ceqgxxocw.com
Peterson  ABWQ City sara_peterson@www.zuqyzsbv.com
Edwards  ABWQ City ryan_edwards@www.bloazpbgm.org
Robinson ABWQ City a.robinson@www.qfuxqrsw.org

Russell ABWQ City

Martinez ~ ABWQ City m.martinez@www.ajyhkpuj.net
Bryant ABWQ City joan_bryant@www.kmyhkbhe.net

Brooks ABWQ City

Butler ABWQ City martin_butier@www.ndsiacmo.net
Wiliams  ABWQ City b.williams@www.hjsiaige.net
Murphy ABWQ City a.murphy@www.yyoazpudg.net

Hernandez ABWQ City

Martinez  ABWQ City virginia_martinez@www.xwaqyzilh.org
Lewis ABWQ City a.lewis@www.ijoazpkmc.com

White ABWQ City p.white@www.eeyhkekv.net
Patterson  ABWQ City

Anderson  ABWQ City g.anderson@www.ewuxgtsb.net

F
M
M
F
M
E
M
F
E
E
M
E
E
F
E
E
M
F
M

14/03/1963
03/01/1987
03/04/1929
19/06/1993
26/11/1960
16/10/1989
13/06/1979
12/12/1946
26/111952
22/01/1986
26/12/1925
22/06/1964
12/05/1972
03/09/1983
04/04/1944
09/11/1990
18/08/1934
18/10/1968
2711211931
03/06/1995

N
o
o
=}
=)
1]

Figure 3.10 Table node showing 837 records after the Check option was

changed to ‘Discard’ for the variable ‘Income Thousands’

The Values Column

But what if the user wants to specify a valid range of values for checking? To do this, we need
to edit the contents of the ‘Values’ column. Figure 3.11 shows the drop-down menu that
appears when we edit the values for the variable ‘Customer_Age’.

a] D

|A] First_name
|a] Last_name
[a] city

[A] Email

Field

Gender
Date_of_birth
Customer_Age

& Income_Thousands

Measurement

Typeless
@b Nominal
@b Nominal
@5 Nominal
Typeless
&b Nominal
& Continuous
49 Continuous
& Continuous

Values | Missing |

Aaron,Ada...
Adams Al
"ABWQ Cit...

=""FM
[1924-01-...

=Curre... ¥

<Read=
=Read +>
<Pass>
=Current=

@ View currentfields  © View unused field settin

Lok J|cancel

Specify...
o5

Check Role
None © None
None Y Input
None Y Input
None N Input
None © None
None Y Input
None N Input
None N Input
None N Input

ooty || Reset]

Figure 3.11 The drop-down menu options within the Values column
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Before we even get to the specifying a valid range of values, the drop-down menu shows that
we have control over instantiation at the level of individual fields. This is because if we alter
the nature or values of a field (via a Modeler node such as Derive for instance), the current
storage type or range of values for that field may no longer be valid, so we may need to
instantiate the individual field again to take account of the changes. Using the Clear

Values button, you can clear any changes to the range of values made in this node (non-
inherited values) and reread the values from upstream operations. This option is useful for
resetting changes that you may have made for specific fields upstream.

The field values options are as follows:

This is the standard option. The data is read when the node is executed

<Read> o ) i
and the existing range of values is determined.

<Read+> This scans the data and looks for any new values added to the data. It then
appends the values and updates the node.

<Pass> The data is not scanned.

<Current> |Retains the current range of data values.

This opens a separate dialog box, so the user can specify the values,

Specify... L . ,
missing values and the variable’s measurement level.

Figure 3.12 The various options for determining field values within the
‘Values’ column of the Type node

You will also notice that near the top of the dialog you have two options controlling the
clearing of the existing instantiation within the type node. Remember that you may have
more than one Type node in a stream. The Type tab within the source node may already have
read the values and instantiated the data. If this was so, and we placed a Type node
downstream of it, we would notice that the second node had ‘inherited’ earlier Type tab’s
values and that furthermore, the values themselves were greyed out (inactive). If we edit
these values in any way, we would immediately activate the controls for the individual edited
fields. In other words, Modeler doesn’t have to instantiate the entire dataset again (which
could be a time-consuming process with a large file). If at the same time, we only wanted to
clear the values of the newly edited fields, we could do this by clicking the ‘Clear Values’
button as this will only affect the edited values in the local Type node. On the other hand,
clicking ‘Clear All Values’ will affect all the fields in the type node (including those with
‘inherited’ values). To manually edit the values within a given field.

Click the cell within the Values column for the variable ‘Customer_Age”.
From the drop-down menu click:

Specify...
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Figure 13.13 shows the resultant ‘Values’ dialog.

O Customer_Age Values x
Measurement: ,f’ Continuous ¥ | Storage: <& Real

Values: © Read from data © Pass
@ Specify values and labels!

Lower. [-1.0 |

Upper: [91.0 |

| Extend values from data

Checkvalues: |None =
[ Define blanks

Missing values ]

to:

Description: I

(o] (Gance) (n)

Figure 3.13 The Values dialog for the variable ‘Customer Age’

There are two important aspects of this dialog. Firstly, we can edit the Lower and Upper
Boundary Limits of the range of acceptable values (in this case Modeler can see values for
customer age running from -1 to 91). The second aspect is that we can specify missing values.
Modeler refers to missing values as ‘Blanks’, though in fact these could take the form of null
values, empty strings or a value (or range of values) that the user specifies.

Figure 3.14 shows this dialog edited so that the valid range of values runs from 0 to 91 (note
also that we can set the Check values option here as well). The table output shows that when
the ‘Discard’ option is switched on, we end up with 849 records. In other words, only one
record with a value of -1 has been discarded.
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O Customer_Age Values x
Measurement | Cominuous = | Storage: & Real Pl I natsle (9 fiekas, 849 reconds) #1 - o X
values O Reaghem cata OPass Spe sem Ogeens (SRR
& Specty values and Ladels fratiell I ‘l
e
Lomc:_fo ' | o lrustoameLastoamelot (EmatGenaer|Dole_of s Gustomer age|
Usper loto ] 10440 Rose Colins ABWOQ Cty 10se_colins@www upoxcputrnet  F 14031963 £2000 a
L 0121 Mehssa Coleman  ABWQ Cty messsa_coleman@www aiycen oep F 03011987 28 000
0459 Gerald Young ABWQ Cy [ 0304/1929 4 000
0643 Brandon  King ABWQ Cty trandon_inp@www ceqguncw com M 19041992 22000
W 0608 Sara Peterson  ABWO Cfy sara_peterson@www.iuqrsivcom F 2601171960 %4 000
0513 Ryan Edwards  ABWO Cfy rran_eowards@www bloazpdgmorg M 161001989 26,000
Rodinson  ABWOQ Cfy arcainson@www quagrsw org F 13061979 34.000
Russell  ABWO Cty ] 121211948 3,000
Mamine: ABWQ Coty m maninex@www ayhipug net F 201111952 63000
Brant ABWO Cfy joan_bryani@www kmyhishenet  F 22011986 29000
Brooks ABWQ Oty F 2001211925 90 000
Buter ABWQ Cty mantn_buter@www nasiacmonet M 22061964 £1.000
Wilkams  ABWO C#y b wiliams@www hysiaiqe net F 120511972 42000
Murpby ABWO Coy 2 murpdy@www yroaspuag net F 03091983 32000
Hemance: ABWO Cy F 04041944 71,000
Matinez  ABWO Cfy wrginia_manne:@www ewgaihorg F 091171990 25000
Lewts ABWO Cly 2 lewis@www joazplomc com F 18081934 #1000
Whate ABWO CRy p white@www eayhicey nat N 18101968 47.000
Palerson  ABWG Oty F 271211931 24000
Powed ABWO Cy oari_poweli@www gdqyzdwr net U] 15041077 33 000 %]

Figure 3.14 One record discarded with the valid range defined as 0 to 91

Figure 3.15 shows the dialog edited again but now the valid range of values runs from 18 to
91. The table output now indicates that 3 records have been discarded (847 have been
passed to the output).

© Customer Age Values X 1 Tabie (9 fields, 847 records) #1 - o x
Measurement & Continuous > | Storsge @ Real o 1 Soe LEm 06 TS laalasl
Values: O Read trom data O Pass e 5
o s =
Lower 18 = [ID__|First_name Last name (City _|Email ___|Gender |Date_of_birtn | Customer_Age |
L . 1 0440 Rose Colling ABWQ City rose_colins@www.upoazpudrnet F 140/1963 52.000 =]
Unper; 1910 2 0121 Melissa  Coleman  ABWQ City melissa_coleman@www avykexl org F 030111987 28.000 /™
3 0469 Gerald Young ABWQ City U 03/04/1929 86.000
0669 Brandon  King ABWQ City brandon_king@www.ceqguocw.com M 19/06/1993 22,000
E 0608 Sara Peterson  ABWQ City sara_peterson@www.zugyzstv.com F 26/111960 55.000
0513 Ryan Edwards  ABWQ City ryan_edwards@www bloazpdgmorg M 16/10/1989 26.000
0697 Anne Robinson  ABWQ City a robinson@www.gluxgrsw.org F 100601979 36.000
Extond values from cata 0499 Douglas  Russell ABWQ City M 1211211945 69.000
(—— 0105 Maniyn Martnez  ABWOQ City m marinez@www ajyhkpuj net F 261111952 63.000
Cackvames: | [Dincarciy 0 0168 Joan Brant  ABWQCHy joan_brani@www kmyhkohenet  F 221011986 29.000
[Oefine blanks| 1 0659 Beverly  Brooks  ABWQClty F 26121925 90.000
3 / 12 0558 Martin Butier ABWQ City marin_dbutier@www nasiacmonet M 220611984 51.000
Missing values | 13 0782 Betty Wiliams  ABWQ City b williams@www.hjsiaiqe net F 12005/1972 43.000
1 0129 Andrea Murphy ABWQ City a murphy@www yyoazpudg net F 0309/1983 32,000
1 0304 Angela Hemandez ABWQ City F 0404/1944 71.000
1 0433 Virpinia Martnez ABWQ City wirginia_martnez@www xwayzith.org F 0911/1990 25.000
1 0055 Anna Lewts ABWQ City alewis@www.ijoazpkme com F 18/08/1934 81.000
18 0275 Phillip White ABWQ City p white@www eeyhkei net " 1811011968 47.000
19 0124 Kathy Patterson  ABWQ City F 2121931 84,000
20 0158 Ean Powell ABWO City ear_poweB@www.qdgyzawr net M 15041977 38.000 E

Figure 3.15 Three records discarded with the valid range defined as 18 to
91

Missing Values

Now let’s investigate the effect of defining one of these values as ‘missing’. Figure 3.16 shows
what happens when we edit the dialog and check the box marked ‘Define blanks’.

By default, when we switch on ‘missing values’, Modeler looks for two kinds of missing values:
e System null (Snull$) values in numeric continuous fields

e Empty string values and white space (strings with no visible characters)
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However, Modeler also offers us the opportunity to define our own blank values (effectively
user-missing values) either as discrete values, a range of values or a combination of both. In
this case we have:

Checked the box marked ‘Define Blanks’

Entered the value “1- as a Missing Value

Bear in mind that the valid value range still runs from 18 to 91. Perhaps in this example, the
user has decided that the value -1 has been deliberately entered to indicate that the
customer’s age is unknown whereas the other values below 18 are just mistakes and should
be treated differently. Missing data in Modeler is handled in different ways by different
techniques so defining values as missing or blanks is a way of flagging this early in the analysis
process.

D Customer_Age Values
Table (9 felds, 848 records) #1 1
Weasuremert & Comnuous > | Skesge’ G Real B elds [ X
: e <pm Ogewne (SIS @Jx
Vates Read fom data Pass b E 0% 7]
@ Spect, values and labe's Tadée
Lower "o — f— - — oy
1D |First_name |L Email Gender Date_of_birth | Customer_Age
Ugper [910 1 0440 Rose Co cons @www upoazpubrnat  F 031963
2 0121 Melissa S5A_CoMmMan@www avykad org 011987
3 0469 Gersa
4 0663 Erandon
Lades._ | 5
L]
7
Extend vaiues bom dats 3
Checkvalues:  Discard = )
10 bryant@www K
¥ Define tlanks 11 0659 Bevecty Y F
1 0558 Mam Y mann_sulen@www ndsiacmonet M
Missig values 2 0558 Mamn a80_SutlerGwww
12 0782 Betty fy D wiliams@www hjsinge net F
14 0129 Andrea ¥ A mUrphy@www yyoazpudg net F
15 F
x 1% 0433 Virgink 3 vginia_mantine2@www owariih org F
-— 17 & alewss@www oazpiome com F
Range © 1] Y P whre@www eaynkery net [
ot ey c 1 - f
W N W White space 20 0158 Eart Powell ASWQ Cy eari_powed@www 3dqzaws net u
Descrgton : .
(Lo ) conce)  tsos (o8

Figure 3.16 Two records discarded with the valid range defined as 18 to
91 and with -1 defined as a missing value

Figure 3.16 shows an interesting result. The case with the now (user-defined) blank value of -1
has not been discarded (it has the value 0768 in the ‘ID’ column). This is because defined
blanks (or user-missing values) take precedence over the actions in the Check column. User-
missing values are valid values that are dealt with appropriately within the context of the
analytical technique. Moreover, we can switch on the default missing values for any column
simply by checking the corresponding cell for the variable under the ‘Missing’ column of the
Type node. Figure 3.17 shows the Type node with the missing values for the field
‘Customer_Age’ switched on. You may notice that this is indicated by the presence of an
asterisk in the column.
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| Field | Measurement
1) w wau | ypEiEsD

|A] First_name @b Nominal

|A] Last_name @b Nominal

[a] City @b Nominal

|A] Email Typeless

|A] Gender @b Nominal

f#] Date_of_birth & Continuous
$# Customer_Age & Continuous
$# Income_Thousa... ¢ Continuous

 Values

Aaron Ada...
Adams Al...
"ABWQ Ci...

=== FM
[1924-01-...
[18.0,91.0]
[13.0,446.0]

Missing ~ Check = Role
U O 1uUlie =

None N Input

None N Input

None N Input

None © None

None N Input

None N Input

* Discard N Input
None “ Input |+

oK J[cancel

® View currentfields @ View unused field settings

_topl )| Reset]

Figure 3.17 Type node with Missing Values defined for the variable

‘Customer Age’

Before continuing further:

Change the discard option under the Check menu for ‘Customer_Age’ to ‘Nullify’

X

CYE (=]

Field — Measurement values | Missing Check Role
|a] 1D =u Typeless None © None
|A] First_name @5 Nominal Aaron Adam Ala... None N Input
|A] Last_name @5 Nominal Adams Alexand... None N Input
1a] City &> Nominal “ABWQ City","AN... None N Input
[A] Email =9 Typeless None © None

Gender @b Nominal =" FM None N Input
Date_of_birth & Continuous [1924-01-08,201... None ™ Input
Customer_Age & Continuous [18.0,91.0) z Nullify ™ Input
Income_Thousands & Continuous [13.0,446.0] None “ Input

@ View currentfields  © View unused field settings

(Lo ] (cancel)

Lopy | Beset

Figure 3.18 Changing the Check option to '‘Nullify’ in ‘Customer Age’
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The Variable Role

The final column within the node is called the ‘Role’. This column allows to define how a
variable is to be used analytically. For this reason, typeless variables have their role set to
None as they have no analytical use. By default, Modeler sets all the other fields to the ‘Input’
role as it is assumed that they will be used to help direct the analysis or predict an outcome.
Figure 3.19 displays the various analytical roles that the data fields may play within the Type
node.

“ Input

@) Target

® Both

© None

= Partition

% Split

&2 Frequency
id Record ID

Figure 3.19 Options under the ‘Role’ column in the Type node

The variable Role options can be summarised as follows.

Input - The field will be used as an input (or predictor) for a predictive modelling
algorithm.

Target - The target role sets the field to be the outcome that a model attempts to
predict. For example, outcomes such as campaign response, credit worthiness,
customer churn or fraud are all commonly defined as the Target field within the Type
node.

Both - Certain association model algorithms (such as Apriori) allow fields to serve the
role of Target or Input. Setting the role to ‘Both” will enable this.

None - The field will be ignored by most analytical procedures.

Partition - Partition fields are specially created for the purposes of testing model
accuracy. They work by splitting the data into separate samples for training, testing,
and (optionally) validation purposes. The model is built using the training partition and
then applied to the test (and possibly the validation) sample for see how well it
performs. As we will see later, the Partition node is used to create fields that do
precisely this.
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Split - The split role only applies to nominal, ordinal or flag fields. It specifies that a
model is to be built for each possible value of the field.

Frequency - The frequency role only applies to numeric fields. The role enables a field
value to be used as a frequency weighting factor for the record. The Frequency role is
only supported by certain algorithms (C&R Tree, CHAID, QUEST and Linear models).

Record ID —This role indicates that the field will be used as the unique record
identifier. It is supported by Linear models though most algorithms ignore it.

|

The Data Audit Node N

Data Audit

The Data Audit node provides more functionality for inspecting and cleaning the data sources.
As such, it is a key tool for analysts working through the ‘Data Understanding’ phase of CRISP-
DM. Attaching the Data Audit node (from the Output palette) to the Type node in the
demonstration stream (as shown in figure 3.20) and executing it generates output that
provides us with a detailed overview of the data.

EEE
Tgple

—> 0>

Customer_Contacts xl.. Filter Type 7 Fields

..................

Figure 3.20 The Data Audit node attached to the Type node in the
demonstration stream

Figure 3.21 shows the initial results from the Data Audit output.
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Data Audit of [7 fields] #6 — O X
l& File =5 Edit ¢ Generate
Audit Quality Annotations

Field Graph Measurement Min Max Mean Std. Dev Skewness Unique Valid
|A] First_name &5 Nominal - - - - - 200 850
[&] Last_name &b Nominal - - - - - 100 850
[a] city @b Nominal - - _ _ ~ 10 850
[A] Gender &b Nominal - - - - —~ 4 847
@ Date_of_birth f Continuous 08/01/1924 06/04/2016 - - - - 850
& Customer_Age & Continuous 19.000 91.000 54.123 21.644 0.010 - 847
<& Income_Thous... & Continuous 13.000 446.000 46.622 38.689 3.708 = 837
*Indicates a multimode result *Indicates a sampled result

Figure 3.21 Output from the Data Audit node

The output from the data audit node provides an immediate high-level view of the data.
Categorical fields are displayed with distribution charts, whilst histograms are used to
represent the continuous ones. Summary statistics are calculated and displayed. Again,
Modeler takes account of each field’s level of measurement, displaying statistical summaries
for continuous data such as the mean, minimum, maximum and standard deviations
(additional statistical measures may be requested). The final column displays the number of
valid cases for each field in the dataset (excluding records with the default missing categories
of system nulls and empty strings). These values can be useful when spotting errors in the
data especially by paying close attention to the minimum and maximum values or the charts
themselves. In the example here, we can see that the variable ‘Gender’ has four categories. If
we double-click the distribution chart corresponding this field, we can see why. Figure 3.22
shows the chart.
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E Distribution of Gender #2 — O x

o File = Edit ) Generate & View

Table ‘W”m|

Value Proportion %% Count
| 0.24 2
| 0.12 1
i | 4859 413
' I 51.06 434

o)

Figure 3.22 Distribution chart of the variable ‘Gender’

We can immediately see from the distribution chart that in addition to the values ‘F and ‘M’,
the variable contains two blank categories. Presumably, one of these categories consists of
invisible characters (such as spaces) and the other contains no string values at all. You may
also notice that in the main Data Audit Output window this field had 347 valid cases. This is
because the three apparently blank cases are not counted as ‘valid’.

The output from the Data Audit node also provides many quality assessment and data
cleaning functions. To access these, from within the output window, click the tab marked:

Quality

Figure 3.23 shows and annotated image of the Data Audit Quality tab.
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Data Audit of 7 fields] #6 - o X

GEle SEM O Generate @m = H
| Audit| Quality Annotatons m @
Complete fields (%) |57.14% Complete records (%): @

Field Measurement Outliers Extremes Adtion Impute Missing Method % Complele  Valid Records Null Value Emply String White Space Blank Value

[A] First_ name @b Nominal - Never Fixed
[A] Last_name g Nominal
(4] city @b Nominal
A] Gender @ Nominal

Date_of_birth ¢ Continuous

@} Customer_A.. ¢ Continuous

#> Income_Tho... ¢ Continuous

Never Fixed 100 850
Never Fixed 100 850
Never Fixed 99.647 847
0MNone Never Fixed 100 850
0None Never Fixed 99.647 847
7MNone Never Fixed 98.471 837

moo@: 1

cocomnocoo

|§E cwooooo

Figure 3.23 Annotated image of the Data Quality Tab

Data Audit of [7 fields] #6
le File = Edit ) Generate m‘w = H
| Audit|| Quality Annotations

Complete fields (%): Complete records (%): [97.76%

1. The Quality tab shows the percentage of fields that have complete cases and the
overall percentage of records that are complete.

Outliers Extremes

ooo@: |

~oo ! |t}

2. This part of the quality output shows how many cases have ‘Outlier ‘or ‘Extreme’
values in each field. The thresholds that define whether a value is seen as an outlier or
an extreme can be edited within the Data Audit node prior to execution. The default
setting is that outlier cases are those which have values that are more than 3 standard
deviations above or below the variable’s mean. Whereas extremes are those that are
more than 5 standard deviations above or below the mean.

®

Action

None
None
None

3. Wesaw in the Type node that we can trigger actions to deal with values that are
deemed to be ‘invalid’. In the same way, within the Quality tab, we can also trigger
actions that deal with outlier/extreme values. Here we might choose to coerce,
discard or nullify outliers or extremes. To make this take effect, we need to use the
Generate menu to create the relevant nodes to complete the action.

© Smart-Vision Europe Limited 2018 Data Understanding



Data Understanding

@

Impute Missing Method

Never
Never
Never
Never
Never
Never
Never

4.

Fixed
Fixed
Fixed
Fixed
Fixed
Fixed
Fixed

In this section of the quality tab we are offered greater control as to how we handle
missing data. The ‘Impute Missing’ column allows to specify how we define missing
values such as null values, blank values or according to a specified condition. The
dialog within the ‘Impute Missing’ column that enables this, will also let us populate
the values in the next column marked ‘Method’. Within the Method column, we can
choose how we wish to deal with our defined missing data: the options include a
random number, a fixed value, a user-defined expression or even an algorithm to
predict the missing value. Again, in order to execute these actions, we would need to
use the Generate menu to create the relevant nodes.

®

% Complete

5.
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100
100
100
99.647
100
99.647
98.471

Valid Records

850
850
850
847
850
847
837

Null Value

Dmooocoo

| Empty String

coomooo

White Space

coocwo oo

Blank Value

cwoooool |

The Last section of output within the Quality tab provides a report on missing data.
The percentage complete and the number of valid records is shown for each field. As
we can see, the Null Value column shows counts of two and thirteen in the
‘Customer_Age’ and ‘Income_Thousands’ fields respectively. Interestingly, for the
variable ‘Gender’, we can see two cases that are marked as ‘Empty String’ and three
cases marked as ‘White Space’. When we looked at the distribution chart for Gender
earlier, we noticed only three records with apparently empty values so why does it
look like there are five records with missing data in total here? The answer is that
‘White Space” within the Quality tab refers to both strings with no values and strings
with invisible characters. The two cases in the Empty String count here are those with
no values, meaning that there must be one other case with invisible characters to
make up the White Space count to three. Lastly, we encounter the Blank value
column. This counts cases with values that have been declared as missing within the
Type node. Notice that the field ‘Customer_Age’ has a Blank Value count of three.
Remember that within the Type node we declared Null Values and the value -1’ as
missing? For that reason, we have total count of three as there are two cases with the
value ‘Snull$’ and one with the value ‘-1’. The last variable, ‘Income_Thousands’ has a
Null Value count of thirteen but zero in the Blank Value count as Null Values for this
field were not declared as missing in the type node.
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To demonstrate how we can use the output in the Data Audit node in conjunction with the
Generate menu, within the output itself, on the main menu click:

Generate

The drop-down Generate menu shows the basic functionality for dealing with missing values
(as shown in figure 3.24). The menu offers us the option to generate either a ‘Missing Values
Filter Node’ that filters out fields with an excessive proportion of missing values, or a ‘Missing
Values Select Node’ that will select records that contain missing data. From the drop-down
menu, click:

Missing Values Select Node

Data Audit of [7 fields] #12 — O *
|m‘ Quality
Complete fields (%): Missing Values Filter Node ¥ |87.76%
Field Migsing Values Select Node Extremes Action Impute Missin
[A] First_name S ——— - Never
|A] Last_name —— Never
[a] City e - Never
[A] Gender ~ - Never
E#] Date_of_birth R 0 None Never
> Customer_A... aph Qutput 0 None Never
<#> Income_Tho... _ 7 None Never
|1 emees—————— [*]

Figure 3.24 Using the Generate menu within the Quality tab of the Data
Audit output

Looking at figure 3.25, the ‘Generate Select Node’ sub-dialog allows the user to specify when
arecord is selected, and which fields should be included in the selection procedure.
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X

Select when record is: @ Valid§ O Invalid

r Look for invalid values in
® Allfields

© Fields selected in table

© Fields with quality percentage higher than %

Consider a record invalid if an invalid value is found in:
@ Any of the above fields
© All of the above fields

Figure 3.25 Generate Select Node sub-dialog

Data Understanding

For this example, we will use the sub-dialog to select only the valid records. In the section

marked ‘Select when record is’, click the radio button marked:

Valid

Now click:

OK

The procedure will now place a new select node on the stream canvas.

Connect the Select node to the Type node and use Copy & Paste to connect another Data

Audit node to the end

The stream should look like Figure 3.26.

_.- @ _.- _.- E?}E
Customer_Contacts xl.. Filter Type 7 Fields
Cop—— o
(generated) 7 Fields

Figure 3.26 The newly Generated Select Node connected to a new Data Audit

Node

© Smart-Vision Europe Limited 2018

Data Understanding



Data Understanding

When we run the new Data Audit node and view the results, we can see within the Quality
tab that none of the fields have missing data.

Data Audit of [7 fields] #17 — [}

ok sEm O geeae =m
Ausit uslt Amnotatons
Complete fields (%): Complete records (%)

Field Measurement Outliers  Exremes Action Impute Missing Method % Complete
[A] First_name @b Nominal - —-— Never Fixed 100
|A] Last_name @b Nominal - - Never Fixed 100
[A] city @b Nominal - ] Never Fixed 100
|A] Gender @5 Nominal - - Never Fixed 100
5 Date_of_birth & Continuous 0 0 None Never Fixed 100
{#» Customer_Age & Continuous 0 0 None Never Fixed 100
&> Income_Thousands & Continuous 8 7 None Never Fixed 100

7 I¥]

Figure 3.27 Data Audit output from the newly Generated Select Node
showing all fields are 100% complete

Again, purely to demonstrate the functionality within this output:
Click to select the last field ‘Income_Thousands’

Click on the corresponding cell under the Action column

From the drop-down menu, select ‘Coerce outliers/discard extremes’

Data Audit of [7 fields] #17 — O X

Goe stm ogeene (@SS
A Culty onctaons
Complete fields (%): |[100% Complete records (%): [100%

Field Measurement Outliers | Extremes Action Impute Missing Method

[A] First_name @5 Nominal - - Mever Fixed

@ Last_name ﬁ Nominal - - Mever Fixed

[A] City @b Nominal - —|- Never Fixed

Gender &3 Nominal - - Mever Fixed

% Date_of_birth & Continuous 0 0 None Mever Fixed

@' Customer_Age & Continuous 0 0 None Mever Fixed

&% Income_Thousands & Continuous 8 7[None ~|Never Fixed
None
Coerce
Discard
Nullify

4 Coerce outliers / discard extremesg ¥
Coerce outliers / nullify extremes

€3

Figure 3.28 Choosing an action to deal with Outliers and Extremes within
the Quality tab
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Again, click to select the last field ‘Income_Thousands’ so that it is highlighted
From the main menu click:

Generate

Outlier and Extreme Super Node

Data Audit of [7 fields] #17 — [} X

) Generate

ls File 5 Edit

EE‘Quality‘ ) .
Qutlier & Extreme SuperNode

B RERE (e Missing Values Filter Node - [100%

Field Migsing Values Select Node Outliers | Extremes Action Impute Missing Method
[A] First_name - —- MNever Fixed
[A] Last_name - - Never Fixed
[A] City Binning - - Never Fixed
% Gender : - - Never Fixed
=% Date_of_birth - - 0 0 None MNever Fixed
{A_'} Customer_Age t 0 0 None Never Fixed
@ Income_Thousan 8 7 Coerce outliers / discard extremes Never Fixed
[ e e m————————————————ne oo [*]

Figure 3.29 Generating a supernode to deal with Outliers and Extremes

A small dialog appears asking which fields the supernode should apply to. Choose:

Selected fields only

OK

Qutlier SuperNode >
Generate SuperMNode for:

© Allfields @ Selected fields only
) | cancel

Figure 3.30 Outlier SuperNode sub-dialog

The procedure will have generated a supernode and placed it on the stream canvas. If we add
the new supernode and an additional Data Audit node to the stream as shown in figure 3.31
we can view the effect of the coercing outliers and discarding extremes on the data.
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®—& 0 &

Customer_Contacts xl.. Filter

¥

¢ J——

(geniated)

7 Fields

7 Fields

—

Outlier and Extreme

7 Fields

Figure 3.31 The newly Generated Outlier and Extreme SuperNode connected
to the previously generated Select node

Figure 3.32 shows the difference in the data before and after the supernode has been added.

[& Data Audit of [7 fields] #19

io Eile

ZEd D Generate

0t Gualty Amnotatons

Fleld
(YRE

Measuremant
@0 1wiimial

&8 Date_of_birth & Continuous

@& Customer_age

& Continuous

@ Income_Thous & Continuous

08/01/1924 07/12/1996

S o X (&) Data Audit of (7 fields] #21
el = L= @afl| sor -em oo ESHENSIE
| | Avar |Qually Annotations,
. rres ¥ Field Graph Measurement Min Max

19.000 91.000

13.000 446.000

[A] Gender

|._I_| i
[ Date_of_birth - | & Continuous
@ Customer_Age W & Continuous

080171924 0711211996

19.000 91.000

& Continuous 13000 161293

D —

*» Income_Thous Ii

*Indicates a multimode result * Indicates a sampled result

@,,.

‘ Indicates a multimode result *indicates a sampied result

Figure 3.32 The Data Audit node before and after the Outlier/Extreme

supernode is included in

the stream

Figure 3.32 shows that before the outlier/extreme supernode was added, the maximum
value for the variable ‘lncome_Thousands’ was 446.000. After adding the supernode the
effect of discarding extreme values and coercing outliers means that the maximum value is

now 161.293.

Save the completed stream as:

Data Understanding Complete.str
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Section 4:
Restructuring Data ‘® & & /&

Aggregate Distinct SelToFlag VWeb

e The Distinct Node

e The Aggregate Node
e The Set to Flag Node
e The Web Node

A key concern for data analysts engaged in predictive analytics projects is defining and
creating the ‘unit of analysis’. Put simply, this refers to what a row of data needs to represent
in order for the analysis to make sense. If, for example, the analytical goal of the project is to
predict which customers are likely to redeem a voucher, then the predictive model will
probably require data where each row is a different customer not a different transaction. After
all, a person represents a single entity that can make many visits, with several transactions of
multiple items. If, on the other hand, the analytical goal is to identify fraudulent attempts to
purchase tickets for an event, then the model probably requires sample data where each row
is a transaction. So whether the analysis outcome is focussed on people, businesses or
physical assets, as opposed to events or instances, makes a big difference with regard to how
we represent this in a dataset for modelling purposes. For these reasons, when the analytical
goal requires data at the customer level, if the analyst wants to utilise information such as the
customers’ transaction history, their interactions with the business and the various products
or services they purchase, they need to find a way to summarise the multiple rows data that
record these events and represent them as a single record for each person.

The Distinct Node

Distinct

Before we even begin the process of summarising multiple transaction records as a single row
of data, it makes sense for us to check the integrity of the data we have about the customers.
For example, are we sure that we have a single row of data for each person? Duplications in
data files are a regular headache for most businesses and they can occur for lot of reasons.
Often, the customers may register themselves more than once; contact details may be
updated causing an extra row of data to be added rather than overwriting the existing one;
merging information from different departments or organisations may create duplicates
because there isn’t an exact match. In any case, Modeler helps us to identify duplicate cases
and resolve these issues with the Distinct node. To begin the demonstration, start with a new
blank stream canvas and using a Var. File node open the following comma separated file from
within the Section 4 folder:

Health_Club_Contacts.csv
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Figure 4.1 shows the edited source node and the preview data output for this file.

o h
)
@ Cass )
\!_j) ——— e n Preview from Health Club_Contactscsv Node (9 fields, 10 records) #3 - =] X
csvy .Club_Contacts csv — — — y
= Goe sem Oceenn (OISR
| i —
File
Fie Data Fiter Types Annotations: (Tatie| Amnctatons
| e — c E -
EREELC Y. Tkingio HHELAA SRS Membe 10 |Gender | Firstname |Lastname [emal |Adiantage_Channe |Local_Ciub Tenure_wees |
1 100Male  Samson  Biake SBlake@AP com Racquets Eristol 93
t_10,Gender, Firstnane, Lastaame, emall, Advantage_Channel,locd 15 101 Male Agustin Stoan ASioan@SAS org Classes Manchester 63
100,Male, Samson, Blake, SBlake§AP. com, Racquets, Bristol, 43,448 a 102 Female M Petty @ com Classes Manchester 50
101, Male, Aguatin, Sloan, AS1oan@SAS.org, Classes, Manchester, €3, 7€€| (4 103 Female Luz Taylor LwTaylor@SAS net Classes Manchester 51
102, Female, » Pezey, o 1.com,Classes, M4 |5 104 Female Alena Shea Alena_Shea@AP co uk Classes Manchester 64
{103, Female, Luz, Taylor, LuzTaylor@SAS. net, Classes, £1,74(6 105Female Jimena  Hancock JHancock@gmail net Classes Manchester 44
104, Female Alena, Shea,Alena_SheadiP.co.uk,Classes Manchester, 647 106Male  Finnegan Espinoza F Espinoza@Westonesorg Classes Manchester 88
- T - 8 107 Male  Bradley Chang B Chang@hotmail bz Classes Manchester 43
2 108Male  Cristan Awarez  C_Aharez@Arcturus couk  Classes Manchester 60
¥ Readfleld names from file Specify number of fields 10 109 Male  Corey Archer  Corey_Archer@yahoocom  Classes Manchester 45
Siip header characters: | OE EOL
Strip lead and rall spaces: @ None O Lett O Right O Both @
Invalid characters ® Discard O Replace with T
Epcoding Sweamdefault ¥ Decimal symbol ‘Stream defaull ~ |
Line delimiter is newline character Lines to scan for column and type: SOE
Fiald debmters W Automatically recognize dates and bmes
Space ¥ Comma [TITad Treat square brackets as Nists
¥ Newtine Other Quotes
Non-prining characters Singlequotes.  Discard v
Allow multiple blank delimiters. Doudle quotes. M .4
Lok J (cancn Loy Besst

Figure 4.1 Source node containing the file ‘Health Club Contacts.csv’

If we attach a Table output node to this data source and read the full file, we will see that it is
comprised of 3,818 records. By attaching the Distinct node, we should be able to identify if
there are any duplicated records. From the Record Ops palette:

Select and attach the Distinct node to the Source node as shown if figure 4.2

3,818 records  Health_Ciub_Contacts.. Distinct :

Figure 4.2 Distinct Node attached to data source node

Let’s take a look at the functionality on offer in this node.
Edit the Distinct Node

Figure 4.3 shows the default setting in the node.
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\) Distinct b4

No fields selected

Settings  Composite Annotations

Mode: ;_Create a composite record for each group ~ |

Key fields for grouping:

&)

Sort Order
Within groups, sort records by:

Field Order | <A
P
2
¥
Default sort order:  © Ascending © Descending
,i. Ifno sortfields are selected then the order of records within each group is undefined
2
ok (canel zomy ) (geset

Figure 4.3 The default settings within the Distinct node

The first thing to note about this node is that it has three modes:

e Create a composite record for each group: This is the default mode. When it is
activated, the tab marked ‘Composite’ is available for use. This mode allows users to
control which values from the duplicate records are to be included in the final
selection. Suppose you have two records with the same customer number. Maybe
you know that the demographic data that is initially collected for new customers is
more reliable than values in the duplicated records. In which case, you could request
that the demographic data is taken from the first record for each customer. On the
other hand, you might know that every time a customer makes a purchase, the
transaction count increases, so you might request that the duplicate record with the
largest transaction count for the customer is used as this is likely to be most up to date
value for that field.

¢ Include only the first record in each group: This mode drops all duplicate cases. Only
the first occurrence of each duplicate record is taken.

e Discard only the first record in each group: This mode drops all the unique records

and first record of each duplicate. It basically selects the duplicated records. It is useful
for checking which records are the actual duplicated ones.
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To begin with, we can check if any of the records are complete duplicates. That is where every
single value has been duplicated. To do so, edit the Distinct node so that:

The mode is set to ‘Discard only the first record in each group’

All of the fields are entered into the ‘Key fields for grouping’ box

Figure 4.4 shows the completed dialog.

J Distinct X

Seftings Optimization Annotations

Mode: ‘Discard only the first record in each group ~

Key fields for grouping:

f Member_ID “l »8
&l Gender
&l Firstname x
&l Lastname

8' email

&l Acvantage_channel
&l Local_ciup

& Tenure_weeks ~

Sort Order
Within groupg, sort records by:

Field Order

¢+ XK

Default sort order:  © Ascending © Descending

q“ Ifno sort fields are selected then the order of records within each group is undefined
h

oK [cancel

Figure 4.4 Using the Distinct node’s ‘Discard records’ function to see if
there are any completely identical records in the dataset

Remember that by using this function we are asking Modeler to select the duplicate records.
To check if any meet this criterion, from within the Distinct control dialog, click:

Preview

As we can see in figure 4.5, no records are shown, so we know that there are no cases where
every value has been duplicated.
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Preview from Distinct Node (9 fields, 0 records) #1 — O

B Ele SEdt {) Generate _

v st

[Member_ID | Gender | Firstname |Lastname | email | Advantage_Channel | Local_Club | Tenure_weeks

Figure 4.5 Preview showing no completely duplicated records found

By editing the Distinct node, we can now check to see if there are any records that have the
same membership ID. To do so,

Remove all the fields from the ‘Key fields for grouping’ box

Figure 4.6 shows the completed dialog.

) Distinct

i

Key fields for grouping:

& Wember_ID E

 Sort Order
Within groups, sort records by:

Field | order |

X

+

Default sort order: Ascending © Descending
@ If no sortfields are selected then the order of records within each group is undefined

Lok J (cancel

Figure 4.6 Checking for records that have duplicate ID values
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Once, again, within the dialog, click:

Preview

As Figure 4.7 shows, the Distinct node has found three records with duplicate member ID
values.

Preview from Distinct Node (9 fields, 3 records) — O x
loh Eile 5 Edit  {) Generate (@] x|
Table‘lmmoﬂons

Member_ID | Gender | Firstname |Lastname | email | Advantage_Channel | Local_Club | Tenure_weeks | Total_Spend |
1 1091 Male Lawrence Patrick LPatrick@Arcturus.org Racquets Edinburgh 156 4102
2 10609 Female Isla Norton Islaisgreat@gmail.com  Workouts London 148 2034
3 10967 Female Jacqueline Pope JacquelinePope@aol.org Workouts London 146 133

Figure 4.7 Using the Distinct node to find records with duplicate ID
values

We can now edit the Distinct node to only select the unique records (and drop the duplicate
ones). Remember that to do so, we can either select the first record as it occurs in the dataset
or we can use the Composite mode to select values from the duplicates according to specific
criteria. Because the dataset doesn’t contain a date field, we can’t tell which of the duplicate
records is the most recent. It seems reasonable to assume that the more recent records have
larger values for the member’s tenure and their total spend. Figure 4.8 shows how we can
select records based on this by editing the Distinct node so that:

The mode is switched to ‘Create a composite record for each group’
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2 Distinct X

N O m)

Mode: | Create a composite record for each group ~

Key fields for grouping:

& Member_ID

 Sort Order
Within groups, sort records by:

Field Order |

Default sort order; Ascending © Descending

* If no sortfields are selected then the order of records within each group is undefined
L

() o —

Figure 4.8 Distinct node switched to ‘Composite’ mode

To specify which values from the duplicate records will be used in the composite case, click
the tab marked:

Composite
Edit the tab so that:
The maximum values for ‘Tenure_weeks’ and ‘Total_Spend’ are selected

By default, the ‘Composite” mode creates a counter field that indicates how many records
were used to create the composite. In this case it’s not very useful so:

Uncheck the box marked ‘Include record count in field’

Figure 4.9 shows the edited tab.
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(J Distinct X

(@] =[]
H‘ compositel Optimization E

Hint: These options are only available if Composite mode is selected on the Seftings Tab.

Fields:
| Field - Fill with values based on
[A] Gender First record in group
[A] Firstname First record in group
[A] Lastname First record in group
[A] email First record in group
[A] Advantage_Channel First record in group
Local_Club First record in group
Tenure_weeks Max
{3 Total_Spend Max -

First record in group
Last record in group
Total

Mean

Max

Min

Custom...

("] Include record countin field Fecord_Count

Lok J(cancel ooty | Reset

Figure 4.9 Editing the Composite tab in the Distinct node

To run the procedure, click:
Click ‘OK’ and attach a Table output node to Distinct node.

Figure 4.10 shows the resultant stream with an annotated Table node.

3,815 gecords

3,818 records  Health_Club_Contacts.. Distinct

Figure 4.10 Distinct node using the ‘Composite’ mode to remove three
records with duplicate ID values
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It is possible that duplicate records still exist in the dataset however. These records might have
different Member ID values but the same email address. To check if this is the case:

Copy and paste the Distinct node
Attach the pasted node to existing Distinct node
Edit the mode so that it switches back to ‘Discard only the first record in each group’

Swap the field ‘Member_ID’ for the field ‘email’ within the ‘Key fields for grouping’ box

Figure 4.11 shows the resultant dialog.

\J Distinct X
- 9l=/0
JSeﬁings ] Opﬁll%J Annotations

Mode: |Discard only the first record in each group ~ ||

Key fields for grouping:

8' email

Sort Order
Within groups, sort records by:

Field | Order I <A
x
f
¥

Default sort order:  © Ascending © Descending

q., If no sort fields are selected then the order of records within each group is undefined

1

(Lo J (cancel]

Figure 4.11 Checking for records with duplicate email addresses

To test if any records with duplicate email addresses exist, click:
Preview

Figure 4.12 shows the result.
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Preview from Distinct Node (9 fields, 2 records) #1 - O x

@[]

|& File 5 Edit %) Generate

Table| Annotations

Member_|D Gender]Firsmame]Lasma... lemail | Advantage_Channel | Local_Club Tenure_weeks.TotaI_Spend]
1 103859 Male  Bernardo Clippings barnyard@SVE.com  Racquets London 163 2111
o 103877 Male JM LeGrand leGrand@orange.com Racquets London 70 511

o]

Figure 4.12 Distinct Node detecting two records with duplicate email
addresses

As we can see, there are in fact two records with duplicate email addresses. These records of
course will have different membership ID values, so we need to choose which of the duplicate
records we wish to keep, or which values of the duplicate records we wish to retain to create
a unique composite record. In this case, we can use the same criteria as before and simply
switch the mode back to:

Create a composite record for each group

The same settings in the Composite tab will be applied here as in the previous example and
we can attach a new Table node to the second distinct node and execute it. Figure 4.13 shows
the updated stream.

3,815 gecords 3,813 ggecords

Hl ~— ([F]) — ) — G
3,818 records Health_Club_Contacts.. Distinct Distinct

Figure 4.13 Distinct Node detecting and removing three records with
duplicate membership ID values and a further two records with duplicate
email addresses

The Aggregate Node

Aggregate

Data aggregation is a common data preparation task that many different applications can
perform. Aggregation is a way to reduce multiple rows of data so that are they are
summarised by each value within a grouping field. We could use aggregation to change a file
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so that instead of each row representing the individual items that a group of customers
purchased over a year when visiting a webstore, they now represent the average amount of
money spent by each customer and the total amount of purchases they made. In this
scenario, the grouping field would be something like the customer id or email address.
Aggregation therefore represents a way to simplify the data file and ensure that we end up
with only one row per customer. We should note however that aggregation is best performed
on cleaned data as missing values in any of the variables that are to be summarised (e.g.
spend) or duplicates in the grouping field itself (e.g. the customer id) can cause problems with
our downstream data preparation and analysis procedures.

To demonstrate the aggregation procedure in Modeler, we will import data from containing
member transactions. Within the same stream, use a Var. File node to read the following
pipe-separated file from within the Section 4 folder:

Health_Club_Transactions_Sample.txt

Transactional files are typical candidates for aggregation as they contain valuable information
that we might wish to include in a model. However, they contain multiple rows per customer
(and sometimes multiple rows per customer ‘basket’). Figure 4.14 shows the edited source
node for this data file and a preview of the data rows (note that the fields in the text-based
data set are separated by the pipe character (‘|’).

O Health_Club_Transactions_Sample.txt X [ preview from Health_Club_Transactions_Sample.txt Node (6 fields, .. ~— [m] X
[bgunﬂg:mm | | | - . R - i -
= 2 = o Eile = Edit O Generate M
CASV TrainingWModeler Intro\Section4\Health_Club_Transactions_Sample bt —
File Data Filter Types Annotations Table Annotations
File }c \SV Training\Wodeler Intro\Sectiond\Health_Ciub_Transactions_Sample tt ‘ ‘_ - Member_ID | Transxn_ID | Transxn_Date Club Amount ‘ Activity_Type
o e = 1 10530 98381640 01/03/2012 07:38:00 Edinburgh 7 Squash
Member_ID|Transxn_ID|Transxn_Date|Club|Amount|Activity Type
1053019838164012012-03-01 07:38:001Edinburghi?|Squash 2 | 1090 98386434 01/03/2012 09:03:00 Edinburgh 7 Squash
| - 5] 3 | 1095 98386866 01/03/2012 09:10:00 Edinburgh 7 Squash
- - 10701 98386854 01/03/2012 09:10:00 Edinburgh 8 Gym Pass
0 Asac R ates kan e CRedy nUTel o Aeice : 5 10702 98387208 01/03/2012 09:16:00 Edinburgh 4 Gym Pass
Skip header characters | 0}%: EOL comment characters 6 10120 98387844 01/03/2012 09:21:00 Edinburgh 7 Squash
Strip lead and trail spaces:  ® None O Left © Right O Both ¥ 10703 98388018 01/03/2012 09:23:00 Edinburgh 4 Gym Pass
9 8 10703 98388180 01/03/2012 09:24:00 Edinburgh 8 Gym Pass
Invalid characters 9 Diacery 6 Repsace wi 9 10117 98388666 01/03/2012 09:26:00 Edinburgh 7 Squash
Encoding Stream defaull ~ |  Decimal symbol Steam default ~ 10 10704 98389080 01/03/2012 09:28:00 Edinburgh 8 Gym Pass
Line delimiter Is newline character Lines to scan for column and type { EOEj OK
d deimte ¥ Automatically recognize dates and times
Space Comma ; Tab - Treat square brackets as lists
¥ Newtine & Omer || Quotes
Non-printing characters Single quotes: | Discard e
Allow multiple blank delimiters Double quotes: |Discard X
oK (cancel oy | Reset

Figure 4.14 Editing the Var. file source node to read the data file
‘Health Club Transactions Sample.txt’

As with the Distinct node, the Aggregate node can also be found in the Record Ops palette
within Modeler.

Select the source node containing ‘Health_Club_Transactions_Sample.txt’

From within the Record Ops palette, double click the Aggregate node
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Figure 4.15 shows the Aggregate node joined to the source node containing the new text data

file.

Health_Club_Transact.. Agaregate

Figure 4.15 The Aggregate node attached to the source node containing
‘Health Club Transactions_Sample.txt’

Right click on the Aggregate node and from the pop-up menu

Choose ‘Edit’ to view the aggregation controls

Figure 4.16 shows the main control dialog for the Aggregate node with numbered
annotations.

> erevew 11 (m)
Setings Optmzation. Annotaions.

Key fields:

- -

r Basic Aggregates
Aggregate fields:
Field | Sum |Mean  |Min | Max |spev  |Median [count  [variance [1stouartie [3rd Quartie|| LA

i

@ x

Default mode: @ [ Sum & Mean | Min[ | Max[ SDev| | Median| | Count[ | Variance| | 1st Quartile | 3rd Quartile @

New field name extension: | | Add as: @ Suffix O Prefix

¥ Include record count in field |Recnra_c:oum ( 4)

r Aggregate Expressions

Field (5 ) | Expression | @

Figure 4.16 The various aggregation options within the Aggregate node
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The Aggregation node allows us to summarise data files in a number of ways.

1. Key Fields — this is where we choose the grouping field(s) for the procedure. It allows
us to specify what we are aggregating by. The key field in an aggregation procedure is
normally some sort of identifier such as a customer id, a store number or an item
code. It can also represent an event such as a transaction number or a datetime
stamp. It's important to understand that we can have more than one key field and
that the order in which we specify them creates a hierarchy. We might for example
want each aggregated row to be defined by store number and the month that the
data was collected. In which case if we had 10 stores with data collected over a one-
year period, the final aggregated dataset would be comprised of 120 rows.

2. Aggregate fields — this where we specify the fields to be aggregated and the
method(s) we choose to summarise them. It allows us to choose how we wish to
aggregate the data. We might want to sum all the purchase values of each transaction
for each customer. Additionally, we might want to take the average amount spent by
each person. If the data set contained a date field, we could use the ‘Min’ and ‘Max’
functions to return the values for the date of the first and most recent purchases
respectively.

3. Default Mode — There are many times when users want to be able to summarise
multiple variables using more than one method. Rather than choosing a summary
method for each variable individually, we can set the default methods here and simply
edit the methods for fields where the defaults don’t apply.

4. Include record count in field — Obviously the whole point of aggregation is to
summarise multiple records by the levels of the key field. However, some ID values
may only appear once in the data whereas others may appear multiple times. The
‘Include record count in field’ function creates an additional field that tells us how
many records were aggregated for each value in the key field. If we are aggregating
individual transactions for each customer, it effectively tells us how many transactions
were aggregated to create the summary row. For this reason, we can edit the name of
the field to reflect what is being aggregated.

5. Aggregate Expressions - This is a special function within the Aggregate node that
enables the user to create their own summary measures when reading from a
Database source node. The Aggregate Expression function uses an expression builder
dialog to, for example, define measures that relate to relationships between fields
such as the average amount of elapsed time between two date fields or the difference
between the maximum value of one variable and the minimum value of another.
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One of the limitations of aggregation procedures relates to categorical (set) fields. If we have a
variable such as product purchased, there is no easy way to summarise the data. We can’t for
example take the average of the field. We might be able to record the minimum and
maximum values, but this will probably not produce meaningful results. Nevertheless, this is
a problem we can address using a different method as we shall see later.

In this example, we will aggregate the data by the membership id variable (Member_ID). To
do so:

Choose the field ‘Member _ID’ to be entered into the Key Field box

Next, we need to choose the fields to be summarised. As noted earlier, the best fields for
summarising tend to be those with continuous values.

Choose the field ‘Amount’ to be added to the ‘Aggregate fields’ section of the dialog

We can see that by adding this field, the default summary measures of ‘Sum’ and ‘Mean’ are
applied. So this procedure will create an aggregated file with two fields recording the total and
average amount spent by each member. However, we can also add a date variable to be
summarised.

Choose the field “Transxn_Date’ to be added to the ‘Aggregate fields’ section of the dialog

Modeler recognises that this field type is a Datetime so the default measures (Sum and Mean)
are greyed out. Instead we can ask that the procedure records the first transaction date for
each member.

Check the box under the column marked ‘Min’ for the field ‘Transxn_Date’

Finally, we can see that the procedure will create a counter variable recording how many
records were aggregated for each member. As these individual records represent the actual
transactions we can edit the column name to reflect this.

In the ‘Include record count in field’ section change the name of the field from ‘Record_Count’
to ‘Transactions’

Figure 4.17 shows the completed dialog for the Aggregate procedure.
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Figure 4.17 Aggregating the data by membership id to create three summary
variables

To see the effects of the aggregate procedure:
Click OK and add a Table node to the Aggregate node
Execute the stream with the Aggregate node

Figure 4.18 shows the aggregated data in the table output. We can see in the screenshot that
the field ‘“Transactions’ has been added to the last column position showing how many actual
transactions each member made (and therefore how many rows were aggregated to the
create the summary values shown). The summary measures themselves are indicated by the
suffixes *_ Sum’ and ‘_Mean’ respectively to the ‘Amount’ variable.
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Table (5 fields, 3,814 records) #1 — O >
\ File = Edit  {) Generate
Table |Amotﬂnns

Member_ID | Transxn_Date_Min |Amount_Sum | Amount_Mean | Transactions |
1 10530 01/03/2012 07:38:00 224 7.000 32[=
2 1090 01/03/2012 09:03:00 144 6.857 21
3 1095 01/03/2012 09:10:00 260 6.842 38
4 10701 01/03/2012 09:10:00 50 6.250 8
5 10702 01/03/2012 09:16:00 28 4,000 7
6 10120 01/03/2012 09:21:00 233 6.132 38
7 10703 01/03/2012 09:23:00 36 6.000 6
8 10117 01/03/2012 09:26:00 283 6.152 46
9 10704 01/03/2012 09:28:00 12 6.000 2
10 10705 01/03/2012 09:30:00 4 4.000 1
11 1077 01/03/2012 09:32:00 338 6.036 56
12 10575 01/03/2012 09:34:00 268 7.444 36
13 1091 01/03/2012 09:35:00 228 6.333 36
14 1096 01/03/2012 09:37:00 695 6.150 113
15 10212 01/03/2012 09:37:00 259 6.475 40
16 10706 01/03/2012 09:38:00 64 7111 9
17 10657 01/03/2012 09:38:00 14 7.000 2
18 10509 01/03/2012 09:38:00 175 7.000 25
19 10118 01/03/2012 09:39:00 357 6.263 57
20 10123 01/03/2012 09:40:00 125 6.250 20 5]

Figure 4.18 Aggregated data from created using the Aggregate node based
on the’ Health Club Transactions Sample.txt’data set

The original dataset was comprised of 19,827 cases. After aggregation, the number of records
is reduced to 3,814. The Aggregate node is a powerful and flexible tool for creating
summarised data files, but it also allows us to create new datasets where the unit of analysis
may be more appropriate for modelling purposes. However, Modeler has another key
procedure that helps users to aggregate data containing categorical variables.

The Set to Flag Node &

SefToFlag

Within Modeler, categorical variables are sometimes referred to as set fields. With this in
mind, the ‘Set to Flag’ node is designed to derive flag fields that represent the individual
categories within a set field. This is extremely useful because although we may not be able to
use a statistical summary measure to summarise which product categories a customer has
purchased from over a period of time, we can at least create a series of flag indicators that tell
us whether or not they have made purchases within each category.
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The Set to Flag node is found within the Field Ops palette of Modeler. We can use the
procedure to create flag fields for each of the activity types that the health club members
have signed up for in the transactions data set. To do so,

Select the source node containing ‘Health_Club_Transactions_Sample.txt’

From within the Field Ops palette, double click the Set to Flag node

Figure 4.19 shows the node added to the stream and connected to the source node.

CRER

— & — |

19,827 Health_Clulj Transact.. Aggregate 3,814

..................

Figure 4.19 The Set to Flag node is attached to the previous source node
Let’s take a look at how the procedure works.
Right click on the Set to Flag node and from the pop-up menu choose ‘Edit’

Figure 4.20 shows an annotated image of the main control dialog for the Set to Flag node.
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3 DY)
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| x
¥ Field name extension I:] v

Add as: ® suffix © Prefix

Available setvalues: I@

Je

+

)

Aggregate keys: .@

s

Figure 4.20 The controls for the Set to Flag Node

1. Setfields — Here we specify the categorical field(s) that we wish to use to create Flag
variables from. Interestingly, this is one of the procedures where the data needs to be
fully instantiated in the Type tab/node. If the data are not fully instantiated, no
categorical fields are shown in the drop-down menu.

2. Available set Values - If the categorical field is fully instantiated, then the node will
look at the values of the categories within the type node and list them here. Perhaps
some of the values are not relevant for deriving the flag fields, in which case they can
be ignored by the rest of the procedure.

3. Create flag fields — Here we can view the fields that the selected values within the
categorical variable will create.

4. True Value/False Value — As you know, Flag fields only consist of two values. Here we
can specify the flag value that indicates a particular category occurred within the
keyed group or identifier. The default setting uses ‘T’ to indicate ‘True’ and ‘F’ for
‘False’. However, some analysts prefer to use other values, such as the numeric codes
1’ and ‘0’ as outcome indicators, so the procedure allows us to edit them here.
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5. Aggregate keys—This is a critical requirement in the procedure if we wish to
aggregate the data. Just as we saw in the Aggregate node, specifying a Key field
enables the analyst to create one row per value for each level of the grouping or
identifier field. This is where one would normally add a variable like ‘Customer
number’ to the procedure. To demonstrate the procedure:

Check the source node make sure that the data is fully instantiated. If it isn’t, click ‘Read
Values’ in the Type tab

Return to the edited Set to Flag node and from the within the ‘Set fields’ drop-down menu
choose the field ‘Activity_Type’

You may notice that the instant this field is chosen, the ‘Available set values’ list box is
populated with all the categories of the variable ‘Activity Type’.

Highlight and select all the categories within the ‘Available set values’ list box and click the
arrow to send them to the ‘Create flag fields’ list box

At this point the data remains unaggregated. We can see this by clicking the Preview button.
As figure 4.21 shows, although new flag fields have been created, the unaggregated data
contains two occurrences of the membership ID ‘10703".

Preview from SetToFlag Node (13 fields, 10 records) == O X

| File = Edit ¢ Generate

Table | Annotations

| Member_ID | Transxn_ID | Transxn_Date |club | Amount | Activity_Type | Activity_Type_Aerobic | Activity_Type_Gym Pass |
1 10530 98381640 01/03/2012 07:38:00 Edinburgh 7 Squash F F
2 1090 98386434 01/03/2012 09:03:00 Edinburgh 7 Squash F F
3 1095 98386866 01/03/2012 09:10:00 Edinburgh 7 Squash F F
4 10701 98386854 01/03/2012 09:10:00 Edinburgh 8GymPass F T
5 10702 98387208 01/03/2012 09:16:00 Edinburgh 4GymPass F T
6 10120 98387844 01/03/2012 09:21:00 Edinburgh 7 Squash F F
7 | 10703] 98388018 01/03/2012 09:23:00 Edinburgh 4GymPass F T
8 10703 98388180 01/03/2012 09:24:.00 Edinburgh 8GymPass F T
9 10117 98388666 01/03/2012 09:26:00 Edinburgh 7 Squash F F
10 10704 98389080 01/03/2012 09:28:00 Edinburgh 8GymPass F T
L ——————————————————————— [*]

Figure 4.21 Preview of the results of a Set to flag node when no
Aggregate key field has been specified

From within the Set to Flag node control dialog,

Check the box marked ‘Aggregate keys’ and select the variable ‘Member_ID’ from the drop
down variable list on the right-hand side

Figure 4.22 shows the completed Set to flag node.
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o SetToFlag X

i (e (@l=ID)
.

Setfields: Create flag fields:

GoacyTpe | Actit_Type_Aerobic x
Activity_Type_Gym Pass @

[« Field name extension | ‘ Activity_Type_Kids Activities
Add as: @ Suffix O Prefix Activity_Type_Personal Trainer
Activity_Type_Spin Class
Available setvalues: Activity_Type_Squash

> Activity_Type_Swimming

True value: T ‘ False value: F ‘

[ Aggregate keys:

[f Member_ID IE

oK J cancel

Figure 4.22 The completed Set to flag node

Within the dialog, click ‘OK’ and attach a table node to the completed Set to Flag node

Figure 4.23 shows the completed stream.

Health_Clug_Transact.. Aggregate

@ "

SetToFlag Table

Figure 4.23 The completed stream containing the Set to flag node
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To see the effects of the Set to flag procedure:
Run the stream branch containing the Set to Flag node

Figure 4.24 shows the output data from the node.

Table (8 fields, 3,814 records) _ 0O x
@ Ele 5 Edt ¢ Generate (@] x]
EH Annotations
Member_ID | Activity_Type_Aerobic | Activity_Type_Gym Pass | Activity_Type_Kids Activities | Activity_Type_Personal Trainer | Activity_Type_Spin Class | Activity_Type_Squash | Activity_Type_ ;
10530 F =

1090 F

1095 F
10701 F
10702F
10120F
10703 F
10117 F
10704F
10 10705 F
11 1077F

© | [~ o[+ [wna]-

12 10575 F
13 1091 F
14 1096 F
15 10212F
16 10706 F
17 10657 F

MMM AT T M AT A AT AN A4 TM
MMM MAMM MMM M MM A TM MM
MMM AMTMMAAM MMM M AT T
MMM MAMAM MMM MM A A MM AT
AHAmMA A A AT M AT AT T A A
MMM MAM MMM A M A MMM

18 10509 F
19 10118 F

[ElI

&

Figure 4.24 The completed stream containing the Set to flag node

As we can see from the table node, we are again dealing with an aggregated dataset of 3,814
records. However only the newly-created flag fields are shown. Moreover, each timea ‘T’
character is displayed within a cell, it indicates that that particular activity type was chosen by
the member in the corresponding row.

The Web Node /%

Web

The Web node performs no functions related to restructuring data but is a very useful way to
for us to investigate the interrelationships between the flag fields that we created using the
Set to Flag node. The Web node can be found within the Graphs palette of Modeler. Figure
4.25 shows the Web node attached to the Set to Flag node.

™

ieee B — (P —
19,827 Health_Clufj Transact..  Aggregate 3,814

3,814 SefToFlag —_

Figure 4.25 The Web node attached to the Set to flag node
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If we edit the web node, we are able to select any categorical fields for inclusion in the plot. In
this case, the flag fields from the Set to Flag node will suffice. Figure 4.26 shows the edited
Web node with the newly created flag fields included in the field plot list. You may note that
the box marked ‘Show true flags’ is checked, this simply tells the node to plot the relationships
between the activity types that the members chose (ignoring the relationships between those
activities they did not select).

@ X
Ll=0)

s Threshold values are: Absolute, Strong links are heavier

[ | \ |
Plot Options Appearance Output Annotations
Web: O Directed web

Fields: § Activity_Type_Aerobic | = |
X

8 Activity_Type_Gym Pass

§ Activity_Type_Kids Activities

8 Activity_Type_Personal Trainer
§ Activity_Type_Spin Class

$ Activity_Type_Squash

8 Activity_Type_Swimming

[ Show true flags only

Line values are: [Absolute X |

@ Strong links are heavier

= Weaklinks are heavier

Lok J(» Run|| cancel __Apply || Reset |

Figure 4.26 The main Web node dialog with the new flag fields added to
the field plot list

To execute the plot, click:
Run

Figure 4.27 shows the initial output from the web plot (the chart has been edited to increase
the clarity in print). You can see from the plot that each activity is connected to each other.
Thicker lines indicate stronger connections between activities — for example, there are 402
records that chose ‘Swimming’ and ‘Personal Trainer’ activities but only 29 records that chose
both ‘Swimming’ and ‘Aerobic’ activities.
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B8 Web of 7 Fields : Absolute #2 = O X

s File = Edit () Generate of View 4 Web

@ Activity_Type_Aerobic

@ Activity_Type_Gym Pass
@ Activity_Type_Spin Class

@ Activity_Type_Squash

|hlllllA'l.l‘lll'l'lll'I|I|I|I|I'I|I|A||il|b‘l'l‘

| | |
o 20 4“0 €0 80 100 120 140 180 180 200 220 240 280 280 300 320 340 360 380 400 420 440 460 480 500

@ Activity_Type_Kids Activities @ Activity_Type_Personal Trainer
@ Activity_Type_Swimming

Figure 4.27 The Web plot showing the relationships between the activities
— thicker lines represent stronger connections

One of the most compelling aspects of the Web plot is that it allows the user to explore these
relationships interactively. To control the thresholds of the line thickness, users can access the
web output controls by clicking the following button on the main toolbar:

Y

Y

The plot output is now expanded and displays the number of links between the activity types
in a tabular format (see figure 4.28).
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[ web of 7 Fields : Absolute #2

el Em Ogememe Syew @we =i (2l

@ Activity_Typa_Aerobic
@ Activity_Type_Spin Class

@ Activity_Type_Squash Activity_Type_Swimming

@ Activity_Type_Gym Pass .A:l‘mbf Type_Kids Activities @ Activity_Type_Parsonal Trainer

I O O O O
80 100 120 140 160 180 200 220 240 260 280 300 320 340 360 380 400

Figure 4.28 Accessing the web plot controls

Adtivity_Type_Personal Trainer =T
Activity_Type_Spin Class = T

Activity_Type_Kids Actiities = T
Activity_Type_Aerobic =T
M Type_Gym Pass =T

Activity_Type_ t.\,um-a =T
Activity_Type_Kids Activities =T~

To gain control over the display of the line thickness, click the tab marked:

Controls

Check the radio button marked:

Size shows strong/normaliveak

As figure 4.29 shows we can now use the slider controls to change the threshold points at
which the lines display strong, medium or weak relationships between the activity types.

] Web of 7 Fields : Absolute #2

BEle  GEG OGenerte o Vew gwer =ik gl

o sottans

@ Activity_Type_Aerobic

@ Activity_Type_Gym Pass
@Activity_Type_Spin Class

@ Activity_Type_Squash

=)

@ Activity_Type_Kids Activiies @ Activity_Type_Personal Trainer
@ Activity_Type_Swimming

Threshold values are:
Absolute

[=] stronglinks are heavier

= Weaklinks are heavier

‘Web Display

© size varies continuously
@ Size shows strong/normaliweak

Strong links above

e 2]

s

L L
0 20 40 60 80 100

Weak links below

Figure 4.29 Changing the threshold values for line thickness
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By setting the ‘Strong’ relationship threshold at 272, we can immediately see two strong
relationships between the activity types ‘Swimming’ and ‘Personal Trainer and also between
‘Swimming’ and ‘Spin Class’. Furthermore, we can see two medium strength relationships
between the activity types ‘Personal Trainer’ and ‘Spin Class’ and between ‘Swimming’ and
‘Kids’ Activities’. These kinds of plots are very useful for spotting natural ‘affinities” between
products or services in consumer behaviour and can be used as the basis of a model to
identify potential offers that could be made to consumers. In the next section we will
continue the data preparation theme by looking at how we can create consolidated datasets
using procedures for merging and appending data files.
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Section 5:
Merging Data > > (H

Append Merge Field Reorder
e The Append Node
e The Merge Node
e The Field Reorder Node

As we have seen in earlier sections, Modeler is designed to read multiple data files in multiple
formats simultaneously. In the previous section, we looked at methods for restructuring the
data in order to create the required unit of analysis. In this section, we will look at how we can
consolidate the cleaned and transformed data. There are two main methods that data
management and analysis platforms use to achieve this: merging and appending.

The Append Node

Appending data files is a process of concatenating the data to create a larger file with
additional records. Append procedures often become necessary when joining data files that
refer to different customer groups, regions or time periods. The Append node joins two or
more files together by combining their respective records and matching the data on the basis
that:

e The fields in the different files have the same names or occupy the same position
e The fields with the same names or position are the same type

Fortunately, the Append node in Modeler makes it easy to append multiple data files and to
deal with issues of mismatched columns. To illustrate this, open the following Modeler stream
from the Section 5 folder:

Section 5 Start.str

Figure 5.1 shows three source nodes near the top of the stream that have been configured to
read the files we will use in the append demonstration. We can see from the source nodes
that they represent three separate years of customer transactions (from 2012 to 2014). You
may notice that each file is stored differently in terms of format or delimiter.
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@-— @

8,152 records 2012 Health Club Tra..

ARG
fnd
mEmg
(LT

10,080 recors 2013 Health Club Tra..

ass

1,595 records 2014 Health Club Tra..

=]

|

Figure 5.1 Source files representing three separate different years of
customer transactions to be appended into a single data file

The Append node is stored in the Record Ops palette. We can add it to the stream and attach
each of the source nodes to it.

Double click the Append node within the Record Ops palette

Join each Data Source node to the Append node

Note that Modeler detects the order in which the data sources are joined to the Append
node. Figure 5.2 shows the source nodes joined to the added Append node.

@-— ®

8.152 records 2012 Health Club Tra™

=

E | -—

10,080 recors 2013 Health Club Tra.. | Append !

o=ED

EH| -~

1,595 records 2014 Heatlth Club Tra..

Figure 5.2 The Append node attached to three data source nodes
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To see the available functionality within this node.

Edit the Append node

Merging Data

Figure 5.3 shows the default settings in the Append tab with numbered annotations.

7 Append

Append 3 datasets

Inputs Append Annotations

Matchfieldsby. O Position/® Name (1) [T Match case

Preview of field matches and structure

2) Output Field 1[2012 Health Club Tran...| 22013 Health Club Tran...| 32014 Health Club Tran...
{# Member_ID &> Member_ID {3 Member_ID {3 Member_ID

& Transxn_ID & Transxn_ID {3 Transxn_ID {3 Transxn_ID

i Transxn_Date i Transxn_Date i Transxn_Date f] Transxn_Date

l%l} Club Al Club l% Club Al Club

$# Amount {# Amount {2 Amount {2 Amount

[A] Activity_Type [A] Activity_Type [A] Activity_Type

& Year @ Year 3 Year 3 Year

@ Include fields from: @ Main dataset only © All datasets

@ Tag records by including source dataset in field

_gopl || Reset)

Figure 5.3 The edited Append node with numbered annotations

Initially, it looks like the node is referencing four files as opposed to three. This is because the
Append tab within the node shows us information about the fields from the three input files
but also shows us the information about the final appended data file the procedure will

create.

1. Match fields by mode: Within the node we have the option to match the data files
based on fields with the same name (and optionally the same character case) or the
same position within the files. You can see that the field marked ‘Activity’ in the last
column (from the 2014 file) is greyed out. This does not have the same name as the

other two files where the column is called ‘Activity_Type’.

2. Preview of field matches and structure: The column marked ‘Output Field’ shows us
what fields will be displayed in the appended output file. Although the field
‘Activity_Type’ will be included, it will not contain values from the 2014 file.

3. Include fields from Mode: The ‘Main dataset’ refers to the first dataset joined to the
Append node (this can be edited within the ‘Inputs’ tab). The main dataset is the
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leading data source. The names and order of the fields within this dataset represent
the template that the other appended files must adhere to.

4. Tag records by option: Finally, the Append tab offers us the opportunity to create a
new field (called ‘Input’ by default) that creates a numbered indicator (in this case
running from 1 to 3) showing which source file contributed each row in the appended
output file.

As we can see in the example, there is a mismatch between the field names for the variable
‘Activity_Type’. Perhaps we can resolve this issue by switching the ‘Match fields by’ mode.
Within the Append tab, next to the ‘Match fields by’ label click the option marked:

Position

Figure 5.4 shows what happens when we try this option.

\-) Append X

Fields with storage type mismatches are shown in blue.

Inputs. APPend Annotations

m
Match fields by: @: Position{© Name ]
Preview of field matches and structure
Output Field 1[2012 Health Club Tran... ] 2[2013 Health Club Tran... I 3[2014 Health Club Tran...

# Member_ID &> Member_ID {3 Member_ID {3 Member_ID
&3 Transxn_ID {# Transxn_ID {3 Transxn_ID {3 Transxn_ID
B Transxn_Date B Transxn_Date B Transxn_Date i Transxn_Date
[a] Club [A] Club [A] Club [A] Club

7 Amount & Amount [A] Activity_Type > Amount

? Activity_Type |A] Activity_Type {3 Year [A] Activity
& Year & Year {3 Amount {3 Year

Include fields from: @ Main dataset only © All datasets

| Tag records by including source dataset in field

[ ok ]|cancel _Apply || Reset

Figure 5.4 Changing the ‘Match fields by’ mode to ‘Position’ instead of
‘Name’

Unfortunately, changing the field matching mode has not helped to resolve the issue. The
reason is that not all the files have the same fields in the same position. We can see that the
field ‘Amount’ in the 2013 data file appears in the last column position (whereas in the other
files it is the third last column). Perhaps we could go back to the default setting and try
another approach.
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Within the dialog, click the button marked:

Reset

In section labelled, ‘Include fields from’, click the option marked:

All datasets

Figure 5.5 shows the results of changing this option.

O Append X

e

pend 3 datasets

Inputs |APpend| Annatations.
Match fields by: © Position @ Name [7] Match case
Preview of field matches and structure

Output Field 1[2012 Health Club Tran... ] 2{2013 Health Club Tran... | 3[2014 Health Club Tran...
& Member_ID &3 Member_ID {3 Member_ID {3 Member_ID
& Transxn_ID & Transxn_ID {3 Transxn_ID {3 Transxn_ID
B Transxn_Date i Transxn_Date B Transxn_Date i Transxn_Date
[A] Club [A] Club [A] Club [A] Club
{# Amount {# Amount {3 Amount {3 Amount
|A] Activity_Type [A] Activity_Type [A] Activity_Type
& Year & Year {3 Year D Year
[A] Activity [A] Activity

Include fields from: © Main dataset only @iAII data ts

[ Tag records by including source dataset in field

Figure 5.5 ‘Changing the ‘Include fields from’ option to ‘All datasets’

We can see from the preview that switching off the leading dataset means that the values
from the column ‘Activity’ in the 2014 data file will now be added to the appended output file,
but unfortunately, they will appear as a separate column.

The easiest way to resolve this issue is of course to simply rename the column in the source
node for the data file. To do so, click:

Reset

OK

Edit the source node for the file ‘2014 Health Club Transactions.csv’ and switch to the Filter
tab. Figure 5.6 shows the field name being changed from ‘Activity’ to ‘Activty_Type'.
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o 2014 Health Club Transactions.csv

e |
.3

Fields: 7 in, O filtered, 1 renamed, 7 out

Member_ID —_—
Transxn_|D —_—
Transxn_Date —_—
Club e
Amount e
Activity —
Year —_—

Member_ID
Transxn_ID
Transxn_Date
Club

Amount

Field

[Activity_Type

Year

@ View current fields View unused field settings

(Lo J [cancel)

CYEY (w]

Figure 5.6 Changing the field name from ‘Activity’ to ‘Activity Type’

Now return to and edit the Append node.

We can immediately see that all the fields are now correctly matched. Within the Append tab,

check the box marked:

‘Tag records by including source dataset in field’
Edit the field name:

From ‘Input’ to ‘Appended_File_Order’

Figure 5.7 shows the completed dialog.
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X
ol-lM
, Append
Match fields by: Position @ Name [ Match case
Preview of field matches and structure
Qutput Field Firstf2012 Health Club T... | Second[2013 Health Clu... ] Third[2014 Health Club
Member_ID &3 Member_ID Member_ID Member_ID
Transxn_|D @ Transxn_ID Transxn_ID Transxn_ID
B Transxn_Date i Transxn_Date i Transxn_Date i Transxn_Date
Club Club Club Club
Amount Amount Amount Amount
Activity_Type Activity_Type Activity_Type Activity_Type
Year Year Year Year
|A] Appended_File_Order
1 M
Include fields from: @ Main dataset only © All datasets
|« Tag records by including source dataset in field IAppended_File_Order |

Figure 5.7 Completed Append dialog
Finally, before we run the procedure, click the tab marked:
Inputs

Within the Inputs tab, we find that by clicking on the rows that correspond to each file, we can
click the and down arrow buttons in the dialog to change which file represents the ‘Main
dataset’. We can also click on the numbered labels within the newly created tag column
(‘Appended_File_Order’) and edit them:

Edit the value Tag values from ‘1’, ‘2’ and ‘3’ to ‘First’, ‘Second’ and ‘Third’

Figure 5.8 shows the edited Inputs tab.
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O Append X
(@l-1M

Tags and order of input datasets::

Tag | Source Node | Connected Node |Fields |

First 2012 Health Club Transaction... 2012 Health Club Transaction... 7 @

Second 2013 Health Club Transaction... 2013 Health Club Transaction... T

Third 2014 Health Club Transaction... 2014 Health Club Transaction... 7 +

Main dataset: Firs{2012 Health Club Transactions xls:2012 Health Club Transactions xis]

© view currenttags  © View unused tag settings

(o) o) (o) (s

Figure 5.8 Inputs tab illustrating how we can choose the dataset order
and edit the Tag values

To execute the procedure:
Attach atable node to the Append node and run that branch of the stream

Figure 5.9 shows the results in the table output.

Table (8 fields, 19,827 records) — Oa
S Ele  sEdt O Generate ||
Member_ID | Transxn_ID | Transxn_Date [club | Amount | Activity_Type | Year | Appended_File_Order |
1 10530.000 98381640.0...01/03/2012 07.:38:00 Edinburgh  7.000 Squash 2012.... First
2 1090.000 98386434.0...01/03/2012 09:03:00 Edinburgh  7.000 Squash 2012.... First
3 1095.000 98386866.0...01/03/2012 09:10:00 Edinburgh  7.000 Squash 2012.... First
4 10701.000 98386854.0...01/03/2012 09:-10:00 Edinburgh  8.000 Gym Pass  2012.... First
5 10702.000 98387208.0..01/03/2012 09:16:00 Edinburgh  4.000 Gym Pass  2012.... First
6 10120.000 98387844.0...01/03/2012 09:21:00 Edinburgh  7.000 Squash 2012.... First
7 10703.000 98388018.0...01/03/2012 09:23:00 Edinburgh  4.000 Gym Pass  2012.... First
8 10703.000 98388180.0... 01/03/2012 09:24:00 Edinburgh  8.000 Gym Pass  2012.... First
9 10117.000 98388666.0... 01/03/2012 09:26:00 Edinburgh  7.000 Squash 2012.... First
10 10704.000 98389080.0...01/03/2012 09:28:00 Edinburgh  8.000 Gym Pass  2012.... First
1 10705.000 98389302.0...01/03/2012 09:30:00 Edinburgh  4.000 Gym Pass  2012.... First
12 1077.000 98389512.0...01/03/2012 09:32:00 Edinburgh  7.000 Squash 2012.... First
13 10575.000 98389638.0...01/03/2012 09:34:00 London 8.000 Gym Pass  2012.... First
14 10575.000 98389746.0...01/03/2012 09:35:00 London 8.000 Gym Pass  2012.... First
15 1091.000 98389704.0...01/03/2012 09:35:00 Edinburgh  7.000 Squash 2012.... First
16 10575.000 98390058.0... 01/03/2012 09:36:00 London 8.000 Gym Pass  2012.... First
17 1096.000 98390130.0...01/03/2012 09:37:00 Edinburgh  7.000 Squash 2012.... First
18 10212.000 98390088.0... 01/03/2012 09:37:00 Edinburgh  7.000 Squash 2012.... First
19 10706.000 98390202.0... 01/03/2012 09:38:00 Edinburgh  8.000 Gym Pass  2012.... First
20 10657.000 98390226.0... 01/03/2012 09:38:00 Edinburgh  7.000 Squash 2012.... First <]

Figure 5.9 Appended file comprised of 19,827 records created from three
data sources
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The Merge Node

Merge

The Merge node is normally used to create new datasets by adding fields to an existing data
source. With the Append procedure, we were concerned with how the fields in the various
files would match up with one another to create the appended output file. With the Merge
node, a key consideration is how the records will match up between the files to create a
consolidated row containing all the required fields. Merging data files can sometimes be a
more complex process than appending records to an existing file because there are many
ways in which the data files can be joined together. To begin with, we can consider the how
the merge procedure determines which records should be joined.

Merging by Record Order — This is a very simple way to merge records as it assumes
that the first record in one dataset corresponds to the first record in the second
dataset. This continues throughout all the rows of data in both datasets. To make the
procedure work correctly, the analyst must ensure that both datasets are sorted in the
correct order.

Merging with a Key field — This is much more common scenario than merging data
based on the record order. A key field is an identifier such as a customer ID number, a
transaction code or an email address. The merging process then uses the identifier to
match up the correct records in both files. Often a single unique identifier doesn’t exist
and so more than one field is specified to create a compound ID (such as Date of Birth,
First Name and Surname). We should note that using any sort of keyed field to merge
datasets creates choices as to the method used to join the data (of which more later).

Merging by Condition — This merge method is employed less often than the previous
technique. It allows the user to specify a condition that must be met for the merge to
happen. For example, you could merge data based on the values in one key field but
only if the data are not missing. If however the data is missing within the keyed field,
you could revert to matching on a different field. The condition itself can be specified
directly in the node or created using the Expression Builder.

Merge by Ranked Condition — Like the previous merge type, using a ranked condition
allows you to merge data according to a conditional rule but sorts the rows from low
to high. For example, you might wish to merge records based on the fact that they
coincide within the same geographical region and sort them in order of their proximity
to specific location within the area. This is quite a specialist method and is used less
often.

When merging records with keyed fields, there are various ways in which datasets can be
joined together.
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Types of Join

In the following figures, we can see examples of the effects of choosing different methods for
joining datasets together within a merge procedure. In each example, we begin with the same
two files. Each file contains a single record with an ID value that doesn’t match with the other
file.

Inner Join
File A File B

ID Name Gender ID Age Region
1 Rachel Smith F 1 39 NE
3 Paula Halsey F 2 48 SE
4 Bernard Clippings M - 64 E

ID Name Gender Age Region

1 Rachel Smith F 39 NE

4 Bernard Clippings M 64 E

Figure 5.10 Inner Join

Using an Inner Join, the merge procedure creates a file with only two cases. This is because
the inner join method only joins those records where a match can be found in both files.

Full Outer Join

File A File B
ID Name Gender ID Age Region
1 Rachel Smith F 1 39 NE
3 Paula Halsey F 48 SE
4 Bernard Clippings M 4 64 E
ID Name Gender Age Region
1 Rachel Smith F 39 NE
2 43 SE
3 Paula Halsey F
4 Bernard Clippings M 64 E

Figure 5.11 Full Outer Join

Figure 5.11 shows the effect of choosing a Full Outer Join method. In this case the merged file
contains all the records from both files even if a match cannot be found. As a result, the
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merged file contains empty (or missing) cells for those records where the ID value cannot be
used to form a pair.

Partial Outer Join
File A File B
ID Name Gender ID Age Region
1 Rachel Smith = 1 39 NE
3 Paula Halsey F 2 48 SE
4 Bernard Clippings M 4 64 E
ID Name Gender Age Region
1 Rachel Smith F 39 NE
3 Paula Halsey F
4 Bernard Clippings M 64 E

Figure 5.12 Partial Outer Join

Partial outer joins (often called ‘left’ or ‘right’ outer joins) create merged data where all the
records one table are retained (commonly referred to as the keyed table) and only the
matching records from the other table(s) are added. This is a commonly used join method
when we wish to retain all the records from one ‘master’ table. For example, a table
containing the demographic details of 60K customers may be retained and another table
containing their aggregated transaction values may be joined to it. Assuming there are no
duplicates, we will still end up with 60K customers even if there were some customers where
we could not find any transaction values to match on.

Anti-Join
File A - File B
ID Name Gender ID Age Region
1 Rachel Smith = | B 1 39 NE
3 Paula Halsey F 2 48 SE
4 Bernard Clippings M 4 64 E

ID Name Gender
3 Paula Halsey F
Figure 5.13 Anti-Join

As figure 5.13 shows, an anti-join results in a dataset of records from the first table where no
match could be found. It can be a useful diagnostic tool as it isolates the records that can’t be
matched to the data in the other file(s). It's important to point out that all the examples above
are based on data without duplicates. Merging data with records containing duplicate keys
may result in output with more records than either file originally contained as each
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permutation of the duplicates creates an additional record. This is not always desired or
expected so removing duplicates before the merge process often makes a lot of sense.

Before we begin using the Merge node in our demonstration stream, we will need to prepare
the appended data so that the unit of analysis is converted to one row per customer. We can
do this if we can use the Aggregate and Set to Flag nodes that we saw in the previous chapter.
To save time, both of the nodes have already been configured and encapsulated within a
supernode which we can add to the stream. To do so, from the main menu within Modeler,
click:

Insert

Supernode from file...

Navigate to the folder marked ‘Section 5’ and select the file
‘Aggregate & Set to flag.slb’

Insert

The pre-prepared supernode is now inserted into the stream. To see how it transforms the
appended data, connect the node to Append node and add a Table node downstream of the
supernode. Figure 5.14 shows the supernode added to the stream with a Table node as the
terminal point in the branch.

] -—— (B EE
8,152 records 2012 Health Club Tra.. TTIe

- (8 - — — [
10,080 recors 2013 Health Club Tra. Append Aggregate & Setto F _'_I'g_p{g_

1,595 records 2014 Health Club Tra..

Figure 5.14 An inserted supernode added to the Append procedure to
prepare the data for merging

Figure 5.15 shows the table output generated from this modified branch of the stream. We
can see that the appended and transformed data is comprised of 3,814 records.
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[ Table (15 fields, 3,814 records) #9 - a
iw Elle 5 Edt O Generate
o
| Member_ID |First_Transmn_Date |Last_Transn_Date |Club Total_Amount | Average. M Most_Recent_Year | Num_of_Transactions [MMM.IM.‘}L[M Type_Kids Actiities | Actity T |
1 100.00021/03/2013 16:5200 130172014 17:28:00 Bristol 21.000 2014.000 F F F «
2 101.000 14/10/2013 13:09:00 14/10/2013 13:09:00 Manchester 36.000 35000 2013.000 'l Y F F F L
3 102.000 12/01/2014 09:55:00 12/01/2014 09:55:00 Manchester 36.000 36.000 2014.000 1T F F F
103.000 09/01/2014 18:35:00 09/01/2014 18:35:00 Manchester 36.000 36.000 2014.000 1T F F F
104.000 08/10/2013 08:48:00 08/10/2013 08:48:00 Manchester 36.000 36.000 2013.000 1T F F F
105.000 01/03/2014 08:34:00 01/03/2014 08:34:00 Manchester 36.000 36.000 2014.000 1T F F F
106.000 23/04/2013 09:44:00 03/03/2014 09:23.00 Manchester 100.000 50.000 2014.000 27 F F F
8 107.000 06/03/2014 18:51:00 06/03/2014 18:51:00 Manchester 36.000 36.000 2014.000 1T F F F
9 108.000 09/11/2013 13:04:00 09/11/2013 13:04:00 Manchester 36.000 36.000 2013.000 1T F F F
10 109.000 20/02/2014 20:18:00 20/02/2014 20:18:00 Manchester 36.000 36.000 2014.000 17 F F F
1 1010.000 03/03/2014 17:56:00 03/03/2014 17:56:00 Manchester 36.000 36.000 2014.000 1T F F F
12 1011.000 13/11/201321:08:00 13/11/201321:08:00 Manchester 36.000 36.000 2013.000 1T F F F
13 1012.000 01/03/2014 15:11:00 01/03/2014 15:11:00 Manchester 36.000 36.000 2014.000 1T F F F
1 1013.000 09/01/2014 22:04:00 09/01/2014 22:04:00 Manchester 36.000 36.000 2014.000 17 ¥ F F
1 1014,000 28/08/2013 18:37:00 28/08/2013 18:37:00 Manchester 36.000 36.000 2013.000 17 F F F
1 1015.000 02/09/2013 15:43.00 02/09/2013 15:43:.00 Manchester 36.000 36.000 2013.000 17 F F F
1 1016.000 02/09/2013 15:44.00 02/09/2013 15:44:00 Manchester 36.000 36.000 2013.000 1T F F F
hl 1017.000 01/09/2013 10:41:00 01/09/2013 10:41:00 Manchester 36.000 36.000 2013.000 1T F F F
1! 1018.000 09/10/2013 10:39:00 09/10/2013 10:39:00 Manchester 36.000 36.000 2013.000 1T F F F
20 1019.000 07/10/2013 10:38:00 07/10/2013 10:38:00 Manchester 36.000 36.000 2013.000 1T F F F ~
1

Figure 5.15 Table output from the inserted supernode showing the data
converted to one row customer.

Having converted the data via the supernode, we can now merge it with the de-duped data
from the file ‘Health_Club_Contacts.csv’. From the Record Ops palette:

Place a Merge node on the stream canvas
Connect the Supernode to the Merge node

Connect the last Distinct node to the Merge node

Figure 5.16 shows the two stream branches joined by the Merge node.

=53
L
8,152records 2012 Health Club Tra.. TTle
. —— J—
10,080 recors 2013 Health Club Tra.. Aggregate]s Set to F.. 3,814 records
1,595 records 2014 Health Club Tra..
4

3818records  Health_Club_Contacts.. Dslnct r Merge

=

3,815 records 3,813 records

Figure 5.16 Using the Merge node to join transactional data and customer
contact information together
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We can now configure the Merge node to join the customer contact data to the appended
and summarised transactional data.

Right-click on and edit the Merge node

As the resultant dialog shows, the default Merge method is ‘Order’. This assumes that both
files are sorted in the same order and that there is an exact match in terms of the relative
positions of the records in both files (e.g. record 2,925 in first file matches with record 2,925 in
the second file and so on). In most situations this is rarely appropriate. Here we need to
match by a key field, so within the dialog click on the drop-down menu marked...

Method
...and choose
Keys

We can see that the field ‘Member_ID’ is chosen as a possible key because it happens that
there is a field with that exact name in both files. Select this field and send it to the list box
marked ‘Keys for merge’ by clicking:

Ly

Figure 5.17 shows the Merge dialog so far.

\) Merge X

Merge 2 datasets. Merge method: Keys

Inputs  Herge. Filter Optimization Annolations

Merge Method: |Keys ¥

Possible keys: Keys for merge:

Member_ID

2'§COmbine duplicate key ﬁeldsé

® Include only matching records (inner join)
© Include matching and non-matching records (full outer join)

© Include matching and selected non-matching records (partial outer join)

© Include records in first dataset not matching any others (anti-join)

Lok J (cancel]

Figure 5.17 The edited Merge node using a key field to define the merge
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At this point we can choose a join method to complete the merge. Before we do so, you may
recall that when we used the Distinct nodes earlier to remove records with duplicate
customers IDs and email addresses, we ended up with 3,813 records. However, after adding
the supernode to the appended transactional data we had 3,814 records. Clearly one record
cannot find a match in both tables. Remember that we can use the anti-join method here to
identify this case. Using an anti-join identifies the records from the first table that couldn’t be
matched to any of the subsequent tables. The data from the supernode made the first
connection to the merge node, so it constitutes the first table (although the order of the
connections can be altered using the ‘Inputs’ tab in the edited Merge node). To identify which
case from the transactional data can’t be matched to the contact data, click the radio button
marked:

Include records in the first dataset not matching any others (anti-join)
Now click the button marked:
Preview

Figure 5.18 shows the data preview output that is generated.

Preview from Merge Node (15 fields, 1 records) #1 - O X

ls File | 5 Edit ¢ Generate

Table|| Annotations

Member_ID | First_Transxn_Date [Last_Transxn_Date ‘ Club | Total_Amount| Average_Amcunt] Most_Recent_Year‘ Num_of|
1 10610.000 17/05/2012 10:21:00 17/05/2012 10:21:00 London 8.000 4.000 2012.000
|4 oo e e——— [V]

Figure 5.18 Unmatched record identified using anti-join method in the
merge procedure

The anti-join method shows that the record with Membership ID ‘10610’ cannot be found in
the customer contacts data. At this stage, we can make a decision as to whether we wish to
use a join method to create a merged dataset that also contains this record (albeit without
any of the contact information) or whether we simply ignore it and perform a join that drops
this unmatched record from the output data. As it is only one record, we can afford to create
a merged dataset without it. To do this, we could either perform an inner-join or a partial
outer join using the contacts data containing 3,813 records as the keyed table: either
approach will create identical results.

From within the Merge dialog, select the radio button marked:

Include only matching records (inner join)
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Figure 5.19 shows the completed Merge dialog.

O Merge X
(>») Liznsmn)

Merge 2 datasets. Merge method: Keys

Merge Method:

Possible keys: Keys for merge:
Member_ID

[¥ Combine duplicate key fields

® Include only matching records (inner join)
Include matching and non-matching records (full outer join)

© Include matching and selected non-matching records (partial outer join)

_topy || Beset

Figure 5.19 Using the Merge node to perform an inner join

To perform the inner join:
Click ‘OK’ and add a Table node downstream of the Merge node

Figure 5.20 shows a partial view of the merged table output data and figure 5.21 shows the
Modeler stream so far.
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Table (23 fields, 3,813 records) #2 — O

\g Eile = Edit ) Generate

Table Amotations
| Activity_Type_Squash | Activity_Type_Swimming | Gender | Firstname | Lastname | email | Advantage_cCt

1 T F Male  Samson Blake SBlake@AP.com Racquets ﬂ
2 F F Male  Agustin  Sloan ASloan@SAsS.org Classes

Bl F F Female Monserrat Petty MonserratPetty@hotmail.com Classes

4 F F Female Luz Taylor LuzTaylor@SAS.net Classes

5 F F Female Alena Shea Alena_Shea@AP.co.uk Classes

6 F F Female Jimena Hancock JHancock@gmail.net Classes

7 F F Male  Finnegan Espinoza F.Espinoza@Milestones.org Classes

8 F F Male  Bradley  Chang B.Chang@hotmail.biz Classes

9 F F Male  Cristian  Alvarez  C_Alvarez@Arcturus.co.uk Classes

10 F F Male Corey Archer Corey_Archer@yahoo.com Classes

11 F F Male QOrion Burch Orion.Burch@global.co.uk Classes |
10 |T':| E Mala __ Bradlay un.mini E Hiiiiilniﬁiiglhiiiii ﬁﬁ Elff:f il

€3

Figure 5.20 Table output showing the merged data

8,152 records 2012 Health Club Tra.. TT
— - ®— W —
10,080 recors 2013 Health Club Tra.. Append Aggregate|s Setto F.. 3,814 records

—@

1,595 records 2014 Health Club Tra..

3818 records  Health_Club_Contacts.. Disrd Merge 3313recordaJ

3,815 records 3,813 records
Figure 5.21 The Merge node used to join two data streams

A situation that often occurs, is the requirement to merge data from a reference table that
contains additional information about one of the fields in the main dataset. Figure 5.22 shows
the contents of a dataset called ‘ Channel_Loyalty Points.csv'. This dataset simply contains
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extra information about how many loyalty points are associated with each preferred loyalty
channel.

Table (2 fields, 7 records) ~ — O X

Table Annotations

Advantage_Channel | Points |
1 Premium 375
2 Families 350
3 Workouts 300
4 Racquets 275
) Classes 250
6 Intense 225
7 Pool 200

oK

Figure 5.22 Loyalty points reference table

Obviously, if we use the merge node to add this data to existing stream we cannot match by
Customer ID as the loyalty points are not associated with individual customers but rather the
activities that the club wants to reward loyalty for. As we will be using a different key to
perform the merge, we will need to add a separate Merge node. The source node for this
small dataset can be found at the bottom of the stream.

Add a new Merge node and connect the Source node ‘Channel_Loyalty Points.csv’ to it

Connect the newly added Merge node to existing Merge node

Figure 5.23 shows the stream containing the two merge nodes.
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8,152 records 2012 Health Club Tra.. Taple
— " /\ﬁ
® %@
10,080 recors 2013 Haailth Club Tra.. Append Aggregate £ Setto F .. 3,814 records
=
=

1,555 records 2014 Health Ciub Tra..

= - -®-® — & — B
\.
3818 records Health_Club_Contacts. Distinct Distinct Wearge 3,813 records
A\ Y
!@' =it
3,815 records 3,813 records
Channel_Loyalty_Poin | Merge |

..............

Figure 5.23 Second Merge node added to the stream

To perform the merge:
Right-click on and Edit the new merge node

Again, we will need to perform a merge using a key field, so within the dialog, click on the
drop-down menu marked...

Method
...and choose
Keys

On this occasion, we can see from the dialog within the edited Merge node, that the only field
identified as a possible key is ‘Advantage_Channel’.

Select this field and send it to the ‘Keys for merge’ list box.
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Figure 5.24 shows the partially completed dialog.

O Merge b

‘sy) ([ Ereview (=)

Merge 2 datasets. Merge method: Keys

Merge Method: |Ksys b |

Possible keys: Keys for merge:

Advantage_Channel

A

@éCombine duplicate keyﬁeldsé

@ Include only matching records (inner join)
© Include matching and non-matching records (full outer join)

Include matching and selected non-matching records (partial outer join)

Include records in first dataset not matching any others (anti-join)

Lok ) (e e

Figure 5.24 Partially completed Merge node for adding data from a
reference table

Using the ‘Inner join’ method will not work here as the reference table only contains 7
records. Instead we must define a partial outer join where the already merged data forms the
‘outer join’. To do this, click the radio button marked:

Include matching and selected non-matching records (partial outer join)
Now click:

Select

In the sub-dialog that is generated:

Check the box marked ‘Outer join’ that corresponds to the already merged data in the source
node (and connected node) marked ‘Merge’

Figure 5.25 shows the completed outer join sub-dialog and the main merge dialog.
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[ Combine duplicate key fields

Outer Join |Tag
@] 1
v 2

Channel_Loyalty_Point... Channel_Loyalty_Point... R

Merge

Merge

0 Merge ¢
(>») i) 2210
Merge 2 datasets. Merge method: Keys
s Veroe Fiter Optmztion Annoiatons
Merge Method:
Possible keys: Keys for merge: ?
Advantage_Channel
¢ o O Q
- o Merge: Select Dataset for Outer Join X
@ Outer Join : check if this dataset should
(If all are checked, this becomes a full outer join):
| Source Node | Connected Node

© Include only matching records (inner join)

© Include matching and non-matching records (full outer join)

@ Include matching and selected non-matching records (partial outer join)

o) como) L

© Include records in first dataset not matching any others (anti-join)

Figure 5.25 Completed Merge node using a Partial Outer Join

To continue, click:

OK

OK

Add a Table node to the new Merge node and run the stream branch. Figure 5.26 shows

some of the table output.

Table (24 fields, 3,813 records) #1

soe gm Oswee (S
Advantage_Channel | Points | Member_ID | First_Transxn_Date |Last_Transxn_Date |Club |Total_Amount |Average_Amount |1
1 Classes 250 103858.000 16/09/2012 09:46:00 16/09/2012 09:46:00 Lond... 108.000 108.000
2 Classes 250 103857.000 16/09/2012 09:31:00 16/09/2012 09:31:00 Lond... 108.000 108.000
3 Classes 250 103856.000 16/09/2012 12:51:00 16/09/2012 12551:00 Lond... 100.000 100.000
4 Classes 250 103855.000 11/12/2013 18:51:00 11/12/2013 18:51:00 Bristol 134.000 134.000
5 Classes 250 103854.000 14/06/2013 09:35:00 14/06/2013 09:35:00 Lond... 46.000 46.000
6 Classes 250 103853.000 24/03/2013 10:26:00 24/03/2013 10:26:00 Bristol 162.000 162.000
iZ Classes 250 103852.000 17/04/2013 15:00:00 17/04/2013 15:00:00 Lond... 100.000 100.000
3 Classes 250 103851.000 26/04/2013 18:05:00 26/04/2013 18:05:00 Lond.. 46.000 46.000
9 Classes 250 103850.000 17/01/2013 14:27:00 17/01/2013 14:27:00 Lond... 62.000 62.000
10 Classes 250 103849.000 15/03/2013 18:56:00 15/03/2013 18:56:00 Bristol 217.000 217.000
1 Classes 250 103848.000 13/01/2013 11:27:00 13/01/2013 11:27:00 Bristol 77.000 77.000
12 Classes 250 103847.000 14/01/2013 12:10:00 14/01/2013 12:10:00 Bristol 77.000 77.000
13 Classes 250 103846.000 30/03/2013 11:22:00 30/03/2013 11:22:00 Lond... 100.000 100.000
14 Classes 250 103845.000 06/01/2013 10:34:00 06/01/2013 10:34:00 Bristol 85.000 85.000 [¥]
>

(o]

Figure 5.26 Table output from merging loyalty data from a reference table
to the main merged file
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The Field Reorder Node ‘0%

Field Reorder

Now that we have consolidated a number of data files into a single dataset, we can edit the
order of the fields within the file itself. As the name implies, the Field Reorder node allows us
to do just that. The node is found within the Field Ops palette and we can add it to the most
recent Merge node that we placed on the stream canvas.

Double click on the Field Reorder node in the Field Ops palette to add it to the stream canvas
Join the Field Reorder node to the last Merge node

Right-click on the Field Reorder node and edit it

Figure 5.27 shows the default view of the edited Field Reorder node

) Field Reorder >

Reorder Annotations

@ Custom Order © Automatic Sort
Type: Name: Storage: EIB
Type |Field | Storage |

------------------- [other fields ]

X| 1]« s [+ E)

Note: Fields added down stream of this node are not reordered.

Cox ) Gl

Figure 5.27 The default view of the Field Reorder node

The Reorder tab within the node allows us to either automatically sort the fields in terms of
their field names, type or storage or alternatively to define a custom order. To define a
custom order, click the field picker button:

Choose the following fields to appear at the start of the file:
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Member_ID
First_Transxn_Date
Last_ Transxn_Date

Click the field picker button again:

Choose the next group of fields (at the end of the list) to appear after ‘Last_Transxn_Date’.

Gender

Firstname

Lastname

email

Local _Club

In the field order list click:
[ other fields ]

Send it to the bottom of the field order list by clicking:

The completed dialog should look like figure 5.28.
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(J Field Reorder >

o @lalD
| Reorder|H

@ Custom Order Automatic Sort

Type: m Name: m Storage: m

Type |Field | storage | @
& Member_ID 7 (Unknown)

& First_Transxn_Date B Timestamp

& Last_Transxn_Date fr] Timestamp

b | Gender |A] String

b4 | Firstname |A] String I
| Lastname |A] string

b | email |A] String ¥
b5 | Local_Club |A] String

e ~[other fields ] x

Clear Unused

Note: Fields added down stream of this node are not reordered.

Lok J (cancel) toply || Reset)

Figure 5.28 Defining the field order within the Field Reorder node

By clicking the data preview button, we can see that the fields have indeed been reordered
(figure 5.29).

Preview from Field Reorder Node (24 fields, 10 records) #3 = O

& File |3 Edit t) Generate

Member_ID | First_Transxn_Date |Last Transxn_Date |Gender |Firstname |Lastname |email | Local_Club |
1 103858.000 16/09/2012 09:46:00 16/09/2012 09:46:00 Male  Clinton Lowe C_Lowe@global.com London
2 103857.000 16/09/2012 09:31:00 16/09/2012 09:31:00 Female Kaleigh  Fletcher KFletcher@global.com London
3 103856.000 16/09/2012 12:51:00 16/09/2012 12:51:00 Male  Vaughn Page Vaughn_Page@BT.biz London
4 103855.000 11/12/2013 18:51:00 11/12/2013 18:51:00 Female Savanna Davies Savanna_Davies@Smartvision.biz Bristol
5 103854.000 14/06/2013 09:35:00 14/06/2013 09:35:00 Female Kenley Ochoa Kenley.Ochoa@aol.co.uk London
6 103853.000 24/03/2013 10:26:00 24/03/2013 10:26:00 Female Bria Gill Bria_Gill@SAS.org Bristol
7 103852.000 17/04/2013 15:00:00 17/04/2013 15:00:00 Male  Vaughn Hendricks V_Hendricks@aglobal.biz London
8 103851.000 26/04/2013 18:05:00 26/04/2013 18:05:00 Male  Uriel Kaiser U Kaiser@Milestones.net London
9 103850.000 17/01/2013 14:27:00 17/01/2013 14:27:00 Female Charity Noble C_Noble@Smartvision.net London
10 103849.000 15/03/2013 18:56:00 15/03/2013 18:56:00 Female Karlee Potts Karlee Potts@IBM.org Bristol
N ———————— [¥

Figure 5.29 Data preview showing the effects or the Field Reorder node

Finally, we can export the consolidated and merged data as a complete file. To do so, from
the Export palette, choose the following node and attach it to the Field Reorder node:

Flat File
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Merging Data

Name the file ‘Health_Club_Merged.txt’ and request that it is saved in the Section 5 folder

Figure 5.30 shows the complete dialog.

Run the procedure so that the data is exported

J Flat File %

Exportfile: |[C:\SV Training\Modeler Intro\SectionS\Health_Club_Merged.bdt

Write mode: ® Overwrite [¥ Include field names
© Append

& New line after each record

Field separator. © Comma @ Tab © Space
Other:

Symbol quotes: None Single (') @ Double (")
Other.

Encoding: Stream default ~ | Decimal symbol: |Stream default ~

] Generate an import node for this data

Lok J (B Run (cancel) | toply || Reset|

B0t pubisn Amotatons

Figure 5.30 Exporting the merged data as a single flat file

Finally, save the completed stream as:
Section 5 complete.str

Figure 5.31 shows the completed stream.
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8,152 records 2012 Health Club Tra..

-0 —@

10,080 recors NISMMV

Aggregate § Setto F.. 3,814 records

3,818 records  Health_Club_Contacts.. Meyge

9-9-0—9

EE

3,815 records

Merging Data

@ — @ ® - &

Channel_Loyalty_Poin.. Field Reorder

Figure 5.31 The completed Section 5 stream
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Changing and Creating Data

~+=p

Section 6:
Changing and Creating Data & & (&

Reclassify Filler Derive

e The Reclassify Node
e The Filler Node
e The Derive Node

In this section, we will look at procedures that help us to transform and create fields. These
procedures allow us to do everything from fixing data inputting errors and simplifying
categories to calculating with variables and creating new variables based on formulae or
Modeler functions.

The Reclassify Node ‘&

Reclassify

We begin this section by taking a look at the Reclassify node. The Reclassify node is used to
recode the values within categorical variables. For instance, it can be used to reduce the
number of categories in a field by regrouping a list of products into a simpler set of categories
or by creating a ‘miscellaneous’ group for rarely occurring values. As we shall see, it can also
be used to help with data errors created by inconsistent coding. Furthermore, the procedure
is flexible:

e |t can be used to create new fields or overwrite existing fields
e |t can be used against single or multiple fields

To introduce the procedure, open the following Modeler stream file:

Section 6 Start.str

The stream contains a new data file (‘Telco_Retention_Section_6.txt’) which consists of a
mixture of categorical and continuous variables. To view the file:

Run the Audit procedure attached to the Source node

Figure 6.1 shows the output from the Data Audit node. It also shows the distribution chart for
the variable ‘Gender’. We can immediately see that field contains many different values for
‘Male and ‘Female’. This kind of issue is precisely the sort of problem that the Reclassify node
helps to address.
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[1&] Data Audit of [21 fields] #7 = O X |
- n I I
\o File 2 Edit ) Generate mm" E’,J @E%
|
A0t Qualty Amnotatons
Field Sample Graph Measurement Min Max Mean Std. Dev Skewness Unique Valid
Y Py -
\'} customeriD ! &’ Continuous 0 7042 3521.000 2033.283 -0.000 - 7043
[4] gender I I &l categorical ~ ~ - - - 10 7043‘
<3 Pensioner & Continuous 0 1 o| & Distibution of gender = o X
2 i
SEle sE@ Ogenerate of View [lsillsdl x|
[A] Partner ]j &l categorical - - | Tadle| Graph Annotations
L
value Proportion % Count
f 0.14 10
[A] Dependents ]I &l categorical - - F: 011 8
female| 0.09 6
Female I 48.98 3450
3 Tenure & Continuous 0 72 32 FEMALE| 02 14
m| 0.13 9
M| 0.13 9
male] 0.16 1
4] Landiine &l categorical = = Male I 49.91 3515
MALE]| 0.16 1
[&] Muttiline I i &l categorical - -
a multi result * a led result

Figure 6.1 Data Audit procedure showing that the field ‘Gender’ has
several inconsistencies

Using the Reclassify node, we can overwrite the existing field with the correct values. To
demonstrate this, from the Field Ops palette:

Add the Reclassify Node to the source node in the stream

Figure 6.2 shows the Reclassify Node added to the stream.

TeIco_RetIu‘on_Sect. Reclassify

21 Fields

Figure 6.2 The Reclassify Node added to the current stream

Figure 6.3 shows the contents of the of the Reclassify node when it is edited. You may notice
from the screenshot, that the drop-down list of the categorical fields under the section
marked ‘Reclassify field” indicates that none of the fields have been fully instantiated. Just like
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the Set to Flag node that we encountered earlier, the Reclassify Node requires that the data
are fully instantiated so that it can scan the values within the field(s) to be reclassified. At this
point, attempting to reclassify the partially instantiated Gender field will result in the error
message shown in figure 6.3.

Q Reclassify >

@leld)
Settings  Annotations.

Mode: @ Single © Multiple

Reclassifyinto:  © New field @ Existing field

Reclassify field:

|8I gender @

Reclassify values:
b Get 77 Copy ] ZGIeamew | | gm_
X

9 No values were found - reclassify field(s) may not be selected
orvalues may not be available attype node. E

= (2]
) |

For unspecified values use: @ Original value © Defaultvalue

oK J{cancar _topy || Reset]

Figure 6.3 Error message generated when using the Reclassify Node with
partially instantiated categorical field

We need to instantiate the data in the source node to allow the Reclassify Node to read the
values in the Gender field.

Edit the Source node and click the ‘Read Values’ button within the Type tab to fully instantiate
the data

Figure 6.4 shows the Type tab within the Source node before and after full instantiation has
occurred.

© Smart-Vision Europe Limited 2018 Changing and Creating Data



Changing and Creating Data

D Telco_Retention_Section_6.1xt x O Telco_Retention_Section 6.0 >3
elco_| _Section_6.td ).} _Section_&.td
Fiela Measurement Values Missing Check Role Field Measurement Values Missing Check Role

3 customenD Continuous None N Input {2 customenD ¢ Continuous 10.7042) None N Input
gender Categorical None . Input [A] gender & Nominal FFEMALE, None v input

(3 Pensioner Continuous None N Input {3 Pensioner Continuous 0.1 None ™ Input

(A] Partner Categorical None ™ Input [A] Partner Flag YesMNo None ™ Input

|A] Dependents Categoncal None e Input Dependents Flag YesMNo None \e Input

{2 Tenure Continuous None e Input {2 Tenure Continuous 10.72] None e Input

[A] Landline Categoncal None e Input [a] Lanatine { Flag YesMNo None v Input

[A] Mutitine Categoncal None e Input [A] Multisne Nominal No,"Not Ap None N input

[A] Broagnang Categoncal None v input [A] Broadband g Nominal DSL Fiver None ' Input

[A] Internet_Prot. Categornical None v Input [A] internet_Prot @& Nominal No,"No int None N input

[A] Backup Categornical None s Input [A] Backup & Nominal No,"No int None N Input

A} insurance Categonical None e Input [A] Insurance @b Nominal No,No int None e input

[A] Premum Sup. Categonical None . Input |A] Premum Sup. g% Nominal No,No int None N input

|A] Super_Sports glf Categoncal None > input [A] Super_Sports @& Nominal No,No int None v Input

[A] Box_Office_ Categonical None N input |A] Box_Ofice__ @b Nominal No,No int None v Input

A] Auto_Renew Categorical None e Input [A] Auto_Renew ¢ Nominal Month-to- None N Input

|A] Family_Plus Categoncal None > Input [A] Famity_Pius Flag YesMNo None v Input

|A] Payment_Type Categoncal None . Input (A] Payment_Type 3) Nominal Account_D None N\ Input
Monthiy_Rate ¢~ Continuous None > Input (3 Monthly_Rate ¢ Continuous 118,119) None e Input

{3 Total_Bill ﬁ Continuous None N input Total_gal Continuous 1-81.8685] None N Input

[A] Chum Categorical None N Input [A] Chum Flag YesMNo None v Input

© View cumrentields O View unused field setings ©® View cumentfields  © View unused feld settings

Lok, (conen] Leson) (B | | o (comel 4opty | Beset)

— = SE—

Figure 6.4 The Type tab within the Source node showing a before and after
view of partial and full instantiation of the fields within the data file

Returning to the Reclassify node, within the section marked ‘Reclassify into’, click the radio
button:

Existing field

We can now select the field ‘Gender’ from the drop-down menu and in order to make the
procedure retrieve all the values within the field, in the ‘Reclassify values’ section, click the
button marked:

Get

Immediately, the node retrieves and displays all the current values within the Gender field.
Figure 6.5 shows the results of this.
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J Reclassify2 X
@ CIE (wl
e
Seftings | Annotations
Mode: @ Single © Multiple

Reclassifyinto: O New field @) Existing field!
Reclassify field:

g gender <)

Reclassify values:

A

| boeet || wcoy || 2ceanew || Zam.

Original value New value
FEMALE
Female
"
=
Male <

For unspecified values use: @ Original value © Defaultvalue

(oK J (cancel]

Figure 6.5 The Reclassify node after the values for the field ‘Gender’
have been retrieved for reclassifying

If we only wished to reclassify one or two values, we could use the ‘Copy’ button to copy
across all the current values in the variable to the column marked ‘New value’ and then
simply edit the values that needed to be changed. In this case however, we will simply enter
the values as we wish them to be displayed in the cells under the ‘New value’ column. Within
the first cell (corresponding to the value ‘F) type:

Female

If we now click on the next row down in the ‘New value’ column, we can pick the previously
entered new value from a drop-down list. In other words, the procedure ‘remembers’ the

values that you enter each time into the ‘New value’ column. From the drop-down list button
select:

Female

We can continue doing this of course until we encounter the cells corresponding to the values
for male respondents. In which case, we need only edit the blank cell and enter the value:

Male
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Figure 6.6 shows this process in action.

\J Reclassify2 X

(3s) (o) elalD

Mode: @ Single © Multiple

Reclassifyinto:  © New field @ Existing field

Reclassify field:
New field name:
Reclassify2
Reclassify values:

Original value - ' New value H
FEMALE Female
Female Female @
! @
MALE Male m
Male Male
f -
female =Clear=

| Specify...
For unspecified values use: @ Origif . o\

Lok J(cancel

Male

Figure 6.6 Choosing new values within the Reclassify node from a list of
previously entered values

Having completed the process of assigning consistent values for the variable Gender, we can
attach a Distribution node to the edited Reclassify node and request a chart of the newly
reclassified field. Figures 6.7 and 6.8 show the updated stream and the Distribution chart
output of the updated Gender field.
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Telco_Retehtion_Sect. Reclassify

gegder

=]

21 Fields

Figure 6.7 Attaching a Distribution node to the updated Gender field

E Distribution of gender #1 -

| File = Edit ¢ Generate  &f View &) m

Table Graph| Annotations
Y FEEPP Y EL:

Femal

gender

Ial

T T T
1,000 2,000 3,000
Count

I
0

Figure 6.8 The Gender field cleaned by the Reclassify procedure and
displayed in a Distribution chart

Another way in which we can reclassify data is by using the Generate menu to create a
Reclassify node for us. Toillustrate this, we can edit the existing Distribution chart node so
that is creates graph of a different variable.

Edit the Distribution chart node replacing the field ‘Gender’ with the field ‘Payment_Type’ and
run the procedure
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Figure 6.9 shows the resultant output.
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[E Distribution of Payment_Type #1

_fa File

= Edit  {) Generate  &f View

[E1 )

Value -
Account_Debit RN
Amex]]
Credit_Card NN
Debit_Card NG
Invoice I

Proportion

% | Count
3351 2360
1.55 109
20.83 1467
21.31 1501
228 1606

Figure 6.9 Distribution chart of the variable ‘Payment Type’

We can directly interact with the values displayed on the Table tab of the chart output. As

shown in figure 6.10:

Click and drag the mouse cursor to highlight the categories ‘Amex’, ‘Credit_Card’ and

‘Debit_Card’

Right-click on the selection to generate a pop-up menu

[E Distribution of Payment_Type #1

\aFile = Edit {) Generate o View \W

Table| Grapn Annotations.
Value / Proportion | %
Account_Debit ]
ex - -
Credit_Card 4 Copy Ctrl+C
UebR_C-ard Select All Ctri+A
Invoice
Group
Ungroup
Edit group...

33.508

1.548
20.829
21.312
22803

Count
2360
109
1467
1501
1606

Figure 6.10 Selecting values to create a new grouped category

From the pop-up menu, click:

Group
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The three categories are now grouped together to create a new value (‘Groupl’). To change
the name of this set of grouped values, once again:

Right-click on the selection to generate a pop-up menu

Figure 6.11 shows that we can now edit the group name.

[E Distribution of Payment_Type #2 - O X

o File 5 Edit ¢ Generate & View W

Tadle Graph Anatatons
Value Proportion % Count
Account_Debit | 33.508 2360
Group1 — S 43689 3077
Invoice ) copy Ctri+C 223803 1606
Select All Cirl+A
Group
Ungroup
Edit group... @

Figure 6.11 Editing a group name within the Distribution Table output
To assign a new name to the grouping, click:

Edit group...

An ‘Edit group’ sub-dialog is generated. To continue:

Edit the group name so that it changed to ‘Card_Payment’

Figure 6.12 illustrates this process.

0 Edit group X
Group name: |Group1 I
Available values: Values in group:
Invoice Amex ‘
Account_Debit @ Credit_Card
Debit_Card | & Edit group X
Group name: |Card_Paymenﬂ
Available values: Values in group:
(cancel] invoice amex
Account_Debit .H Credit_Card
. Debit_Card

(Lox J (cancal

Figure 6.12 Editing the group name
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To apply the new group name, click:

OK
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We are now returned to the Distribution output view and we can use the ‘Generate’ menu to
create a new Reclassify node based on the grouping we have created in the chart. From the

main menu in the Distribution output, click:

Generate

Reclassify node (Groups)

Figure 6.13 shows this process.

E Distribution of Payment_Type #2

\ss File

= Edit

Table @J\M

Value
Account_Debit
Card_Payment
Invoice

O Generate & View m-‘

Balance Node (boost)
Balance Node (reduce)
Reclassify Node (groups)

Reclassify Node (values)

33.508
43.689
22803

2360
3077
1606

Figure 6.13 Using the Generate menu to create a new Reclassify node

A new Reclassify node is added to the stream canvas (in the top left-hand corner). To apply
the grouping back to the data:

Connect this node to the previous Reclassify node and edit it

We can now see the familiar interface of the Reclassify node. We can also see that all three
individual card types have been assigned the new value ‘Card_Payment’. The remaining
payment methods are left untouched by virtue of the radio button near the bottom of the
dialog indicating that ‘For unspecified values’ the procedure will use the ‘Original value’.

On this occasion, we can use the Reclassify node to create a new field.
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Edit the description in the box headed ‘New field name:’ so that the new field is called
‘Payment_Type_3Grp’

Figure 6.14 shows the edited Reclassify node with the new field name entered.

o (generated) oy

(32) (o elaln
s s

Mode: ® single © Multiple

Reclassifyinto: @ New field © Existing field

Reclassify field:

goPaymentpe |0

New field name:

F'ag.'"'.e nt_Type_3Grp

For unspecified values use: @ Original value © Defaultvalue e

Reclassify values:

Original value New value H
Amex Card_Payment @
Credit_Card Card_Payment
Debit_Card Card_Payment @

(Lo J (cancel oty

Figure 6.14 Using the generated Reclassify node to create a new version
of the variable ‘Payment Type’

To apply the procedure, click:
OK
To check that it has worked:

Attach another Distribution node to the end of the stream and request a chart of
‘Payment_Type_3Grp’.

Figure 6.15 shows the resulting table and chart.
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E Distribution of Payment_Type_3Grp - O *
G Hle  sEdt O Generate of View [ (@] x|
Value Proportion % Count
Account_Debit N 3351 2360
Card_Payment I 4369 3077
Invoice I 228 1606

oK)

Figure 6.15 The results of creating a new reclassified field via the
Distribution node and the Generate menu

VAR

\ -+ )

The Filler Node “+*

Filler

The Filler node is used to replace existing field values or to change the storage type. Unlike
the Reclassify procedure, the Filler node cannot be used to create new fields. The Filler node is
commonly used to replace missing or invalid data values (blanks or nulls or both). The Filler
node can replace or alter values on a conditional or unconditional basis. The node can be
applied in the following ways.

e |t canonly be used to overwrite existing fields
e |t can be used against single or multiple fields

The Filler node often makes good use of Modeler’s CLEM expression language including some
of Modeler’s special system variables, such as:

When an expression is to be applied to several fields at once, the @FIELD

FIELD . .
@ system variable represents each field in turn

@BLANK | Applies to user-defined missing values

@NULL | Applies to numeric system missing values (SnullS)
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Returning to the Data Audit output that we saw earlier, we can see that one of the fields has
unusual values. Figure 6.16 highlights the minimum values for the variable ‘Total_Bill’.
Because a small number of customers cancelled their subscriptions within the 30-day money-
back guarantee period, the subsequent refunds show up as negative values in their bill. We
can use the Filler node to replace these values with a number that reflects how much revenue
the company really got from them (zero).

[A] Payment_Type

{} Monthly_Rate

3 Total_Bill

&b Nominal

f Continuous

& Continuous

119

8685

64.783

2279.684

30.094

2266.863

- 5

-0.220 -

0.963 -

Data Audit of [21 fields] #2 - O *
wie sem Ogenerae ()| O [ANINS]
44t Qualty Amostons

Field Sample Graph Measurement Min Max Mean Std. Dev | Skewness Unique |

10

i

[ A g

*Indicates a multimode result *Indicates a sampled result

Figure 6.16 The Data Audit output showing negative values for the
variable ‘Total Bill’

From the Fields Ops palette, locate the Filler node:

Place the node on the stream canvas and connect it to the last Reclassify node

Figure 6.17 shows this.

PaymTt_Type Payment_gype_3Grp
le

®—©—©—

Telco_RetItion_Sect. Reclassify Payment_Type_3Grp

—t

=42
—
Er=%

Filler

21 Fields
Figure 6.17 The Filler node added to the existing stream

Edit the connected Filler node as shown in Figure 6.18.
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J Filler X
@ @0

A

Settings
Fill in fields:
x
Replace: ‘Based on condition vl
Condition:
] @BLANK(@FIELD) =
Replace with:

0 UEEJ

Lox J|cancel

Figure 6.18 The default Filler node settings

The default settings for the Filler node assume that the user intends to replace defined
missing values (note the @BLANK system variable in the ‘Condition” box) for one or more
fields (note the @FIELD system variable that the condition is to be applied to). We could use
these settings if we simply returned to the Type tab within the Source node and defined all
the negative values in the field Total_Bill as ‘missing’. But perhaps it’s easier simply to
reference these values in a simple expression within the Filler node itself. Filler has four
‘Replace’ modes:

1. Based on a condition — This is the default and assumes you will create an expression
to trigger the replacement

2. Always — This ‘greys out’ the condition box as it will replace the values unconditionally

3. Blankvalues - This ‘greys out’ the condition box and targets user-defined blank
values. It doesn’t allow you to edit the condition.

4. Nullvalues - This ‘greys out’ the condition box and targets numeric system-missing
values (SnullS). It doesn’t allow you to edit the condition.
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5. Blank and null values - This ‘greys out’ the condition box and targets both user-
defined blank values and numeric system-missing values (SnullS). It doesn’t allow you
to edit the condition

At this stage, we can directly edit the existing expression in the ‘Condition” box, however we

can use the opportunity to view the Modeler expression builder. To view the expression
builder, notice the ‘calculator’ icon next to the Condition box and click:

Figure 6.19 shows an annotated view of the Expression Builder window within the Filler node.

\J Expression Builder X
@BLANK (@FIELD)| @

(3 @) ,
General Functions (2) Fields -

Function Return Type Field Storage

is_integer(ITEM) Boolean 59 customeriD Integer -
is_real(ITEM) Boolean @b gender String
is_number(ITEM) Boolean & Pensioner Integer
is_string(ITEM) Boolean @ Partner String
is_date(ITEM) Boolean 8 Dependents String
is_time(ITEM) Boolean & Tenure Integer
is_timestamp(ITEM) Boolean 8 Landline String
is_datetime(ITEM) Boolean @b Multiline String
to_integer(ITEM) Integer @b Broadband String
tn _roal/ITEM) Paal N Intarnat Prata Qtrinn ¥

is_real(ITEM) @
Returns avalue of true if ITEM type is a real number. Otherwise, returns a value of false.

[ Check expression before saving
oKk J{ Cancel | | of Check [ Help |

Figure 6.19 The annotated Expression Builder

1. The Expression Editor - The current default expression which can be edited, erased or
replaced within this editing box.

2. Function Library - A drop-down list of Modeler’s CLEM expression language functions.
These are extensive in number and application. Typical functions include routines for
dealing with string fields, dates, random numbers, mathematical and statistical
routines and field type conversion functions.

© Smart-Vision Europe Limited 2018 Changing and Creating Data



and
or

Not()

Changing and Creating Data

Select from field values - A useful feature of the Expression Builder is the ability to
view the minimum and maximum values within continuous fields or to choose
individual values within categorical fields. The data must be fully instantiated for this to
work.

Drop-down selector — Primarily used to select the existing fields, this drop-down
selector can also be used to filter the list to include advanced elements such as
parameters, global summary measures and multi-response sets.

CLEM Operators — This is the interface to the CLEM language operators (see the table
below)

Function Definition — Provides a short description as to the how the currently selected
function is applied.

Plus (add two numbers) *ok Raise x to the power of

Minus (subtract two numbers) div  Returnthe quotient of dividing x by y
Multiply two numbers rem Return the remainder of dividing x by y
Divide two numbers mod  Return the result of x moduloy
Greater than >=  Greater than equal to

Less than <=  Lessthanorequalto

Equal to /= Notequalto

And (expression 1 and expression2is ~ ><  Concatenate

true)

Or (either expression 1 or expression () Enclose selection in parentheses
2istrue)

Expression is not true

Figure 6.20 CLEM Expression Language operators
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To use the Filler node to replace the negative values in the field ‘Total_Bill’, we need only edit
the existing condition within the expression builder. To do so, edit the expression so it reads:

Total_Bill <0

Figure 6.21 shows the edited expression in the Expression Builder.

\) Expression Builder X
Total Bill < (f
EGeneral Functions Fields - 4
Function Return Type  Field Storage
is_integer(ITEM) Boolean e) Premum Su... String E
is_reaI(ITEM) Boolean e) Super_Spor[s String
is_number(ITEM) Boolean e) Box_0Office_... String
is_string(ITEM) Boolean e) A,uto_Renew String
is_date(ITEM) Boolean & Family_Plus String
is_time(ITEM) Boolean @> Payment_Ty... String
is_timestamp(ITEM) Boolean & Monthly_Rate Integer
is_datetime(ITEM) Boolean y Total_Bill Integer
to_integer(ITEM) Integer 8 Churn String
to_real(ITEM) Real E &) Payment_Ty... String -
is_integer(ITEM)

Returns avalue oftrue if ITEM type is an integer. Otherwise, returns a value of false.

[¥ Check expression before saving

Figure 6.21 Edited condition in the Expression Builder

To check if the expression syntax makes sense, click:

o Cnge

The text in the expression box changes from red to black to indicate that the syntax is correct.
To continue, click:

OK

We now are returned to the main Filler node dialog. It's worth pointing out that we could
have used the condition ‘@FIELD < 0’ in the Expression Builder. This would have been very
useful if we needed to use this rule to replace values in multiple fields. We now need only to
specify that we are filling in the values in the field ‘Total_Bill’. Next to the box at the top,
headed ‘Fill in fields’, click the field picker button:
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From the field list, choose the field:
‘Total_Bill’

The completed dialog should look like figure 6.22.

& Filler X

(o) (e olall

Fill in fields:
& Total_Bill

Replace: Based on condition ~

Condition:
] Total_Bill < 0 @

Replace with:

10 @
Lok || cancel

Figure 6.22 The completed Filler node - edited to replace negative values
in the field ‘Total Bill’ with a zero

To check if the procedure works, click:

OK

Copy and paste the existing Data Audit node and attach it to the Filler node

Figure 6.23 shows the updated stream and figure 6.24 shows the output from the second
Data Audit node. You can see that the minimum value for the field “Total_Bill’ is now zero.
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[Z}

Paymegt Type  Payment e_3Grp

21 Fields

Figure 6.23 The updated stream with the Filler node and a second Data
Audit node attached

Data Audit of [22 fields] — O X

e File = Edit  ¢) Generate

Quaity smtatons
T rea Saegmn | Memmmet | Wn | Mx | Wem | Swoe | st Um

|a] Box_Office_Movies &> Nominal - - - - -

&5 Nominal - ~ - - -

[A] Auto_Renew

|A] Family_Plus & Flag - - - — _

[A] Payment_Type I I I I &b Nominal -~ - - _ ~

<3 Monthly_Rate & Continuous 18 119 64783 30094 -0.220

K3 Total_Bill “l & Continuous 0 8685 2279750  2266.796 0.963

[A] Churn

& Flag -~ - - - -

*Indicates a multimode result *Indicates a sampled result

Figure 6.24 The Data Audit output showing that the minimum value for the
variable ‘Total Bill’is now zero
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The Derive Node

Derive

One of the most versatile ways to create new fields within Modeler is by using the Derive
node. The Derive node is a general-purpose node used for an extremely broad range of tasks.
By employing the built-in CLEM expression functions, the Derive node can used for the
following tasks and many more:

e Using String search and replace functions to clean postcode data that contain
inconsistencies

e Creating an ascending count of transactions for each customer

e (Calculating elapsed time between date fields

e Applying complex formula to numeric data

¢ |dentifying entities that are geographically close to one another

The node can be applied in the following ways.

e |t canonly be used to create new fields, not to overwrite existing ones
e |t can be used against single or multiple fields

Part of the reason that the Derive node is so versatile is that it has six different modes of
operation for creating new fields. Figures 6.25a to 6.25c show screenshots of the different

Derive modes.

| 1. Formula Derive | | 2. Flag Derive |

) Derive X () Derive X
= Llald)| (@ el

Derive as: Formula & Derive as: Flag
Seftings  Annotations Settings  Annotations

Mode: @ Single © Multiple Mode: @ Single © Multiple

Derive field: Derive field:
Derive1 | ‘Derive1

Derive as: | Formi Derive as: ﬁ

Fieldtype: |4 <Default- Field type § Flag v
Formula: True value: False value:
1 True when:
1
(Lok_J | cancel _oply [ Beset | ([ ok J|cancel]

Figure 6.25a Formula and Flag Derive modes
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1. Formula Derive mode —This is a simple mode where a formula or function is applied
to the data without any conditions.

2. Flag Derive mode — This is also a simple Boolean mode where a binary (flag) outcome
is derived based on whether or not a statement or condition is true.

| 3. Nominal Derive | | 4. State Derive |
& Derive X J Derive X
= elkld| & el=l0)
&> Derive as: Nominal 2 Derive as: State
Settings  Annotations Settings Annotations
Mode: @ Single © Multiple Mode: @ Single © Multiple
Derive field Derive field:

Derive1

‘Derive1

Derive as:  Nor

Fieldtype: |g& Nominal |~ | Defaultvalue: Field type & Flag - Initial state: © On @ Off

Setfieldto | Ifthis condition is true | "on” value: Switch "On” when:
CEE—

"Off value: Switch "Off" when:
r |
Lok J (cancel oy | Beset || | (Lok J|cancel

Figure 6.25b Nominal and State Derive modes

3. Nominal Derive mode — This mode is used to derive Nominal (or Ordinal) fields based
on a series of conditions. It can be used in the same way as the Reclassify node or it
can be used to generate a series of specific values based on more complex formula. A
common application of the Nominal Derive mode is to create categories (such as
‘Low’, ‘Medium’ and ‘High’) based on value ranges.

4. State Derive mode —This is a special mode within the Derive procedure that enables a
binary outcome to be generated based on two separate conditions or formulae. It is
useful when flagging issues or marking interesting records where the data that has
been collected over a continuous period. An example might be creating an alert when
a mortgage payment is missed. In which case, the second specified condition could be
used to ensure that the alert status is not ‘switched off’ until three consecutive
payments are successfully made.
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6. Conditional Derive

J Derive X

- olal

+> -
Derive as: Count

Seftings  Annotations

Mode: @ Single © Multiple

Derive field

Derive1 |

Derive as:  Count

Field type:

Initial value: na

& Continuous ¥
bt <

Increment when:

[E |
Increment by:

[ |
Reset when:

[ |
(Lox J (cancel) |_zopy || Beset

\J Derive X
= @lalD
& Derive as: Conditional
Settings  Annotations.

Mode: @ Single © Multiple

Derive field
|Den've‘|
Fieldtype: |4 <Default- =
If.

[x |

Then
[x J
Else
[x @

(o] (conn)

Figure 6.25c Count and Conditional Derive modes

5. Count Derive mode — This is another special mode that, in this case, is used to create
an incremental count. It is designed to be used with data collected over time. For
example, it may be used to count how many times an account is overdrawn or to
incrementally record how many errors have been generated by a remote system or

asset.

6. Conditional Derive mode — This is a commonly-used mode where a formula is applied
but only if it meets a certain condition. The mode is comprised of three separate
conditions in the form of ‘If, “Then’ and ‘Else’. The values of ‘Then’ or ‘Else’ could be

based on constants or formulae.

Let’s take a look at how we can use the Derive mode to apply a simple formula to the dataset
in order to calculate the average monthly bill for each customer. The Derive node can be
found within the Field Ops palette. To attach it to the stream:

Click the already edited Filler node to select it in the stream

Double-click the Derive node within the Field Ops palette to automatically attach it to the Filler

node

Figure 6.26 shows the Derive node added to the existing stream.
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>

A O

Paymegt_Type Payment_gype_3Grp
22

Telco_Retention_Sect. Reclassify Payment_Type_3Grp Filler Derive

®

Ids

—
—

21 Fields

Figure 6.26 The Derive Node added to the stream and attached to the
Filler node

Edit the Derive node to view the default mode
Change the default name for the field to be derived from ‘Derive1’ to ‘Average_Monthly Bill’
In the same dialog, change the Field type from Default to Continuous

Figure 6.27 shows the first part of this process

O Derive s

(5 (o B )

Derive as: Formula

setings Amnaatons

Mode: @ Single © Multiple

Derive field:

Average_Monthly_Bill

Fieldtype: | &% Continuous =1

Formula:

1 £l

Figure 6.27 The edited Derive node in ‘formula’ mode - a field name has
been specified and the field type has been set as continuous
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We can now enter the formula to derive this new field. We could in fact enter this directly into
the Formula box or use the Expression Builder. To remind ourselves what the fields are called
in the file, click:

@

In the expression box, create the following formula:
Total_Bill/Tenure

As the field ‘Tenure’ is measured in months, we can assume that this will return a value that
equates to the average monthly bill. Figure 6.28 shows the formula entered in the Expression
Builder.

\_:) Expression Builder X
Tctal_E!ill;'IenureI

@Generz] Functions @ﬁelds -

Function Return Type  Field Storage

is_integer(ITEM) Boolean & |customeriD Integer
is_real(ITEM) Boolean gender String
is_number(ITEM) Boolean f Pensioner Integer
is_string(ITEM) Boolean ® Partner String
is_date(ITEM) Boolean & Dependents String
is_time(ITEM) Boolean & [Tenure  integer
is_timestamp(ITEM) Boolean ® Landline String
is_datetime(ITEM) Boolean @b Multiline String
to_integer(ITEM) Integer @b Broadband String
to_real(ITEM) Real ~ &) Internet_Pro... String
is_integer(ITEM)

Returns a value oftrue if ITEM type is an integer. Otherwise, returns a value of false.

[ Check expression before saving

Ok | Cancel | o Ohgck||_relp_|

Figure 6.28 The Derive node formula entered into the expression builder

To complete the process, click:

OK

OK

To view a summary of the newly derived field:

Copy and paste the last Data Audit node and attach it to the Derive node
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Figure 6.29 shows the updated stream and figure 6.30 shows the output from the third Data
Audit node output. You can see that the summary statistics for the field
‘Average_Monthly_Bill’ appear in the last row of the output window.

=

PaymTt_Type Payment Tpe_3Grp

Telco_Retehtion_Sect.. Reclassify Payment_Type_3Grp Filler Average_Monthly_Bill

O

21 Fields
Figure 6.29 The updated stream with the Derive node attached

Data Audit of [23 fields] — O x
lé File = Edt { Generate =
Auct ualty Amotatons
Field Sample Graph Measurement Min Max Mean Std. Dev | Skewness Unique Valid
-
[A] Auto_Renew &b Nominal - - - - - 3 7043
[a] Family_Plus § Flag - — - - - 2 7043

'ayment_Type lominal - - - - - EX
P T & N 5 7043

3 Monthly_Rate & Continuous 18 119 64.783 30.094 0.220 - 7043
3 Total_Bil & Continuous 0 8685 2270750  2266.796 0.963 - 7043
[a] Chum € Flag -~ -~ - - -~ 2 7043

ayment e rp Nominal - - - - - 4
Payment_Type_3Gi 3 7043

@ Average_Monthly_Bill ,;9 Continuous 0.000 121.500 64.799 30.193 -0.212 - 70]%

il

*Indicates a multimode result *Indicates a sampled result

Figure 6.30 The Data Audit output showing summary values for the new
field ‘Average Monthly Bill’

In our next example, we will switch to the ‘Flag’ mode and create a new field that identifies
the most loyal customers in the data file.
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To add another Derive node:
Click on the last Derive node to select it
From the Field Ops palette:

Double-click on the Derive node to automatically add another to the stream

Edit the newly added Derive node

Within the Derive node dialog:

Edit the text in the derive field box so that the new field is called ‘Very_Loyal’
Change the ‘Derive as’ mode from ‘Formula’ to ‘Flag’

Specify the following condition in the ‘True When’ condition box:

Tenure >=60

Figure 6.31 shows the completed Flag Derive node.

@

Derive as: Flag

Setings Amnotatons

Mode: @ Single © Multiple

Derive field:

Very_Loyal

Derive as:

Fieldtype: |§ Flag -

True value: | False value: |F |
True when:

1 Tenure >= 60 @

Figure 6.31 The completed Flag Derive node
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To see the frequency of values within this new field. Click:
OK
From the Graphs palette:
Select and attach a Distribution node to the new Derive node
Edit the Distribution node and choose ‘Very_Loyal’ as the field

Run the Distribution node to generate the required output

Figure 6.32 shows the updated stream and figure 6.33 shows the output from the Distribution

node.
o e

t_Type Payment_gvpe_3Grp EVery oyalé

________________

Paym

—
—r
—

Telcn_RetIﬁon_SecL Reclassify Payment_Type_3Grp Filler ~ Average_Monthly_Bill Very_Loyal
A
21Fields

Figure 6.32 The updated stream with a Flag Derive and a Distribution node
added

E Distribution of Very_Loyal #1 - O X

\ed File = Edit ) Generate & View ﬁ? m

Value Proportion % Count
g 0| 78.94 5560
T 21.06 1483

Figure 6.33 The Distribution node output showing the relative frequencies
of the two values in the new flag field ‘Very Loyal’
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To further illustrate the effects of choosing different derive modes, we will look at another
example, this time deriving a field based on a conditional expression. From the Field ops
palette:

Add another Derive node to the stream and connect it to the previous one
Edit the Derive node and specify the field name as ‘Cashback’

Change the ‘Derive as’ mode to ‘Conditional’ and the set the Field type as Continuous

Figure 6.34 shows the Derive node at this stage.

= @lald
& Derive as: Conditional

Settings Mﬂ

Derive field:

Mode: @ Single © Multiple

Cashback

Derive as:  Conditional

Fieldtype: |¢” Continuous = |

Figure 6.34 Creating a new field using a Conditional Derive

In this example, we can assume that the organisation wishes to reward its most loyal
customers with a one-time cash rebate. The aim is to create a new field that calculates how
much money each customer will receive. If the customer falls into the ‘Very Loyal’ group, then
they get a rebate equal to 30% of their average monthly bill. The remaining customers get
zero. To do this, we must enter values into each of the three condition boxes in the Derive
dialog (‘If, “Then’ and ‘Else’).
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We begin by opening the Expression Builder next to the first condition box marked ‘If . Click:

£}

Within the variable list box, find and click on the field marked ‘Very_Loyal'.

Send it to the expression editor by clicking:

2]

Enter an equals sign so the expression reads:
Very Loyal =

We can of course just edit this expression manually, but if by chance you have forgotten the
value that identifies the customer as ‘Very Loyal’, click the value selection button:

Figure 6.35 shows the Expression Builder at this stage.

\J Expression Builder X
Very_Loyal =
2 15 -
General pancicns \) Insert Value X
Function Return Type| _.

is_integer(ITEM) Boolean | [g |Field Ven_Loyal §
is_real(ITEM) Boolean & False: F

ys_number(lTEM) Boolean & True: T

is_string(ITEM) Boolean 3)

is_date(ITEM) Boolean

is_time(ITEM) Boolean f

is_timestamp(ITEM) Boolean f

is_datetime(ITEM) Boolean z}

to_integer(ITEM) Integer w w Lw
to_real(ITEM) Real | | & v ~wor
to_number(ITEM) Number | ® Very_Loyal String
is_integer(ITEM)

Returns a value of true if ITEM type is an integer. Otherwise, returns a value of false.

[ Check expression before saving

Figure 6.35 Using the Value Selector in the Expression Builder window
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From the ‘Insert Value’ window we can see the two values for flag field ‘Very _Loyal’. Thisis a
very useful function especially when making multiple selections from within a categorical (or
‘set’) field. To select the ‘True’ group, click:

True: T

The Expression builder now looks like figure 6.36. Note that by using the Value Selector
button, Modeler automatically places quotation marks around the character string value for
true.

\_-) Expression Builder x
Very Loyal = "T"
Genera.l Functions L2l Fielas -
Function Return Ty... Field Storage n
is_integer(ITEM) Boolean @> Super_Sp.. String <]
is_real(ITEM) Boolean @5 Box_Office.. String
is_number(ITEM) Boolean @b Auto_Ren.. String
is_string(ITEM) Boolean E) Family_Plus String
is_date(ITEM) Boolean Payment_... String
is_time(ITEM) Boolean f Monthly_R... Integer
is_timestamp(ITEM)  Boolean & Total_Bill Integer
is_datetime(ITEM) Boolean i Chumn String
to_integer(ITEM) Integer L Payment_... String
to_real(ITEM) Real hal & Average_M..Real i
is_integer(ITEM)

Returns avalue of true if ITEM type is an integer. Otherwise, returns a value of false.

[ Check expression before saving

Lok J( cancel ] Lof Check[_tsip_J

Figure 6.36 The completed condition is the Expression Builder selecting
loyal customers

Return to the main dialog by clicking:
OK

We now need to enter expressions into the remaining boxes (‘Then’ and ‘Else’). In the box
marked ‘Then’, either directly or through the Expression Builder, enter the following
expression that calculates 30% of each customer’s average monthly bill:

Average_Monthly_Bill *0.30
In the final box marked ‘Else’, simply enter the value zero:

0
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The completed dialog is shown in figure 6.37.

\_‘) Cashback

s

Derive as: Conditional

setings Amnotaions

Mode: @ Single © Multiple

Derive field:

Cashback

Fieldtype: | Continuous =

If:

[1 Very Loyal = "T"

&

Then:

‘ | Average_Monthly Bill * 0.30

| @)

Else:

LE

| @)

(Lox J(cance

Figure 6.37 The completed Conditional Derive dialog

To view this new distribution, click:
OK
From the Output palette:

Double-click the Table node

Changing and Creating Data

The Table node should automatically attach itself to the new conditional Derive.

Run the Table node

Scroll across to the last column showing the ‘Cashback’ field and scroll down to the last few

records in the output table

Figure 6.38 shows the updated stream and figure 6.39 shows the last records in the output

table for the field ‘Cashback’.
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Telco_Ret

tion_Sect.

21 Fields

Reclassify

Payment_Type_3Grp

Average_Monthly_Bill Very_Loyal

Cashback

Figure 6.38 The updated stream with the Conditional Derive node added

Table (25 fields, 7,043 records) #2 - O x
soe sem O (S
Tavle Amnotaions,
|
| Total_Bill | Churn | Payment_Type_3Grp | Average_Monthly_Bill | Very_Loyal | Cashback

7024 54 3784 No Card_Payment 52556 T 15.767|=
7025 110 7759 No Card_Payment 107.764 T 32329
7026 106 7565 No Card_Payment 105.069 T 31.521
7027 26 1937 No Card_Payment 26903 T 8.071
7028 26 1864 No Card_Payment 25889T 7767
7029 115 8350No  Account_Debit 115972 T 34792
7030 118 8670 No Card_Payment 120417 T 36.125
7031 20 1567 No Invoice 21764T 6.529
7032 108 7767 No Card_Payment 107.875T 32.362
7033 70 5102 No Card_Payment 70861T 21.258
7034 26 1872 No Card_Payment 26.000T 7.800
7035 25 1787 No Card_Payment 248197 7.446
7036 56 3880 No Card_Payment 53.889T 16.167
7037 93 6841 No Account_Debit 95014 T 28.504
7038 84 6052 No Card_Payment 84056 T 25.217
7039 T4 5237 No Account_Debit T2736T 21821
7040 63 4686 No Card_Payment 65.083T 19.525
7041 105 7544 No  Account_Debit 104778 T 31.433
7042 21 1419 No Card_Payment 19708 T 5.912
7043 103 7363 No Card_Payment 102.264T 30679 a

Al ——— |

Figure 6.39 The table node showing calculated rebate values for loyal
customers
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In our final example of working with the Derive node, we will see how to create a banded
variable from a Nominal Derive node. However, instead of placing another Derive node on
the canvas stream, let’s look at how we can utilise the ‘Generate’ menu to do this for us.

Click the last Conditional Derive node to select it

From the graphs palette:

Double click the Histogram node to automatically join it to the last Derive node (‘Cashback’)
Edit the histogram node and choose the field ‘Total_Bill’ to be displayed

Run the histogram

Figure 6.40 shows the resulting Histogram output displaying the distribution of values in the
field “Total_Bill".

fsl] Histogram of Total_Bill #1 - | X
@ File 5 Edit ) Generate & View @E"M E

Graph| Annotations

2,000

Total_Bill

£3

Figure 6.40 Histogram output displaying the distribution of values in the
field ‘Total Bill’

Having generated a histogram of the field from which we wish to create banded groups, we
can interact with the graph itself to begin this process. From the menu bar in the graph
output, click the ‘Split graph into bands’ button:

=
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Immediately a ‘Split into equal bands’ toolbar is generated. The default setting is to split the
distribution into 3 equal bands.

Change the ‘Spilit into value’ to 4

Now click:

The histogram is split using three lines to create four groups. Figure 6.41 shows this.

fuld Histogram of Total_Bill #2 — ] X
SFHle  SEdt  OGeneraste of View | ) |odl

jGraph _Annotations

Split into: equal bands

2 DU e o T s RS e S

1,500 O e R FEEEEELE R I b oo

Count

1,000 it Rtttk el Ittt JToSmmmsmsmsssmssssssedeses

500

|
10000
Total_Bill

Figure 6.41 Histogram output split into four equal groups

You may notice from the split histogram, that ‘Four equal groups’ does not mean four groups
of equal size but rather that the range of values is split equally. As a result, the four groups are
very different in terms of the number of cases in each group. If you needed to split a
continuous variable so that the groups contained an equal number of cases, procedures such
as the Binning node can do this.

We can use this approach as way to get started with creating a banded field. From the menu
within the Histogram output, click:

Generate

Derive node for bands
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Once again, the Generate menu places a new node on the stream canvas.

Close the Histogram output

Attach the new Derive node to the last Derive node (‘Cashback’)

Figure 6.42 shows the updated stream

b A @ @ ~ 5

) o 4 ) i
Telco_Retention_Sect. Reclassify Payment_Type_3Grp Filler Average_Monthly_Bill Very_Loyal Cas¢>ack band
\
C / \
hoi S
\ J
Total_Bill

21 Fields

Figure 6.42 The updated stream with the Nominal Derive node added

We can use the newly generated Nominal Derive node as the basis for our banded variable.
To do this:

Edit the Nominal Derive node

Figure 6.43 shows the edited Nominal Derive node.
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\_5) band X

Derive as: Nominal
setings Amnotatons

Mode: @ Single © Multiple

Derive field:

band

owvee: SIS
Fieldtype: |, Nominal = Defaultvalue: |band4

Setfield to |Ifthis condition is true |
band1 Total_Bill < 2110.5

band2 Total_Bill >= 2110.5 and Total_Bill < 4302.0
band3 Total_Bill >= 4302.0 and Total_Bill < 6493.5

FREHBE L

Figure 6.43 Nominal Derive node, generated from a Histogram to create
four bands in the variable ‘Total Bill’

We can now edit the existing values within the dialog so that they create more meaningful
banded groups.

Change the Derive field name to ‘Customer_Tier’

Change the field type to Ordinal

In the column marked ‘Set field to’:

Change the description from ‘band1’ to ‘a. Premium’

In the adjacent cell under the column marked ‘If this condition is true’:
Change the expression to ‘Total_Bill >= 5000’

Returning to the column marked ‘Set field to’, in the second row:
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Change the description from ‘band2’ to ‘b. Select’
In the adjacent cell under the column marked ‘If this condition is true’:
Total_Bill >= 2000 and Total_Bill <5000
Returning to the column marked ‘Set field to’, in the third row:
Change the description from ‘band3’ to ‘c. Standard’
In the adjacent cell under the column marked ‘If this condition is true’:
Total_Bill >0 and Total_Bill <2000
Finally, in the box marked Default value:
Change the description from ‘band4’ to ‘d. Refunded’

Figure 6.44 shows this completed dialog.

O Customer_Tier X

: Derive as: Nominal
Settings w otations

Mode: @ Single © Muttiple

Derive field:

|Customer_Tier

Fieldtype: | Ordinal = | Default value: l

Setfield to | If this condition is true |
a. Premium Total_Bill >= 5000

b. Select Total_Bill == 2000 and Total_Bill <5000

c. Standard Total_Bill >0 and Total_Bill <2000

Figure 6.44 Completed Nominal Derive node creating the banded field
‘Customer Tier’
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To complete the process, click:
OK

To check the that the Nominal Derive node has correctly specified the ranges, from the graphs
palette:

Double-click the Distribution node to automatically attach it to the last Nominal Derive node
(‘Customer_Tier’)

Edit the Distribution Node and choose the field ‘Customer_Tier’ to be displayed

Run the completed Distribution node

We can see from the output generated, that there were 12 cases that fell into the default
group of ‘d. Refunded’. These were cases where the customer’s total bill was equal to zero.
It's good practice to ensure that each category is prefixed with a letter or number. This is to
preserve the desired order of the groups (otherwise Modeler simply displays them in numeric
or alphabetical order).

Figure 6.45 shows the generated Distribution table output.

E Distribution of Customer_Tier #3 - a X
@Ele | sEdt O Generste o View [[giladl Qx|
Table lﬂﬂ Annotations
Value Proportion % Count
a. Premium D 16.12 1135
b. Select D 24 .44 1721
c. Standard 59.28 4175
d. Refunded]| 0.17 12

Figure 6.45 Distribution chart of the newly derived field ‘Customer Tier’

Figure 6.46 shows the updated stream with all the completed nodes within it.
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= L — p— m— \
L4 L O R e B /xe\

Paymeht Type  Payment fype_3Grp & A A Custorger_Tier

22 Tlds 23T very 4 oyal Tahle
-+ ] \ \ {

Telco, RelInon Sect.. Reclassify Payment_Type_3Grp Filler Average_Monthly_Bill Very_Loyal CasIJack Customer_Tier
Ei“ y. ‘
=t b
21 Fields Total_Bill

Figure 6.46 Completed stream demonstrating the use of the Reclassify,
Filler and Derive nodes

The stream is now quite crowded with nodes that change existing fields and create new ones.
We can easily encapsulate these nodes within one Supernode. Before we do, from the
Output palette,

Attach a final Data Audit node to last Drive Node in the stream (‘Customer_Tier’)
Now create a Supernode:

Drag a selection rectangle around all the nodes downstream of the original Data Source node
but not including the last Data Audit node

Right-click on one of the highlighted nodes so that a pop-up menu is generated

Figure 6.47 shows this process in action.

i i (O (O R i
E - e E
Paymegt Type Payment_gype_3Grp Custorger_Tier
22 Tms 23 Tms Veryfoyal TTle
> (30 > 3 > @ - @ T —',::,
| = =
4 +-> +-> = +- DisconnectNodes  F3 +> (
Telco_Retehtion_Sect Reclassify  Payment_Type_3Grp Filler  Average_( — 'ew Comment. Customer_Tier 26 Fields
s Cut Ctri+X
[, Copy Ctri+C
X Delete Delete
u
&) Create SuperNode
21Fields » Run Selection Ctri+E

Figure 6.47 Selecting several nodes to create a Supernode
From the pop-up menu, click:

Create Supernode
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Edit the Supernode and click on the Annotations Tab

Give the Supernode the custom name ‘Data Preparation’

Figure 6.48 shows the resultant Supernode and the Annotations tab within it.

p

7 SuperNode X

.\;I EB’MN | %) Lock Node...
Parameters  Comments.

Annotations

Name: © Autg @ Custom  (PETETZET RN —
= . - [
Tooltip text | |
Telco_Retehtion_Sect. SuperNode Keywords: ‘ I 26 Fields

o

21 Fields

[ Show annotation as comment

Created on 28 September 2017 1222 by A... ID:

This object has not been saved.

o)) > (Siewn) Gl Gana)

Figure 6.48 Annotating the newly created Supernode

Now click:

OK

Reposition the Data Audit node so it’s closer to the Supernode

Run the Data Audit node

Figure 6.49 shows the Data Audit output.

© Smart-Vision Europe Limited 2018 Changing and Creating Data



Changing and Creating Data

Data Audit of [26 fields]

\& File | = Edit ¢ Generate

o cushy poons

Field Sample Graph Measurement Min
[A] Payment_Type &b Nominal -

<3 Monthly_Rate & Continuous 18

3 Total_Bill & Continuous 0
[a] chum € Flag -

[A] Payment_Type_3Grp & Nominal -

@ Average_Monthly_Bill f Continuous 0.000

[A] very_Loyal € Flag -

& Cashback & Continuous 0.000

[A] Customer_Tier ol Ordinal -~

=1l

Max

119

8685

121.500

36.226

Mean

64.783

2279.750

64.799

4793

Std. Dev

30.094

2266.796

30.193

10.263

Skewness

-0.220

0.963

-0.212

1.905

- O
Unique Valid |
o
5 7043
- 7043
- 7043
2 7043
3 7043
- 7032
2 7043
—| 7043
4 7043

*Indicates a multimode result *Indicates a sampled result

Figure 6.49 Data Audit output showing summary statistics for updated and
new fields created using the Reclassify, Filler and Derive nodes

Using a combination of the Reclassify, Filler and Derive nodes we have now transformed
three existing fields and created four new ones.
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Section 7:
Exploring Data = & £

Distribution  Histogram Plot Graphboard
2X

e The Distribution Node n m

e The Histogram Node

e The Means Node Matrix Statistics Means

e The Plot Node

e The Statistics Node

e The Graphboard Node

e The Matrix Node

In this section, we will look at several procedures that enable us to explore simple
relationships in data. Data exploration is a key aspect of predictive analytics. By exploring the
data, we can query our consolidated file to check that the relationships within it make sense
as well as gain a deeper understanding as to how the variables are interconnected. Within
SPSS Modeler, there are several ways we can do this using a combination of charts and
output nodes.

The Matrix Node

Matrix
The Matrix node allows us to generate crosstabs within Modeler. Crosstabs (or contingency

tables) are a simple and effective way to analyse the relationships between categorical fields.
However, as we shall see, within Modeler we can also incorporate continuous fields into the
Matrix node’s output. To begin the section, open the following stream from the Section 7
folder:

Section 7 Start.str

Figure 7.1 shows this stream. Note that it reads an updated version of the Telco file.

aga
fall

B -—
26 Fields Telco_Updated.csv
Figure 7.1 The SPSS Modeler stream ‘Section 7 Start.str’

We can start the process of exploring the data by attaching a Matrix node to the stream. From
the Output tab:

Select and attach a Matrix node to the Data Source node
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Figure 7.2 shows the attached Matrix node.

Figure 7.2 Matrix node attached to the source data file

Right-click the Matrix node to edit it

Figure 7.3 shows the default Settings tab within the edited Matrix node.

0 Matrix X
Settings Appearar
Fields: @® Selected All flags (true values) @ All Numerics
Rows. d
Coumns: | A
¥ Include missing values
Cell contents: @ Cross-tabulations Function
Field I «i
Function @ Mean @ sum @ SDev
@ Max @ Min

Figure 7.3 The default Settings tab within the edited Matrix node

A simple crosstab is comprised of a single categorical field in each row and column dimension
of atable. To illustrate, click the drop-down field selector marked:

Rows

From the field list, choose the field:

Partner
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Now click the drop-down field selector marked:
Columns

From the field list, choose the field:
Customer_Tier

Figure 7.4 shows the completed dialog.

\J Matrix X
T '

Settings  Appearan

Fields: © Selected All flags (true values) All Numerics

Rows: & Partner w

Columns: [&) Customer_Tier w

Include missing values

Cell contents: @ Cross-tabulations © Function
Field l - |
Function (@ Mean @ Sum @E[;

® Max @ Min

Figure 7.4 The completed Settings tab within the Matrix node

Click:
Run

Figure 7.5 shows the resultant output.
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Matrix of Partner by Customer_Tier #3 — O X
..... File = Edit ) Generate Em E

Matrix  Appearance Annotations

Customer_Tier

Partner | a. Premium | b. Select c. Standard | d. Refunded
No 285 750 2604 2
Yes 850 971 1571 10

Cells contain: cross-tabulation of fields (including missing values)
Chi-square = 563.097, df = 3, probability =0

oK)

Figure 7.5 The Crosstab output from the Matrix node

As we can see in Figure 7.5, by default the Matrix output shows the frequency count of values
in each customer tier broken down by whether or not the person is living with a partner.
Moreover, the crosstabulation includes a probability value shown at the bottom of the output
screen. The probability value is derived from a Chi-Square statistical test. Chi-Square is used to
test the null hypothesis that the two variables are unrelated. In this case, the probability that
this null hypothesis is true, is very small (the output shows this is equal to zero but in reality,
it’s just a very small number). We would conclude that whether or not the customer is living
with a partner is probably not randomly related to their customer tier group.

You may also note that the last column in the crosstab shows a few cases where the
customers fell into the category ‘d. Refunded’. In fact, within the Type tab of the Data Source
node, this category has been marked as ‘missing’ and within the Matrix node we can choose
whether missing values are displayed or not. To illustrate:

Close the Matrix output and edit the Matrix node again
Within the setting tab:
Uncheck the box next to ‘Include missing values’

Figure 7.6 shows the updated Settings tab within the edited Matrix node.
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7 Partner x Customer_Tier X
@l

Setings  Appearance Output Amnotaions

Fields: @ Selected © Allflags (frue values) © All Numerics

Rows:  |[gPamner o)
Coumns: @ Customer.Tier, i)

["JiInclude missing values,
Cell contents: @ Cross-tabulations © Function

Field |.I

Function: @ Mean @ Sum @ SDev
@ Max @ Min

Figure 7.6 The Settings tab with ‘Include missing values’ deselected
Click:

Run

Figure 7.7 shows new output from the procedure.
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Matrix of Partner by Customer_Tier #4 - O X

\& File 5 Edit ) Generate

MaﬁlhAppearmee ‘ Annotations

Customer_Tier

Partner Ia. Premium |b. Select [c. Standard|

No |285 750 2604
Yes {850 971 1571

Cells contain: cross-tabulation of fields

Chi-square = 557.236, df = 2, probability =0

oK)

Figure 7.7 Output from the Matrix node with Missing Values suppressed

We can see from the results, that the category ‘d. Refunded’ has now been dropped from the
table. However, it is still difficult to compare the groups as the total number of cases in each
category are different. Ideally, we would like to examine what percentage of people who live
with or without a partner fall into the various customer tier categories. We can easily do this
by requesting that percentages are displayed in the cells. In fact, the output from the Matrix
node is one of the few places in Modeler where we can request that the displayed values are
updated without having to re-run the node. To do so, while the Matrix output is still displayed,
click the tab marked:

Appearance
Within the Appearance tab, check the boxes marked:
Percentage of row

Include row and column totals

Figure 7.8 shows the completed Appearance tab.
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Matrix of Partner by Customer_Tier #4 — O

\File 5 Edt {) Generate W
e

Rows and columns:

| Highlight top 0

ik 1)

" Highlight bottom 0
Cross-tabulation cell contents:

& Counts [ Percentage of row
] Expected values [] Percentage of column
[] Residuals [7] Percentage of total

¥ Include row and column totals

(Apply etings

Figure 7.8 Requesting additional values for the Matrix Output

To see the effect of adding these values, click:
Apply Settings

Return to the output by clicking the tab marked:
Matrix

Figure 7.9 shows the updated crosstab with the Row percentages and Totals included.
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Matrix of Partner by Customer_Tier #4 - O

o File 5 Edit {) Generate W
ot Agpearance Amnoatons

Customer_Tier

Partner | a. Premium | b. Select | . Standard |Tota| |
No Count  |285 750 2604 3639
Row % |7.832 20.610 71.558 100
Yes Count  [850 971 1571 3392
Row % [25.059 28.626 46.315 100
Total Count  [1135 1721 4175 7031
Row% [16.143 24.477 59.380 100

Cells contain: cross-tabulation of fields
Chi-square = 557.236, df = 2, probability =0

Figure 7.9 Matrix output with Count, Row percentages and Totals displayed

Now the Matrix output has row percentages, it's much easier to compare the groups. We can
see that those customers who indicated that they lived with a partner are much more likely to
fall into the ‘a. Premium’ or the ‘b. Select’ customer tiers than those that do not. In fact, 71%
of those who do not live with a partner fall into the ‘c. Standard’ customer tier compared to
46% of those who do.

Before we leave the Matrix node, let’s look at another example where we can use the
procedure to compare groups in terms of a summary measure derived from a third
continuous field. From the output palette:

Add another Matrix hode to the existing source node.

Figure 7.10 illustrates this.
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Partner x Customer N

=-—@

26 Fields Telco_Updated.csv Matrix

Figure 7.10 Adding a second Matrix node to the stream
Having attached the second Matrix node:

Right-click and edit it

From within the Settings tab:

Choose the variable Payment_Type for the Rows dimension
Choose the variable Auto_Renew for the Columns dimension

At this point, the node will generate a Crosstabulation of the two categorical fields
‘Payment_Type’ and ‘Auto_Renew’ with frequency counts displayed in the cells. We can
however, add a continuous field and request that a summary measure is displayed in the cells
instead. To do so, click the radio button marked:

Function
Within the activated drop-down field menu
Choose the variable Tenure

Figure 7.11 shows the completed dialog at this stage.
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Fields:

Rows:

Columns:

Include missing values
Cell contents: © Cross-tabulations @ Function

Fete (@ Tenure A
Function: ® Mean © Sum © SDev
© Max © Min

Figure 7.11 The Settings tab with the variable Tenure added as a summary
field

To see the resultant output, click:
Run

As figure 7.12 shows, the Matrix output displays how the average customer tenure varies by
their payment method and the renewal length of their current contract.
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Matrix of Payment_Type by Auto_Renew #1 - I bt

GEle | zEdt O generste [l & [l

Auto_Renew

Paymenti_Type |Month-to-.. ]One year Two year
Account_Debit  |17.986 46.159 61.113
Amex 19.644 50.533 58.618
Credit_Card 24104 45.319 59.823
Debit_Card 24965 45.755 £1.668
Invoice 10.047 29.093 42971

Cells contain: Mean of Tenure (including missing values)

o)

Figure 7.12 Matrix output where the cells contain the mean values for
the variable Tenure

The Distribution Node

Distribution

We have already briefly seen the Distribution node being used to describe categorical fields in
earlier sections. In particular, we have seen many examples of the default bar charts that it
produces displayed within the output from the Data Audit node. In this example we will take a
quick look at how we can use the Distribution node to illustrate the kinds of interactions
between categorical fields that we might observe within a Matrix node. From the Graphs
palette:

Select and join a Distribution node to the existing Data Source node in the stream

Payment_Tyge x Auto_..

Partner x Customh\
@ E

26 Fields Telco_Updated.csv Auto_Renew

Figure 7.13 Adding a Distribution Node to the stream
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Double-click on the newly added node to edit it

Within the Plot tab of the edited node:

Choose the variable ‘Auto_Renew’ as the field to plot

In the Overlay section of the same tab:

Choose the variable ‘Partner’ as the colour field

Figure 7.14 shows the completed tab.

o Auto_Renew

x
_/";\ Q] |M]
Field: Auto_Renew

Appearance Ouput Annotaons.

Plott @ Selected fields © All flags (true values)

Overlay

Pt @oMsoRenew |4

Coor |§Paner |0

[~]iNormalize by color

Sort: @ Alphabetic © By count

[~ Proportional scale

Exploring Data

Figure 7.14 Completed Plot tab for a stacked Distribution chart

Now click:

Run

Figure 7.15 shows the generated output.
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E Distribution of Auto_Renew #1 —

| File 5 Edit {) Generate & View ﬁﬁ!‘

Table Graph Annotations

Value Proportion % Count
Month-to-month I 55.02 3875

One year ] 2091 1473
Twao year | 24 07 1695

Partner

B no [ Yes

Figure 7.15 Table Tab Output from the Distribution Node

The initial output that the Distribution node displays is the Table tab. This shows both
graphical and tabular results. We can use this tab to sort the categories (clicking on the header
columns) in alphabetical or numerical order. We can also interact with the output and use the
Generate menu to create new nodes to regroup the categories, create flag fields or select
cases. We can also view the output purely as a chart by clicking the tab marked:

Graph

Figure 7.16 shows the Graph tab output.

E Distribution of Auto_Renew #1 — O be
GEle S Edt O Generate of View | o) |adl (@ x|
Taple Graph | Annotations
W, iy i (L 0 |l -] | @z O~ ]
A Al = ~pi===+ B> /B
Partner
Mo
Month-to-mol Mves
z
o
&
g, One yeal
)
]
<
Two yeal
[ T T T T
0 1,000 2,000 3,000 4,000
Count

Figure 7.16 Graph Tab Output from the Distribution Node
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Initially, the Graph tab is in ‘Explore” mode. This enables the user to view the data values
within the chart and to activate different chart areas in order to use the functionality in the
Generate menu. However, the Graph tab also allows us full access to the editing controls that
affect the chart appearance. Here we can exclude categories, customise their order, change
the scale, change fonts, colours and backgrounds. To access these controls, from the main
menu within the tab, click:

View

Edit Mode

Note: you may need to check the boxes in the drop-down menu to unlock the edit controls
for various aspects of the chart.

Figure 7.17 shows the chart with all the edit controls activated.

] Distribution of Aute_Renew #1 - m] X
d View

Table|| Graph | Annotations o WOl

é@@ i~ ® 4 Edit Mode

w, [
- n I > IOR Explore Mode

X Name | " v General
a = E

&  Color
@ incluce: -
Two year

One year
Month-to-month

lwFile = Edit  {) Generate

S — r—

SOz O ]

Partner

Mo
Wves

Line
Eont

Symbol

¢ €« 9 9l

Properties

Categories

L A

Interactions

X W

Exclude

T T T T
0 1,000 2,000 3,000 4,000
Count

X
7 Margins Major Ticks Minor Ticks Format

Margin:| 1px
Padding: 0

Figure 7.17 Graph Tab Output in Edit Mode

Unfortunately, it is often difficult to compare categories within stacked Distribution charts if
we are dealing with groups of unequal size and comparing frequency counts as opposed to
proportions. This is the equivalent of running a Matrix node (crosstab) and requesting only
counts. To more easily compare the groups within the chart, we will need to run it again with
a slightly different setting. To close the output, click:

OK

To re-run the chart, once again:
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Double-click the Distribution node
Within the Plot tab, check the box marked:
Normalize by color

Figure 7.18 shows the edited Distribution node.

a Auto_Renew X

A Field: Auto_Renew

Plot @ Selected fields © Al flags (true values)
Fetg @OAwoRenew |4
Overlay

S 1)

[# iNormalize by color

Sort. @ Alphabetic © By count

] Proportional scale

Exploring Data

Figure 7.18 The Plot tab with the ‘Normalize by color’ option selected

To generate the chart, click:

Run

Figure 7.19 shows the resultant output.
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E Distribution of Auto_Renew #2 = (m]

@ File = Edit ¢ Generate o View

Value Proportion % Count
Monthto-month I 55.02 3875
One year I 20.91 1473
Two year I  24.07 1695

[E&] Distribution of Auto_Renew #2 - m]

\& File = Edit ) Generate & View m"

\Table Graph| Annotations
Fns AR Ea L Bl >/mO

H No

Partner
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Figure 7.19 The Table and Graph tabs in the Distribution node output
showing the effect of the ‘Normalize by color’ option

We can see that by switching on the ‘Normalize by color’ option, we can more easily compare
the interaction between the variables in the chart. For example, we can see that the people
on a ‘Month-to-month’ contract are much less likely to be living with a partner than those on
a ‘Two year’ contract.

S

Histogram

The Histogram Node

Histograms are a simple but effective way to view continuous data as a graphical distribution.
By default, the Histogram node in Modeler creates 25 equal-ranged ‘bins’ of the continuous
field to be graphed. To see the standard Histogram output, from the Charts palette:

Select and attach a Histogram node to the Data Source node

Figure 7.20 shows the Histogram node attached to the source node.
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o_Renew

Telco_Updated.csv Tenure

Figure 7.20 The Histogram node attached to the Data Source node in the
current stream

To choose a field for charting in the Histogram:
Double-click the Histogram node

Within the Plot tab of the resulting dialog:

Choose the variable Tenure from the drop-down Field list

Figure 7.21 shows the completed procedure for a basic Histogram.

a Tenure *

A (@]l

X: Tenure

Overlay

(oK J(® Run]{ Cancel | toply || Reset)

Figure 7.21 Requesting a histogram of Tenure

Click:

Run
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Figure 7.22 shows the Histogram output.

[utd Histogram of Tenure #1 - O X
‘;. File = Edit {) Generate & view
Graph  Annotations
4000 ool
800
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o
o
400NN
200 -
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Figure 7.22 Histogram of Tenure

The histogram is comprised of an arbitrary number of individual bins (25). The range that each
bin covers isn’t important as the point of this chart type is to describe the shape of the
distribution. However, the analyst can alter the number of bins to increase or decrease the
level of detail in the chart. In this case, the histogram simply shows that there are two peaks
around new customers (i.e. those with a small tenure value) and the most loyal customers
(those with a high tenure value). Let’s re-run the histogram but alter the number of bins and
introduce a second variable.

Close the output and double-click the histogram node to edit it again
From the drop-down menu marked ‘Color’:

Choose the variable Churn

Now click the tab marked:

Options

In the Options tab:

Increase the value in the ‘No. of bins’ box to 35

Figure 7.23 shows the completed Histogram Plot and Options tabs.
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Figure 7.23 Editing the Histogram to increase the number of bins and
include the field Churn

To see the effect of these changes, click:
Run

Figure 7.24 shows the new histogram output.

W Histogram of Tenure #7
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Figure 7.24 Histogram of Tenure by Churn with 35 bins
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Now we can see a little more detail in the distribution of values in the chart. We can also
detect that the proportion of churners seems to decrease as the tenure increases. Just as we
did with the Distribution chart earlier, we can normalise this view to better see how the
proportion of churn changes over the tenure of the customer groups. Once again:

Close the output and double-click the histogram node to edit it
Select the tab marked:

Options

In the Options tab:

Check the box marked ‘Normalize by color’

Figure 7.25 shows the completed Histogram Plot and Options tabs.

\) Tenure x

T X Tenure

Plot Options Appearance Output Annotations

1k
1h

[ Automatic X range

Bins: @ Bynumber No. of bins:

F

© By width -

[ Normalize by color [7] Separate bands for each color

] Show normal curve

Lok J (& Run) canca)

Figure 7.25 Requesting a histogram with normalised colour groupings

To see how this affects the output, click:
Run

Figure 7.26 shows the new histogram output.
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Figure 7.26 Histogram of Tenure by Churn normalised by colour

We can see exactly now that the proportional decrease in the churn rates occurs fairly
smoothly throughout the distribution. We must bear in mind that when viewing charts like
this, the actual counts of cases may vary by quite a bit throughout the distribution soit’s a
good idea to view the chart without normalising the data first. These kinds of charts are
especially useful when trying to detect the point or threshold at which a change in a
continuous value has particular effect such as the proportion of people accepting an offer
based on discount value or the number of faults that occur across a certain temperature
range.

The Means Node #2

Means

The Means node allows us to compare the arithmetic averages of different groups in a simple
tabular output format. To illustrate, from the Output palette:

Select and attach a Means node to the Data Source node

Figure 7.27 shows the Means node attached to the source node in the existing stream.
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Figure 7.27 The Means node attached to the Data Source node in the
current stream

To show how the procedure works:
Double-click the Means node

The resulting dialog allows us to specify a categorical variable to define the groups we wish to
compare and one or more continuous ‘test’ fields from which the mean values are calculated.
Within the Settings tab of the edited Means node, from the drop-down Grouping field list:

Choose the field Payment_Type
In the area marked ‘Test field(s)’, click the field selection button and:
Choose the field Monthly _Rate

Figure 7.28 shows the completed tab.

) Means X

g
Setings Optons Ouiput Annotaons

Compare means:

@ Between groups within a field

© Between pairs of fields
Grouping field:
@ Payment_Type )
Test field(s):

& Monthly_Rate

Figure 7.28 The completed Setting tab within the Means node
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To generate the Means output, click:
Run

Figure 7.29 shows the Means output.

Means of [Payment_Type][Monthly_Rate] #2 — O X
| File = Edit IE.Fﬁ[:,‘]F‘

Means Annotations

—_—
Sort by: | Fie v & View;ISimpla "

Grouping field: Payment_Type

*Cells contain: Mean

Field Account_D... Amex* Credit_Car... Debit_Card* Invoice*  Importance
Monthly_Rate 76.296 66.450 66.586 67.136 43.906 1.000
Important

oK)

Figure 7.29 The Means output showing the average Monthly rate values for
the five different payment types

7

We can see that the output simply shows the five mean values of the variable ‘Monthly_Rate
for each of the different payment types. It also indicates that at least one of these differences
is ‘lmportant’. This refers to an F-test that the procedure runs to test for statistical significance.
If the probability of the F-test is below 0.05 (the 5% level) then the output is marked as
‘Important’. You may notice that the ‘view’ button in the output indicates that the output is
shown in ‘Simple’ mode.

Click the ‘View’ button to switch the output to ‘Advanced mode’.

Figure 7.29 shows the ‘Advanced’ output from the Means node.
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Figure 7.30 The Means output showing the ‘Advanced’ view

The Advanced output shows not just the mean values but the mean, standard deviation,
standard error and frequency count, in that order, from top to bottom within each group
column. It also shows details of the F-test used to compare the group means and to assess
whether any of the differences between can be regarded as ‘statistically significant’.

The Means procedure also allows users to calculate linear correlations between specific pairs

of variables. To see how this is done:

Close the output and double-click on the Means node again
Choose the radio button marked ‘Between pairs of fields

From the drop-down variable menu entitled ‘Field one’ choose:
Tenure

From the drop-down variable menu entitled ‘Field two’ choose:

Total_Bill
Now click:
Add

Figure 7.31 shows the completed dialog at this stage.
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Figure 7.31 Partially completed dialog for comparing pairs of continuous
fields in the Means procedure

Before we run the procedure, we can request that the correlation value reveals the actual
linear correlation coefficient. To do so, click:

Correlation Settings
In the pop-up sub-dialog, choose the radio button:
Define correlation strength by absolute value

Figure 7.31 shows the completed sub-dialog.

\_‘) Correlation Settings X
[ Show correlation strength labels in output

Define correlation strength by importance (1-p)
@i Define correlation strength by absolute valua‘i

From0.0andupto: | 0.3333[& Labe:
Aboveandupto: | 0.6666[&] Label:
Above and up to 1.0 Label:

Lok ) (cancel | (setp |

Figure 7.32 Sub-dialog within the Means procedure for requesting that the
absolute values for correlations are displayed
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You can see from the sub-dialog that the user can set custom threshold values for the
correlation coefficient. In fact, linear correlation values run from -1 to +1. The closer the value
is to either of those extremes, the stronger is the apparent linear relationship between the
two fields. Conversely, values close to zero show weaker (or even random) relationships.

To view the output from the procedure, click:
OK

Run

Figure 7.33 shows the resulting output.

Means of [Tenure-Total_Bill] #1 — O 3
wee e (Sl (@] x)
Means Annotations

Sort by: - EY View|5imple Vi

*Cells contain: Mean

Field One Field Two Mean One* Mean Two* Correlation Mean Differ.. Importance
Tenure Total_Bill 32.37 2279.750 0826 -2247.379 1.000
Strong [#*] iImportant

oK)

Figure 7.33 Means output for a pair of continuous fields showing absolute
correlation value

We can see that the output now shows the two mean values for each of the continuous
fields. However, it also shows the linear correlation of 0.826 which is marked as ‘Strong’ and
reflects a positive linear relationship between the fields.

The Plot Node /i

Plot

One way to graph the relationships between continuous fields is to generate a scatterplot. In
Modeler, the Plot node allows us to do this. To demonstrate this, from the Graphs palette:

Choose a Plot node and attach it to the Data source node in the existing stream

Figure 7.34 shows the updated stream.
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Figure 7.34 The updated stream with the Plot node attached

Now we can illustrate the linear relationship we observed using the Means node in the last
example.

Double-click the Plot node
In the drop-down field menus:
Assign Tenure to the X-axis

Assign Total_Bill to the Y-axis
In the drop-down field chooser titled ‘Color’
Choose the field Customer_Tier

Figure 7.35 shows the completed dialog.

0 Tenure v. Total_Bill bt
@ (@] o |
X: Tenure Y: Total_Bill

aaec H R WE_HJ
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Overlay
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Panet: ||kl animation: [ Gl Transparency: [l

Overlaytype: @ None
© Smoother

© Function
ok (B run] [ cancel | conly || Resat]

Figure 7.35 Completed dialog for creating a scatterplot of Tenure by
Total Bill coloured by Customer Tier

© Smart-Vision Europe Limited 2018 Exploring Data



Exploring Data

Now run the procedure

Figure 7.36 shows the output.

@ Plot of Tenure v. Total_Bill #2 = O X

| File = Edit ¢ Generate & View

Graph | Annotations
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Total_Bill

4000 -+~

2000
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Figure 7.36 Output from the Plot procedure showing relationship between
Tenure by Total Bill coloured by Customer Tier

The scatterplot displays the strong linear relationship that was detected in the earlier
correlation. The points themselves are binned so that larger points represent more data
records. The customer tier variable clearly delineates the different strata in the scatterplot
itself. In fact, the Plot node allows us to vary the size of the points according to values in
another field and to create separate (panelled) scatterplots according to the levels of a
specified grouping variable.

The Statistics Node ®

Statistics

The Statistics node offers a simple way to view summary statistics for many fields at once. As
such, its functionality overlaps somewhat with the Data Audit node. Moreover, like the
Means node it allows us to view correlations between variables. To investigate the Statistics
node, from the Output palette:

Choose a Statistics node and attach it to the Data source node in the existing stream

Figure 7.37 shows the updated stream.
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Figure 7.37 The updated stream with the Statistics node attached
Double-click the Statistics node

Using the Field selection button add the following variables to the Examine box:
Tenure

Monthly Rate

Total_Bill

Using the second Field selection button (bottom) add the following variables to the Correlate
box:

Average_Monthly_Bill

Figure 7.38 shows the Statistics dialog at this stage.

) Statistics X

Y (=)
Setings Ouput Ammottons

Examine: |4 Tenure
& Monthly_Rate
& Total_Bill

Statistics: [ Count [« Mean [ Sum
¥ Min ¥ Max [ Range
[¥! variance [¥/| Std Dev[s/ Std Error of Mean
["] Median ] Mode

Correlate: | & Average_Monthly_Bill

Figure 7.38 The Statistics Node dialog
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Just as with the Means procedure, we can request that the correlation value reveals the
actual linear correlation coefficient. To do so, within the Statistics node dialog click:

Correlation Settings
In the pop-up sub-dialog, choose the radio button:
Define correlation strength by absolute value

Figure 7.39 shows the completed sub-dialog.

O Correlation Settings >
¥ Show correlation strength labels in output

© Define correlation strength by importance (1-p)

@: Define corr olut
From 0.0 andupto: | 0.3333 E Label:
Aboveandupto: | 0.6666[5 Label:

Above andup to 1.0 Label:

Figure 7.39 Sub-dialog within the Statistics procedure for requesting
that the absolute values for correlations are displayed

Click:
OK

Run

The output from the Statistics procedure is shown in figure 7.40.
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Figure 7.40 Output from the Statistics procedure

We can see from the output that summary statistics are displayed for each of the selected
fields in turn. Furthermore, each block of summary statistics displays the correlation value for
the linear relationship between the field Average_Monthly_Bill and the selected variable.
Although the Statistics node generates output that can also be calculated by other
procedures, it worth pointing out that the Generate menu within the output will create a
Filter node allowing the user to filter out fields with weak correlations against a key variable.
This can be useful for identifying those fields that are strong predictors of a particular
continuous target.
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The Graphboard Node =

Graphboard
As a final example of procedures to help us explore data, we will look at the Graphboard

node. This is powerful graphical procedure that will ‘suggest’ chart types to the user based on
the combination of field types that they select. To see this, from the Graphs palette:

Choose the Graphboard node and attach it to the Data source node in the existing stream

Figure 7.41 shows the updated stream.

Payment_Tyge x Auto_.
Aflo_Renew

Partner x Customer Tenure

*————3—-——*4%——5

26 Fields ’/40 Urateds\ AAAAAAAAAAAAAAAA

Means ) Statistics
Tenure v. Total_Bill

Figure 7.41 The updated stream with the Graphboard node attached

Double-click the Graphboard node

One of the first things we notice when choosing fields within the Graphboard dialog is that
different chart types appear based on the selection of fields that we choose (ctrl-click is used
to make multiple selections). Figure 7.42 illustrates this. The screenshot shows a range of
different chart types that are suggested based on the different field types that have been
clicked in the source variable list on the left-hand side.
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Figure 7.42 The Graphboard dialog automatically suggesting different
chart types based on the combination of selected variables

Using control-click, select the following fields:

Box_Office_Movies
Payment_Type

Total_Bill

Because we have selected two categorical fields and a continuous field, the Graphboard node
immediately offers a range of chart types that might be appropriate for that combination of
variables. Within the portfolio of chart types select:

Heat Map

Figure 7.43 shows this selection being made in the Graphboard dialog.
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Figure 7.43 Selecting a Heat Map in the Graphboard dialog

As a chart type, heat maps are especially useful when we are looking at the relationship
between two categorical fields (with several categories) in terms of a third summary measure.
Examples of this include using heat maps to see how average profit varies by region and
customer segment or to compare the mean household income values of different property
types by age group. In this example, the heat map will show the mean values for total bill for
each combination of the categories within Payment_Type and Box_office_Movies. To
generate the chart, click:

Run

Figure 7.44 shows the generated heat map.
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Figure 7.44 A heat map showing the mean values for Total Bill by each
category of Box Office Movies and Payment Type

The heatmap makes it very easy to compare these groups quickly as it reveals the ‘hot-spots’
where the average total bill value is highest. As we saw, earlier there are many other chart
types within the Graphboard node and most analysts will find it worthwhile to familiarise

themselves with these various options.
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Section 8&:
Building a Predictive Model 2

CHAID Churn
e Model Types
e (lassification Models
e Association Models
e Segmentation Models
e The CHAID Node
e Model Nuggets

As we move through the CRISP-DM process we are of course working towards the goal of
creating a deployable model that will enable better decision making within our application
area. In this section, we can begin the process of learning about building and interpreting
predictive models. Before we do so, let’s turn our attention towards the main kinds of
modelling techniques that SPSS Modeler offers us.

Model Types

There are many model-building algorithms within SPSS Modeler. Indeed, most of these
algorithms contain sub-methods and optional settings that increase the number of possible
modelling methods by an order of magnitude. Generally, the modelling techniques fall into
the following groups:

e C(lassification
e Association
e Segmentation

Classification Models

Classification models use the values of input fields to predict the values of specific target fields.
The target fields themselves can be categorical or continuous in nature. Not surprisingly for a
predictive analytics workbench, these predictive modelling techniques are the most
numerous type of algorithm in SPSS Modeler. Classification models include rule-based
techniques and decision trees such as CHAID, C&R Tree, Random Trees and C5 algorithms.
They also include classical statistical techniques from the regression family such as linear and
logistic regression as well as a number of machine learning algorithms such as neural
networks, support vector machines and bayesian networks.
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Association Models

Association models construct rule sets to discover relationships between multiple categories
in a set of fields. Association models differ from the classification techniques discussed earlier
in that the fields can act as both inputs and targets. With this kind of model therefore, we are
more interested in the interrelationships between the variables rather than the outcomes
recorded in a single field. Association models are useful when we wish to understand the co-
occurrence of events. As such, they can be used to detect which products are purchased
together in a single transaction (basket analysis) or over a period of time (affinity analysis).
Moreover, we can use association models to generate rules that estimate how likely it is that
a specific product will be purchased given the presence of other products. In the same sense,
we can use these techniques to identify component parts that need to be replaced based
upon patterns of failure, symptoms that tend to co-occur based upon medical conditions or
patterns of behaviour that co-occur in events links to fraud and crime. The Apriori and Carma
association algorithms in SPSS Modeler are used to address precisely these kinds of problems.
An extension of this capability is the Sequence Detection algorithm which tries to uncover
sequential patterns in time-structured data.

Segmentation Models

Segmentation models do not rely on target or output fields. They are designed to create
segments, or clusters of records that are similar to one another. Because these techniques are
not predictive in nature, they only require input fields. Segmentation models are useful when
attempting to characterise a customer database in terms of demographics and shopping
behaviour to drive deeper customer insight and provide more compelling products or
services. Segmentation (or “clustering” models) can also be used to group similar stores or
branches together in terms of their sales patterns to more effectively resource them or to
uncover different modes of behaviour, for example, when trying to detect fraud. Such models
are evaluated not in terms of their accuracy but rather in terms of their ability to capture
interesting groupings in the data that might otherwise have gone undetected. The three main
segmentation (cluster) techniques within SPSS modeler are the Two-Step, K-Means and
Kohonen network algorithms. A related procedure is the Anomaly Detection node, which
rather than trying to create homogeneous groups, identifies unusual cases, or outliers, that do
not conform to patterns of “normal” data. Such an approach is specifically tuned to detect
unusual events or behaviours and can be useful when identifying sub-groups of cases that
represent clandestine behaviour in people, anomalous activity in asset performance or
records where a key outcome is difficult to detect using standard predictive models.
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The CHAID Node 2

CHAIDD
To demonstrate our first example of building a predictive model we will use a well-
documented decision tree algorithm called as CHAID. The CHAID acronym stands for Chi-
square Automatic Interaction Detection. It is a technique that produces a highly visual model
in the form of a decision tree. The tree itself is comprised of a hierarchy of fields selected for
inclusion in the model because each one is deemed to have a statistically significant
relationship with the target field (as measured by the Chi-square statistic). To see how the
CHAID node works, from the Section 8 folder open the following stream.

Section 8 Start.str

Figure 8.1 shows this stream. Note that it reads an updated version of the Telco file.

(FCT

B -— (==
26 Fields Telco_Updated.csv

Figure 8.1 The SPSS Modeler stream ‘Section 8 Start.str’

You will notice that this is the same dataset that we used in the previous chapter. The file
contains a field (‘Churn’) that indicates whether or not the customer has cancelled their
contract with the telecommunications company. We can start the process of building a model
to predict churn by attaching a CHAID node to the source node. From the modelling palette:

Select and attach a CHAID node to the Data Source node

Figure 8.2 shows the attached Matrix node.

R ~— (B) — &

26 Fields Telco_Updated.csv . Churn |

.................

Figure 8.2 CHAID node attached to the source data file

You may notice that the CHAID node is immediately renamed ‘Churn’. This is because the
churn field is set as the target within the Type tab in the source node. In fact, care should be
taken to inspect the field types so that no redundant variables (e.g. email address, transaction
number etc.) are included, as well as fields that contain information that could only have been
available if the outcome in the target field was known (and so are self-fulfilling). At this stage,
we could simply execute the CHAID node and, assuming there were no issues with the data, it
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would automatically generate a model for us. Before we do so however, we will have a look
at the various options for model-building in the algorithm itself.

Right-click the CHAID node to edit it

Figure 8.3 shows the default Settings tab within the edited CHAID node.

\) Churn

N,

Objective: Standard model |

Filss BuilgOptions odel Optons Ametaons

@© Use predefined roles
© Use custom field assignments

Fields:
- t e Targets™:

[Sa Churn

Predictors (Inputs)*:

§a gender -
& Pensioner

§a Partner

§a Dependents

& Tenure

@2 Landline

@a Multiline

4 Broadband

@4 Internet_Protection

&4 Rackun bl

Analysis Weight

S & 7 »l

Figure 8.3 The default Fields tab within the edited CHAID node

You can see from the Fields tab that the variables have been assigned to the target and input
roles in the CHAID node. This is because of how their roles in the Type tab of the source node
have been set. Note also that you can click the radio button marked ‘Use custom field

assignments’ to overwrite this default setting and reassign them as you wish. To continue,
click the tab marked:

Build Options
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O Churn X

Objective: Standard model \

Selectan item:
Objective What do you want to do?
Basics ® Build new model © Continue training existing model
Stopping Rules
Costs What is your main objective?
Ensembles ® Build a single tree
Single Tree
Advanced

Mode: @ Geperate model © Launch interactive session

© Enhance model accuracy (boosting)
© Enhance model stability (bagging)

© Create a model for very large datasets (requires Server)

Description

Creates a single, standard model to explain relationships between fields. Standard models are easier to
| interpret and can be faster to score than boosted, bagged, or large dataset ensembles.

(Lo J (B Run) {cancel

Figure 8.4 The Build Options Tab showing the model-building objectives in
the CHAID node

The Build Options tab contains many controls concerning the nature of the model that we will
generate with the CHAID procedure. At this stage, we are going to request that we build a
model interactively, so we can view the how the model is created at our own pace. To request
this option, click the radio button marked:

Launch interactive session

To start the model building process, click:

Run

Figure 8.5 shows the initial model output displayed in an interactive CHAID tree window.
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Figure 8.5 The Interactive CHAID tree (note: random seed = 701499504)

The initial node within the interactive CHAID tree shows a random sample representing
approximately 70% of the data. This sample called the “tree growing set”. Around 30% of the
data is held back from the ‘model training’ process and can be used to verify that the model
provides reliable results. This first node shows the frequency and percentage breakdown of
the two groups within the target field. Of the 4,930 people in the sample, around 74% have
not yet churned. The aim of the model is find the best variables that discriminate between
current customers and those who have defected. To do so, the CHAID model tests each and
every independent variable against the target field to see which one should be entered first.
This is the equivalent of running a crosstab of each field against the target. To use a
continuous field, the CHAID algorithm breaks the variable into binned deciles and so
effectively converts it to a categorical field so that the comparison can be made. At this stage
in the interactive model, the CHAID tree has already calculated which fields should be entered
based upon the probability values derived from a series of chi-square tests. We can view the
results of these tests by clicking the custom split button:

Figure 8.6 shows the Define Split dialog. This dialog not only allows us to view the results of
the Chi-square significance tests, but also to view and edit how the algorithm has defined a
variable ‘split’. The ‘split’ refers to where the algorithm has re-grouped the categories in a
field to simplify the variable whilst preserving its predictive power. For example, if the model
finds that it can group together a number of locations within a variable representing region
without exceeding a specified probability level, it will do so.
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Figure 8.6 The Define Split Dialog

Building a Predictive Model

To view the probability values associated with each test of an independent variable against

the target field, click:

(Predcors. )

Figure 8.7 shows the Select Predictor dialog.

“ Select Predictor x
Predictor | Nodes | statistic |oF | Adj. Prob.
Auto_Renew 3 Chi-square=819.405 2 0.000
Tenure 7 Chi-square=686.801 6 0.000
Internet_Protection 3 Chi-square=577.610 2 0.000
Premum Support 3 Chi-square=562719 2 0.000
Broadband 3 Chi-square=505.293 2 0.000
Payment_Type_3Grp 2 Chi-square=443.770 1 0.000
Payment_Type 3 Chi-square=447.868 2 0.000
Backup 3 Chi-square=401.367 2 0.000
Insurance 3 Chi-square=373.610 2 0.000
Monthly_Rate 4 Chi-square=298.270 3 0.000
Total_Bill 7 Chi-square=306.566 6 0.000
Cashback 3 Chi-square=275.453 2 0.000
Very_Loyal 2 Chi-square=260.469 1 0.000
Super_Sports 3 Chi-square=253.077 2 0.000
Box_Office_Movies 3 Chi-square=252.582 2 0.000
Average_Monthly_Bill 5 Chi-square=272.665 4 0.000
Family_Plus 2 Chi-square=193.341 1 0.000
Dependents 2 Chi-square=145.072 1 0.000
Customer_Tier 3 Chi-square=131.587 2 0.000
Partner 2 Chi-square=115.476 1 0.000
Pensioner 2 Chi-square=114.548 1 0.000
Multiline 2 Chi-square=11.271 1 0.002
Landline 2 Chi-square=2.260 1 0.133
gender 2 Chi-square=0.373 1 0.541

Lo (cancel] (i |

Figure 8.7 The Select Predictor Dialog
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We can see that according to the Select Predictor dialog, the variable with the largest Chi-
square value (and more importantly the smallest probability) is ‘Auto_Renew’. This is the field
that using the default settings, the model would select as the first predictor variable to be
entered. To see this, click:

Cancel

Grow

Figure 8.8 shows the tree model grown one level with the Auto-Renew field used to define
the first split.

“‘? Interactive Tree of Churn - O pad
| File 5 Edit & View Tree {) Generate E) m
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Figure 8.8 The CHAID tree model grown with one predictor field

Using the auto renew field, the original sample of 4,930 records has been split into three
groups. We can see that those customers on a month-to-month renewal plan have the
highest churn rate (42.4%), followed by those on a one-year plan (11.6%) whereas those on a
two-year plan have the lowest churn rate (2.7%). This tells us that how customers choose to
renew their contract is the single biggest predictor of churn according to the CHAID algorithm.
If we grow the tree a further level deep, we may well find that more than one field is chosen
to define the next three branches. After all, at this point the model has effectively created
three separate populations of customer and we shouldn’t expect that the same field will be
selected as the next best predictor of churn at each of these three points. To grow the tree
another level, click:

)
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Figure 8.9 shows the tree model grown another level.
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Figure 8.9 The CHAID tree model grown to two levels deep

By growing the tree another level, we can see that two more variables are chosen. Firstly, the
variable that records the type of broadband service the customers receive has been chosen to
split the records in the “Month-to-month” branch. We can see that the churn rate within this
branch varies from 54.7% for fibre optic users to 19.7% for those with no broadband package.
Interestingly, the same variable is chosen to split those customers on a two-year contract,
except that here, those with no broadband package have been merged with those using a
DSL package to form a single group. This has happened because the algorithm has found that
the churn rates for these two groups are not statistically different from one another. For both
merged groups the churn rate has dropped to around 1%. Finally, CHAID has chosen a
completely different variable to split those customers on a one-year contract. Again, it has
merged two groups: this time within the variable that records whether or not the customer
has opted to include ‘Box Office Movies’ in their package. For those that take this option the
churn rate jumps to 21%, otherwise the rate drops to 3%. It is precisely this ability of decision
tree algorithms like CHAID to find subtle patterns in the way variables interact with each other
against a target field, that makes it such a powerful tool for driving insight whilst predicting
outcomes.

As mentioned earlier, the tree that we are viewing is based on a random 70% subset of the
data. Thisis used mainly so that we can validate the model when tested against another
sample (the proportion of the split value can be altered in the ‘Advanced’ settings within the
model options). In fact, one of the most powerful aspects of the interactive mode within
CHAID is the ability to allow us to switch back and forth between the ‘training’ sample (the
‘Tree growing set’) and the withheld ‘test’ group that represents the remaining 30% of the
data. This test group is labelled the ‘Overfit Prevention Set’. ‘Overfitted’ models refer to
predictive models which are too specific and sensitive to the subtleties of the sample data and
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so perform badly when applied to other datasets (or in the real world). To view how the tree
looks when applied to this sub-sample, on the toolbar click:

E

Figure 8.10 shows the view of the tree when applied to the overfit prevention set.
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Figure 8.10 The current CHAID tree model applied to the ‘overfit
prevention set’

In most cases we can see that the numbers in the tree change only slightly (maybe by 1 or 2
percent). However, the proportion of churners in the “Box office movies” branch has changed
more significantly for those in the ‘No’ or ‘No Internet Service’ group. Here the value has
changed from 3% in the tree growing set to 7% in the overfit prevention set. Meanwhile for
those who do have the “Box office movies” option, the value has changed from 21% in the
tree growing set to 14% in the overfit prevention set. This simply reminds us that predictive
models have different margins of error and that when applied to other data samples, we
should expect to see some variation in the generated outcomes. There are many different
approaches that analysts can employ to test model performance just as there are many
strategies they may pursue to enhance the accuracy and stability of predictive models. At this
stage however, we can return to building the rest of the decision tree to view the final model.
To do so, click the toolbar button to switch back to view the tree growing set:

To grow the rest of the tree, click:

&
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When the tree has completed growing, we may find it useful to click the tree map button to
gain a better overall view of the final model: On the tollbar, click:

I

Figure 8.11 shows the fully grown CHAID decision tree and tree map.
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Figure 8.11 The fully grown CHAID tree with a tree map window to provide
orientation

Now we can see that the entire model constitutes a much more complex set of variables and
interactions. The tree itself has grown to a maximum of 5 levels deep. In fact, the algorithm
continues to grow the tree from the initial root node until it encounters a ‘stopping rule’.
Stopping rules include the maximum allowable tree depth, which by default is set at 5; the
minimum percentage (or frequency) of records in a ‘parent node’ (i.e. any node that
generates another level) which is set at 2%; and the minimum percentage (or frequency) of
records in a ‘child node’ (any node that doesn’t generate another level) which is set at 1%.
When any of these conditions cannot be met the tree stops growing. Furthermore, the
significance threshold (probability value) that allows the splitting or merging of variables in the
tree can also be set (the default probability value is 0.05). All of these values can be edited
within the CHAID node and they enable analysts to control how complex or ‘conservative’ the
final model might be.

Having inspected the fully unfolded model, we can close the model output and return to the
initial CHAID node. At this point we should note that if we wish to close the interactive tree
output and return to it later we can do so, and it will remain available to us for the rest of the
session. To do this, from within the Interactive Tree output window, click:

File

Close
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The interactive tree will remain open in the background for us. It’s worth noting however, that
doing this with many complex interactive trees may lead to the depletion of system memory
resources as several sessions will be concurrently maintained. If you wish to fully close the
interactive tree and free up these resources, within the Interactive Tree window, click the
‘close and delete output’ button:

A message dialog appears simply telling us that any changes we have made within the
interactive tree will be lost should we continue.

Delete Interactive Output X

0 If you continue, interactive output will be lost. To save output
press cancel, and either update the tree directives to the original
modeling node and/or generate a complete model from the output window

Figure 8.12 Delete Interactive Output message dialog

Click:
Continue

Now we can now see what happens when we build a CHAID tree using the default (non-
interactive) method.

Right-click on the CHAID node and edit it

In the resulting dialog, within the Build Options tab (under the Objective item in the left-hand
option list) click the radio button marked:

Generate model

Figure 8.13 shows this completed dialog.
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J Churn X

L=l

Objective: Standard model

Fieds Bl Optons_Hodel Optons. Annatatons

Select an item:

Objective What do you want to do?

Basics © Build new model © Continue training existing model
Stopping Rules

Costs What is your main objective?

Ensembles @® Build a single tree

Advanced T Treer“ G

Mode: @G 1:© Launch interactive session

© Enhance mgdel accuracy (boosting)
© Enhance model stability (bagging)

© Create a model for very large datasets (requires Server)

Description

Creates a single, standard model to explain relationships between fields. Standard models are easier to
interpret and can be faster to score than boosted, bagged, or large dataset ensembles.

Figure 8.13 Switching from the ‘Launch Interactive Session’ mode to the
default ‘Generate Model’ mode

To create the CHAID model automatically, click:

Run

The effect of doing this is that the CHAID node immediately creates a model nugget using the
default settings of the algorithm. We should note that unlike the interactive mode, the default
‘Generate Model’ mode uses all the data in the sample. It does not create a model based on a
random subset of the data. Figure 8.14 shows the Modeler stream with the new CHAID
model nugget added.

25-—-0—@

26 Fields Telco_Updated. Chprn

A

Churn

Figure 8.14 A newly generated CHAID model nugget
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Model Nuggets £

Churn
Model nuggets are generated by modelling algorithms. They encapsulate the actual models
which in turn may generate outcomes based on statistical coefficients, decision rules or
complex (and hidden) code. Some of these modelling nuggets can be saved as PMML objects.
PMML, or ‘Predictive Modelling Mark-up Language’, is a model coding standard which acts as
a common language and so allows models to be shared between third party applications.
Furthermore, users with server licences for SPSS Modeler may find that by utilising the SQL
Pushback facility within Modeler, model nuggets such as CHAID can be automatically
converted to SQL to allow in-database scoring of data. Most model nuggets allow us to
browse the contents of the generated model and view important details about its
construction. To see this:

Right-click on the CHAID model nugget and edit it

Figure 8.15 shows the contents of the generated model nugget.

& Churn X
oy BB QG o v @l=lD
dun
WModel viewer Summary Seftings Annotations
Gl (o e e s doa) oo L] Ll { [ @ 2 2
Auto_Renew in [ "Month-to-month™ ] [ Mode: No ]
Auto_Renew in ["One year"] [ Mode: No | .
- Auto_Renew in [“Two year"] [ Mode: No | Predictor Importance
Target: Churn
Auto_Renew :
Broadband :
Tenure :
Total_Bill ;
{ Box_0Office_Movies ]
Multiline j
Landline :I
Pensioner j
Super_Sports j
00 02 04 06 08 10
[Futo_Rena
1 | 1 f [ [ 1 1 [
Least Important Most Important
View: |Predictor Importance ~
@ | cancal Apply || Reset

Figure 8.15 The Model Rules and Predictor Importance panes within the
CHAID nugget

The first thing than we notice when we browse the model contents is the Predictor
Importance chart. This is generated independently of the model itself and is really an analysis
of the how important each field is in the final model. It may not correspond to the order in
which the variables themselves are entered into a decision tree. Instead it attempts to
measure how much the model error is reduced by including the field in question.
Furthermore, the values that correspond to each variable are relative and standardised so
that they all sum to 1.0. On the left hand-side of the model tab we can see the first level of the
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decision tree expressed as a ruleset. To unfold each branch of the ruleset, click the plus sign
button:

-

By the clicking “show/hide coincidence figures” button on the toolbar we can see the
accuracy of each rule. Click:

Figure 8.16 shows the unfolded ruleset of the first level of the decision tree.

E- Auto_Renew in [ "Month-to-month™ ] [ Mode: No ] (2.875)
E- Broadbandin["DSL"] [ Mode: No | (1,223)
. B Total_Bill <= 83 [Mode: Yes ] (242)
.~ Family_Plus in["No"] [Mode: No] => No (110,05
.~ Family_Plus in["Yes"] [Mode: Yes] = Yes (132 0636)
- Total_Bill > 83 and Total_Bill <= 265 [Mode: No] => No (222 0 563)
@- Total_Bill > 265 and Total_Bill <= 939 [ Mode: No ] (257
- @ Total_Bill > 939 [Mode: No ] (402)
B Broadband in [ “Fiber optic™] [ Mode: Yes ] (2,128
@ Broadbandin["No"] [ Mode: No ] (524
E- Auto_Renewin["One year"] [ Mode: No] (1,473
E- Box_Office_Movies in ["No"] [ Mode: No ] (447)
Box_Office_Movies in [ "No internet service™] [ Mode: No] => No (3264, 0975)
& Box_Office_Movies in [ “Yes"] [ Mode: No ] (662
E- Auto_Renew in["Two year"] [ Mode: No ] (1.695
& Broadband in ["DSL" "No"] [ Mode: No ] (1.266)
“- Broadband in [ "Fiber optic™] [Mode: No] => No (4290928

Figure 8.16 The model rules unfolded to show the ruleset of the first
level of the CHAID decision tree model

Clicking the corresponding “Show level” buttons on the toolbar across the top of the ruleset
means we can unfold the rules for the subsequent levels in the tree. Figure 8.17 shows the
rules unfolded down to the third level of the decision tree.
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El Auto_Renew in [ "Month-to-month™ ] [ Mode: No ] (3.875)
E- Broadbandin["DSL"] [Mode: No] (1,223)
. @ Total_Bill <= 83 [Mode: Yes ] (242)
-~ Total_Bill > 83 and Total_Bill <= 265 [Mode: No] => No (222, 0.563)
@ Total_Bill > 265 and Total_Bill <= 939 [ Mode: No ] (257
- B Total_Bill > 939 [ Mode: No ] (402
& Broadband in [ “Fiber optic®] [ Mode: Yes ] (2,12
- Tenure <=1 [Mode: Yes] => Yes (235 0 864':
& Tenure = 1 and Tenure <= 11 [ Mode: Yes ] (641
@ Tenure > 11 and Tenure <= 19 [ Mode: Yes ] (302)
B Tenure > 19 and Tenure <= 50 [ Mode: No] (721)
& Tenure > 50 [ Mode: No] (229)
= Broadband in["No"] [ Mode: No ] (524
- Tenure <=1 [Mode: No] => No (159, 0.635)
- Tenure > 1 and Tenure <= 19 [Mode: No] => No (283, 0869
----- Tenure > 19 [Mode: No] => No (82, 0951)
E- Auto_Renew in["One year"] [Mode: No] (1473
B Box_Office_Movies in ["No"] [ Mode: No ] (447)
- Payment_Type_3Grp in [ "Account_Debit"] [ Mode: No] => No (95, 0.853)
o] Payment_Type_3Grp in [ "Card_Payment” “Invoice” ] [ Mode: No] (352)
Box_Office_Movies in [ "No internet service™] [ Mode: No] => No (264, 0 975)
B Box Office_Movies in["Yes"] [ Mode: No ] (662
- Broadband in ["DSL"] [Mode: No] => No (259; 0.869
----- Broadband in [ "Fiber optic™] [Mode: No] => No (403, 0.767
El Auto_Renew in [ "Two year"] [ Mode: No ] (1,695
B Broadbandin ["DSL" "No"] [ Mode: No] (1,266)
El Pensioner=0 [Mode: No] (1,192)
- Pensioner=1 [Mode: No] => No (74; 0946

- Broadband in [ “Fiber optic”] [ Mode: No ] :(> No (429; 0.928

Figure 8.17 The model rules unfolded to show the ruleset of the third
level of the CHAID decision tree model

Rulesets like this are a description of the decision tree simply expressed as logical rules. The
key to making sense of them is to remember that they are hierarchical rules just as the tree is
a hierarchy of interactions. Some modelling techniques actually abandon the hierarchical
decision tree approach altogether and simply generate models that are based on several
groups of rules that can overlap with one another.

By clicking the Viewer tab, we see the decision tree itself (figure 8.18). This is a similar view to
the interactive viewer we saw earlier but note the absence of the toolbar buttons that switch
between the ‘Tree growing set’ and the ‘Overfit Prevention Set’. This is of course because in
non-interactive mode, a single tree is generated using all the available data.
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@ chun x
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Chum
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Figure 8.18 The Viewer Tab showing a graphical representation of the

CHAID Tree

The Summary tab (figure 8.19) provides us with detailed information regarding the variable
inputs used and the chosen algorithm options to generate the model itself.

E-Analysis
“Tree depth: 5
& Fields
& Target
. 8 Churn
E-Inputs
i @ Pensioner
¢ Tenure
€ Landiine
----- &b Multiline
- @b Broadband
-y Backup
g Super_Sports
@b Box_Office_Movies
- & Auto_Renew
----- § Family_Plus
i gy Payment_Type
i & Monthly_Rate
i ¢ Total_Bill
@b Payment_Type_3Grp
i € Very_Loyal
E-Build Settings
~Use partitioned data: false
i Calculate predictor importance: true
i~ Calculate raw propensity scores: false
i Calculate adjusted propensity scores: false
+~Continue training existing model: false
~Use frequency. false
«-Use weight false
+-Method: CHAID
+Levels below root: 5
+-Alpha for Splitting: 0.05
- Alpha for Merging: 0.05
iEpsilon For Convergence: 0.001

Figure 8.19 Information in the Summary tab showing the inputs and options

selected to build the model
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The Settings tab shows the options related to the data that the model generates. By default,
predictive models for categorical targets within SPSS Modeler will create new fields indicating
which of the target categories each record belongs to. Furthermore, they produce a score
running from 0 to 1 indicating the level of confidence associated with the prediction. Thus, the
model may predict an individual person is likely to churn with a confidence of 0.77 (77%) or
alternatively, predict that a person is likely to remain a current customer with a confidence of
0.81 (81%). In traditional statistical models, this score is normally shown as a single probability
of the case falling into one of the two outcomes. Normally the category with the ‘higher’
value is chosen as the target reference for the probability score. SPSS Modeler does this as
well but refers to the probability score as a ‘Propensity score’. If we assume that the ‘Yes’
group in the Churn variable is the target reference category, then using the same example as
previous, the propensity score would still generate a value of 0.77 for the person it predicted
to churn but a score of 0.19 for the person it predicted to remain a customer (because 1 —
0.81=0.19). This simply indicates that there is a 19% chance that they would churn. To
request propensity scores to be generated alongside confidence scores, check the box
marked:

Calculate raw propensity scores

Figure 8.20 shows the completed Setting tab within the dialog.

V Churn

x
o) \o File ) Generate & View
cHall

'Model Viewer Summary Settings Annotations

[«/] Calculate confidences

Rule identifier
Generate SQL for this model:

@ Default: Score using Server Scoring Adapter (if installed) otherwise in process

© Score by converting to native SQL with Missing Value Support

© Score outside ofthe Database

| OK ”Cancelj [gpply J BesetJ

Figure 8.20 The Settings Tab showing the scoring options for the CHAID
model
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To view a preview of the scores themselves, click:

Figure 8.21 shows the predictions that the model nugget generates in the form of additional
fields added to the end of the dataset.

Preview from Churn Node (29 fields, 10 records) #1 = O X

| File 5 Edit %) Generate

Table.j ' Annotations

ype_3Grp [Average.Monthly_Bill ]Very_Loyal | Cashback [ Customer_Tier : $R-Churn ] SRC-Churn l $RRP-Churn
1 nent Snulls F 0.000 d. Refunded No 0.933 0.067
2 Snull$ F 0.000 d. Refunded No 0.992 0.008
3 Snull$ F 0.000 d. Refunded No 1.000 0.000
4 Snulls F 0.000 d. Refunded No 0.992 0.008
5 nent Snull$ F 0.000 d. Refunded No 0.933 0.067
6 Snulls F 0.000 d. Refunded No 0.992 0.008
7 Snull$ F 0.000 d. Refunded No 0.992 0.008
8 Snulls F 0.000 d. Refunded No 0.992 0.008
9 Snull$ F 0.000 d. Refunded No 0.975 0.025
10 Snull$ F 0.000 d. Refunded No 1.000 0.000

(41 —————————— * |

Figure 8.21 Model predictions added to the file

The output table shows that the model prefixes each of the new fields with the characters
‘SR’. The ‘S’ symbol simply denotes that this is a field created by a model, whereas the ‘R’
character indicates that it is a CHAID model (the character ‘C’ had already been assigned to a
modelling technique when the CHAID algorithm was added to Modeler). The field SR-Churn
represents the actual predictions themselves. Here the first 10 rows are all predicted to be in
the ‘No’ group (i.e. to remain current customers). The field SRC-Churn shows how confident
the model is of the prediction (based upon where the record would appear in a CHAID tree).
The field SRRP-Churn represents the propensity score. Here the target reference is the ‘Yes’
group (i.e. the customers who churn). Because the confidence values for are so high, and all of
the first ten records are predicted to remain customers, the corresponding propensity scores
are all very low.

By comparing these predictions to the actual outcomes, we are therefore able to measure the
accuracy of the predictive model. As well shall see in the next section, SPSS Modeler contains
two dedicated nodes that directly analyse the new fields generated by model nuggets in order
to assess the model performance.
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Section 9:
Assessing and Selecting Predictive Models

e Assessing Model Performance q 7z
e The Analysis Node
e Success Criteria Scenarios Analysis Evaluation
e The Evaluation Node Q &
Je
e The Partition Node &* &

* The Auto Classifier Node Auto Classifier Partition

As we have already seen, the CRISP-DM process explicitly contains a step for assessing the
results of the modelling stage: Evaluation. It's important to understand that what might be
regarded as an excellent model in one set of circumstances might also be regarded as
completely inadequate in another. Consider the issue of false positives and false negatives.
Models always generate some errors for any outcome that we try to predict or estimate. In
fact, in most cases models that claim close to 100% accuracy are usually badly flawed.
Nevertheless, the goal of the modelling process is of course to try to minimise this error. But
even when trying to predict a two-category outcome, we can’t always assume the level of
accuracy in both outcomes is the same. In other words, just because the model is 85%
accurate overall, doesn’t mean that it is 85% accurate in predicting both outcomes. It may well
predict every record to have the same value (e.g. no response) and if 85% of the data happens
to have that outcome, then the overall accuracy is 85%. Moreover, with certain predicted
outcomes, we may be more tolerant of error. If a model is trained to detect a fatal illness it is
more likely that the analyst will aim for one that has as few false negatives as possible,
because in such circumstances, a false negative would mean that the model fails to detect the
disease when the patient actually has it. With such serious consequences we tend to err on
the side of caution, so this situation could be regarded as more dangerous than predicting
that the patient probably has the disease when in fact they don’t (a false positive).

Unfortunately, it is not an uncommon situation for analysts to spend considerable time
preparing and transforming data before finally building predictive models only to find that
they don’t know how useful or valuable the results are. For this reason, the Evaluation phase
of CRISP-DM compels us to assess the resultant models in terms of the success criteria defined
during the Business Understanding stage.

Assessing Model Performance

By following CRISP-DM, we should have documented the model success criteria early in the
process. In this section, we can explore some example success criteria that might be applied
to the sample datasets we have been working with thus far. For now though, let’s consider
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what additional pragmatic factors are associated choosing one predictive model over
another.

Accuracy

It goes without saying that predictive models have to be sufficiently accurate at predicting an
outcome to be regarded as useful. But what me mean by ‘sufficiently accurate’ depends on
the context that the model is to be used in. If we wish to predict an outcome that only occurs
1% of the time, then technically speaking, any model with an accuracy of greater than 1% at
predicting that particular outcome is an improvement. For this reason, it is essential that
analysts establish a baseline against which to judge the model. As we have seen already,
there are costs associated with false positives and false negatives and we must be aware of
these when assessing the model accuracy. Moreover, within statistics and predictive analytics,
there are several specific metrics that can be used to measure accuracy and ‘model fit’ such as
overall accuracy, lift values, area under the curve, R-square etc. So care must be taken to
choose a criterion that helps us select a model that is both accurate and useful.

Interpretability

There are many different techniques and algorithms that can be employed to generate a
predictive model. Some approaches (especially machine learning algorithms) yield ‘black box’
models. These are models that cannot be directly interpreted in the same way that certain
statistical or rule-based models can. They are often comprised of large numbers of hidden
rules, variable weights or data transformations that the analyst cannot inspect or make sense
of. In some fields model accuracy is deemed to be more important than interpretability, so
these algorithms are regularly employed. In other disciplines however (such as credit scoring,
epidemiology or social research), being able to understand how the model generates
predictions is of paramount importance. In an ideal world, most analysts would prefer to
generate models that are highly accurate and easily interpretable.

Stability

Analytical models are based on samples of data collected under certain circumstances and
within specific time-frames. We should not be surprised to find that a model fails to generate
accurate results when applied to a range of values or circumstances that are very different
from the ones it was developed under. For example, model accuracy may decay over time as
changes in fashion, demographics, competitor behaviour or market offerings begin to look
very different from the time period that the model was developed in. Also, if the model is
based on an unrepresentative sample, we can find that it generates inaccurate predictions or
even wild estimations when encountering an unfamiliar case. Even certain relatively novel
combinations of demographic factors such as ethnicity, gender, age and region can mean that
the model is unable to accurately predict the outcome of interest. Stable models however,
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are able to generate reliable predictions and estimates with a wide range of data
combinations over a useful period of time before they need to be updated or ‘refreshed’ with
new data.

Coherence

As mentioned earlier, many analysts only work with models that can be directly interpreted.
One of the reasons for doing this to make sure that the model makes sense. It is not unusual
to discover that a model utilises counter-intuitive rules or non-sensical relationships to
estimate a value. Examples include price rises increasing the likelihood to purchase, missing
values for variables such as age generating higher estimates of revenue or low satisfaction
scores reducing likelihood to churn. In many situations, there may be a sensible explanation
for these contradictory relationships. However, more often than not, what is really driving the
relationship is a hidden variable that explains what’s going on. Perhaps price rises increase the
likelihood to purchase because they are related to higher demand in the market. Therefore,
demand is the driving factor and price is merely a function of it. Missing data for variables such
as age may indicate that the person registered for a product or service through a different
channel (e.g. in person as opposed to via the website) and that in reality the channel is the key
predictor. Even lower satisfaction scores could simply indicate that a person cares more about
a service or has previously complained and subsequently received a discount so lowering their
likelihood to defect. Coherent models are valued not only because of the obvious insights
they deliver, but because they provide reassurance that the model is not based on a
combination of spurious relationships.

Simplicity

Most predictive models are multivariate in nature. They are developed from a combination
of interrelationships between variables or model terms. Many of them can be likened to a
house of cards where each layer is precariously added to previous tier. Complexity therefore
not only leads to issues with interpretability but also stability. For these reasons alone,
simplicity is a key criterion when selecting a predictive model. For example, an analyst might
well reject a model with an overall accuracy of 85% but based on 18 variables in favour of one
with an accuracy of 82% but only based on 8 variables. This is because including the terms
from an additional 10 variables to gain a mere 3% of accuracy may be regarded as poor trade-
off.

Performance

A final consideration is the computational performance of the model. Various modelling
algorithms utilise resources very differently from one another. Some might not work well with
categorical data and require data transformations to perform effectively. Some algorithms

© Smart-Vision Europe Limited 2018 Assessing and Selecting Predictive Models



Assessing and Selecting Predictive Models

might take a very long time to build a final model or require significant memory allocation and
processing power. These requirements can mean that it takes much longer to refine and
uncover a final satisfactory model. In a similar vein, when the model is deployed to generate
predictions, it may require unacceptable resources in terms of computing power and time to
‘score’ new cases. In fact, there have been documented examples of predictive models
winning predictive analytics competitions by achieving the best score based on a specific
accuracy measure only to be deemed unusable in the real world due to their computational
resource requirements.

The Analysis Node Q

Analysis

The Analysis node is specifically designed to evaluate the performance of predictive models.
To see how it works, from the Section 9 folder open the following stream.

Section 9 start.str

Figure 9.1 shows the stream.

26 Fields Telco_Updated oy Chiirn

4

CHAID

Churn
Figure 9.1 The SPSS Modeler stream ‘Section 9 Start.str’

The stream contains a basic CHAID model generated in the previous section. To view the
overall accuracy of the model, highlight the model nugget and from the Output tab:

Double click the Analysis node

Figure 9.2 shows the Analysis node attached to the CHAID nugget.
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26 Fields Telco_Updated. Ch|.nrn

.................

Churn | Analysis |

Figure 9.2 The Analysis node attached to the CHAID model nugget

Right-click the Analysis node and select Run

Figure 9.3 shows the Analysis node output.

[Q Analysis of [Churn] #28 — O

GEe =Eat  |[a] o]
Analysis | Annotations

@ Expand Al

E-Results for output field Churn
E-Comparing $R-Churn with Churn
Correct - 5638 80.05%
Wrong 1,405  19.95%
Total 7,043

Figure 9.3 The default Analysis node output showing the CHAID model
performance

As we can see from the default Analysis node output, the CHAID model has correctly
predicted the outcome in 80% of the cases. The node itself simply calculates how often the
two values in the target field (Churn) coincide with the predicted outcomes in the SR-Churn
field that the model nugget generates. However, we must remember that 73% of the data is
comprised of customers who have not churned. This represents our baseline against which to
compare the model performance. In which case, if the model itself simply predicted every
case to be a current customer, the analysis node would indicate that the model was accurate
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73% of the time. To see how well the model does at predicting the individual outcomes
(‘Yes'/'No’) for whether or not the customer has churned, we must re-run the Analysis node
and request additional output. To do so:

Click ‘OK’ to close the existing Analysis node output
Right-click on the attached Analysis node and edit it

As figure 9.4 shows, there are multiple options available for evaluating the model
performance. In this case however, we need only request that the node includes a simple
crosstab to compare the classification accuracy of the predicted values against the actual
outcomes. To do so, check the box marked:

Coincidence matrices (for symbolic targets)

2 Analysis X

!
" Analyze $SR-Churn

nalysis| Output. Annalations

[¥ Coincidence matrices (for symbolic targets)

["] Performance evaluation
| Evaluation metric (AUC & Gini, binary classifiers only)

| Confidence figures (if available)

-

1)

Find predicted/predictor fields using:
@ Model output field metadata
© Field name format (for example, "$<x=-<target field>")

[/ Separate by partition
[ User defined analysis

Break down analysis by fields:

Figure 9.4 Requesting a coincidence matrix (crosstab)to see how well the
model predicts the individual outcomes

Now click:

Run
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Figure 9.5 shows the updated Analysis node output.

[QJ Analysis of [Churn] #30 = O X

\o File 5 Edit

Analysis | Annotations

L8: CollapseAllJ [% ExpandAIIJ

E-Results for output field Churn
B-Comparing $R-Churn with Churn

w Correct 5638 80.05%
| Wrong 1,405 19.95%
 Total | 7.043 |
E- Coincidence Matrix for SR-Churn (rows show actuals)
’ No Yes
| No 4792 382
‘Yes 1,023 846

—_——

oK)

Figure 9.5 The Analysis node output showing a coincidence matrix
(crosstab) of the predicted outcomes against the actuals

This time the output from the Analysis node tells us how many of the cases that the model
expected to churn had in fact done so (as well as how many of those it predicted to be current
customers remained with the telco). The output itself directs us to view the categories in the
rows as the actual values with the predicted outcomes shown in the column dimension.
Therefore, we can see that 4,792 people were correctly predicted to remain current
customers. However, the model erroneously predicted 382 of the current customers to have
churned when in fact they had not (the false positives). Worse still, it predicted 1,023 of the
customers who had in fact churned to remain current customers (the false negatives). On the
other hand, it correctly identified 846 of the customers who churned. How are the cases
being assigned to these predicted groups? Remember that the model generates a probability
(or confidence) value for each case. Whichever outcome group (‘Yes’ or ‘No’) has the highest
probability value, is assigned as the predicted outcome. So even though the baseline
probability for a customer churning is around 27%, even if the model finds that a person has a
49% chance of being a churner, they are still predicted to be a current customer because the
probability that they aren’t a churner is slightly higher (51%). At this stage, we need to decide
what is more important, accurately predicting current customers at the expense of accurately
predicting churners, accurately predicting churners at the expense of accurately predicting
current customers or are both groups equally important?

To illustrate this further, from the Section 9 folder open the following stream.
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Section 9 Choose best model.str

Figure 9.6 shows the stream.

gy — X

Model 1 Model 1 Analysis -

—@®—9—& -

Telco_Updated csv Test Sample Model 2 Model 2 Analysis

Model 3 Model 3 Analysis

~ = - -~ .. _ _|Which is the ‘best’

model?

Figure 9.6 The Modeler stream ‘Section 9 Choose best model.str’

The stream shows three alternative CHAID models built on the same random sub-sample of
data but using different parameter settings and applied back to the same test sample. Figures
9.7ato 9.7c show the output from the three Analysis nodes attached to each respective

model.
E Model 1 Analysis - a
L =y

E-Results for output field Churn
BE- Comparing $R-Churn with Churn

: | Correct 2823 T78.99%
| Wrong 751 21.01%
Total 3574
El- Coincidence Matrix for SR-Churn (rows show actuals)
§ No Y
| No 2,330 2%1
Yes 473 493

Figure 9.7a Analysis node output with coincidence matrix for Model 1
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[&J Model 2 Analysis - O

wee cee (Sl
saslysis | ntatons

E-Results for output field Churn
= Companng $R-Churn with Churn

i [Correct 2788 78.01%
| wrong 786 21.99%
. | Total 3,574
El COIHCICIGFICB Matrix for SR-Churn (rows show actuals]
: No Yes
| No 2129 479
Yes 307 659

Assessing and Selecting Predictive Models

Figure 9.7b Analysis node output with coincidence matrix for Model 2

[QJ Model 3 Analysis — O

wele zEat (@) S

palysis | mnatons

E-Results for output field Churn
=] Companng SR-Churn with Churn

| Correct 2671 7473%
'- - Wrong 903 2527%
- | Total 3574
EI Coincidence Matrix for $R-Churn (rows show actuals)
i No
| No 1919 689
Yes 214 752

Figure 9.7c Analysis node output with coincidence matrix for Model 3

Although the overall model accuracy varies slightly with each Analysis node output. Looking at
each of model’s performance evaluations, we can see that a model with increased accuracy in
correctly identifying the customers who have churned, tends to have a decreased accuracy in
correctly identifying the current customers and vice-versa. The question as to which is the
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best model relates back to our Business Understanding and the costs associated with each
outcome. What are the costs associated with erroneously predicting someone to have a high
risk of defecting compared to the cost of mistaking someone who in reality is likely to cancel
their contract, for one who will remain a customer? Before we consider some example
success criteria, let’s take a look at how we can use the Analysis node to compare the
performance of multiple models. From the Section 9 folder, open the following stream:

Section 9 Two Model Comparison.str

Figure 9.8 shows the stream.

7o)

Churn

B

Telco_Updated

N

Churn

Figure 9.8 The Modeler stream ‘Section 9 Two Model Comparison.str’

The stream shows two decision tree modelling nodes that have been configured to predict
the same target field. To generate both models, from the main toolbar click the stream run
button:

-

Both model nuggets are generated. To compare their respective performance with the same
Analysis node, connect the two models in the same stream branch as shown in figure 9.9.
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[\ - ';l

Telco_Updated.bgv Churn 2 Churn

Churn
Figure 9.9 Connecting two model nuggets in the same stream branch

Having connected the two model nuggets, we can attach the analysis node to compare their
performance. From the Output palette,

Attach an Analysis node to the last model nugget

Right-click on the analysis node and request ‘Coincidence matrices (for symbolic targets)’

Figure 9.10 shows the completed stream.

/’M‘\
| e
\ J
=
Telco_Updated bgv Churn ¢ Chumn Analysis |

Churn

Figure 9.10 Analysis node attached to stream branch containing two model
nuggets
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Now:
Right-click and on the Analysis node and select run

Figure 9.11 shows the Analysis node output.

[&] Analysis of [Churn] #33 -
| File 5 Edit
E-Results for output field Churn
E-Individual Models
El-Comparing $R-Churn with Churn
. | Correct 5638  80.05%|
- Wrong 1405 19.95%
- | Total 7,043
B Coincidence Matrix for SR-Churn (rows show actuals)
No Yes]
' No 4792 382;
Yes 1,023 846
E- Comparing $C-Churn with Churn
. | Correct 5719 81.2%
Wrong 1324 18.8%
- | Total | 7,043
B Coincidence Matrix for $C-Churn (rows show actuals)
No Yes
No 4694 480
Yes 844 1025
El-Agreement between $R-Churn $C-Churn
Agree 6438 91.41%
Disagree 605 8.59%
Total 7,043
B-Comparing Agreement with Churn
Correct 5376 835%
Wrong 1,062 16.5%
. | Total 6,438
E-Coincidence Matrix for Agreement (rows show actuals)
No Yes]
' No 4602 290
Yes 772 774

Figure 9.11 Analysis node showing performance comparison for two
predictive models

The first part of the output shows the classification accuracy for the CHAID model (as denoted
by the SR-Churn variable). The second section shows the classification accuracy for the C5
model (as denoted by the SC-Churn variable). The overall accuracy for the C5 model is slightly
higher than the CHAID model (81.2% vs 80.05% respectively). Note that the C5 model is
better at accurately predicting customers who churned compared to the CHAID model but
worse at predicting the current customers. The third section of output looks at the degree of
agreement between the two models: showing that both models gave the same predictions in
91.41% of cases. This represents 6,438 out of a total 7,043 records. Lastly, the output shows
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that in the 6,438 records where both models agreed, the predictive accuracy was 83.5%. The
final table shows a crosstab (or coincidence matrix) of these predictions against the actual
outcomes.

Success Criteria Scenarios

So what success criteria might the decision makers within the telco organisation have
established to choose a final model? In all of the following examples, the organisation’s aims
rest on its ability to proactively identify customers with a high risk of churning.

Scenario 1:

Currently around 100K customers cancel their contracts each
month.

Previous tests have shown that sending offers to a random
group of 100K current customers approaching contract end
dates each month, reduces the churn amount by 7K customers
(7%) .

We would like to send 50K offers to customers with a high
risk of churning with view to reducing churn by 14K (14%).

The model should therefore identify the 50K current customers
approaching their contract end date who have the highest
likelihood of churning with a view to retaining at least 14K
of them.

Scenario 2:

Currently we have a monthly outbound email campaign that
targets 400K customers approaching their contract end.

Tests indicate that this retains around 15K customers who
would otherwise have churned.

However, the total cost of the offers is very expensive as we
suspect many customers with a low likelihood of churning also
redeem them.

We would like to reduce the outbound mailing to 100K
customers and still retain the 15K customers who would
otherwise have churned.
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Scenario 3:

e Currently we have a monthly outbound email campaign that
targets 60K key customers approaching their contract end.

e The campaign offers the next month’s standard call costs for
free if they extend their contract by two months.

e However, the campaign makes a net loss of $130K each month as
many customers churn after the additional two months anyway.

e We would like to make a net profit of $70K per month by
targeting only those with a low likelihood of churning after
accepting the offer.

The first scenario directs the analyst towards finding the 50K customers with the highest
likelihood of churning. The success criterion here is that of these 50K customers, the
subsequent offer should enable the company to retain at least 14K customers. We should
bear in mind the models we have built thus far have been focused on predicting which
customers will churn, not which of those customers will respond to the retention offer.
However, it’s reasonable to assume that if an offer to a random selection of 100K customers
succeeds in retaining 7% of churners, then the same offer to a highly targeted group should
do much better.

In the second scenario, the aim is to reduce the number of offers being made whilst still
retaining 15K customers. This is more about reducing the cost of the campaign as measured
by the number of customers contacted with an offer (400K). Here the criterion is that the
model should be four times better than a random approach as the organisation only wants to
send the offer to 100K people without losing any additional customers.

The third scenario directly focuses on the profitability of the campaign. Specifically, the profits
associated with offering free services to customers who do decide to churn anyway. This of
course requires a data sample where high risk customers have already been identified
(perhaps through an earlier churn model) and have then been made a retention offer. The
aim here is to only make the retention offer to those customers that are likely to remain long
enough with the organisation that the offer costs can be recouped, and a net profit realised.
As we shall see in the next section, it’s possible to make this selection by entering a few
estimated costs and revenue values to identify the selection of customers where the business
has the best chance of maximising the profit from a campaign.
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The Evaluation Node Z

Evaluation

We have already seen how the analysis node will allow us to assess the accuracy of a
classification model using crosstabs (or coincidence matrices). The Evaluation node is stored
in the Modeler Graphs palette however and therefore allows us to visualise the model
performance via a portfolio of charts. To see an example of this we can return to the currently
open stream ‘Section 9 start.str’ as shown in figure 9.12.

rs

BN ~——

=

26 Fields Telco_Updated.c Chprn

Churn Analysis

Figure 9.12 The currently open Modeler stream ‘Section 9 start.str’

To attach an Evaluation node:
Click on the CHAID nugget in the stream to select it

From the Graphs palette within SPSS modeler:

Double click the Evaluation node

The Evaluation node will automatically attach itself to the model nugget. Figure 9.13 shows
the updated stream.
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..................

Figure 9.13 Evaluation node added to the current stream

Before running the node itself, it's useful to make one alteration to the default settings.
Right-click on the Evaluation node and edit it

Within the control dialog for the Evaluation node, check the box marked:

Include Best Line

You may notice at this stage that the default chart type in the Evaluation node is set to ‘Gains’.
Gains charts are a common way to show how well a classification model performs. Figure 9.14
shows the edited Evaluation node.
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J [$R-Churn]

Use profit criteria for all chart types

r Models
Find predicted/predictor fields using:
@ Model output field metadata
© Field name format (for example, ‘$<x=-<target field>")

r Other Score Fields

Plot score fields

Target

[« Separate by partition

Plot
Style: ® Line O Point

Costs @ Fixed 50 @ Variable
Revenue: @ Fixed 10.0 : @ Vvariable
Weight @ Fixed 108 @ Variable

Lok J[® Run | cancel

Figure 9.14 The edited Evaluation node with the ‘Include Best Line’

option selected

To execute the Evaluation node and view the Gains chart, click:

Run

Figure 9.15 shows the resultant Gains chart.
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Evaluation of [$R-Churn] : Gains - O X
@ File |5 Edit {) Generate &f View @ | x
Graph  Annotations
1007} ——$BEST-Chum
—$§R-Churn
80
60}
&
-
i}
Ed
40
20
f
T T T T T T
0 D 40 60 80 100
Percentile
Churn = "Yes"
OK

Figure 9.15 The Gains chart as generated by the Evaluation node with the
‘Best Line’ option displayed

The purpose of the Gains chart is to show the proportion of records in a target group that the
we can ‘gain’ by using the model. Perhaps the easiest way to make sense of it is to note that
the chart itself only can only focus on one group within the target field at a time. Here the
default group of interest is those customers who have churned (as evidenced by the label on
the horizontal axis indicating that ‘Churn= “Yes"). The diagonal red line within the chart
simply tells us what proportion of records within this group we might expect to find if we
were to randomly sample the data. The line therefore simply indicates that for example, using
a random approach, we could only expect to find (or ‘gain’) 20% of the customers in the
Churn group from 20% of the data, or indeed 50% of the churners by sampling 50% of the file.
The top line (or ‘Best line’) however, represents what a perfect predictive model would like.
Here we could gain 100% of the churners from 27% of the data. This is simply because within
the sample dataset, 27% of the records belong to those customers who have churned. Having
established what a random model and a perfect model would look like, the middle line shows
us how many customers we might expect to find using the predictive model itself. Or
alternatively, how much better the model is than random and how much worse it is than
perfect. By moving the cursor along any of these lines, a pop-up label appears telling us what
proportion of churners (the ‘gain’) we might detect as we increase our sample size. In this
case, the model indicates that we could expect to find about 63% of the people who churned
from 27% of the data. This is extremely useful, because if we wished to reduce the number of
customers that we intend to contact to reduce churn, the gains chart will tell us what
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proportion of the churners the model could detect. In this this case, by using the chart, we

could select the 50% of customers with the highest estimated risk and still expect to capture

88% of the customers who churn (see figure 9.16).

1001

| $R-Churn, Percentile: 50, %
Gain: 88.591

% Gain

Percentile

Churn = "Yes"

—$BEST-Churn
—$R-Churn

Figure 9.16 Using the predictive model to select the highest risk 50% in

the sample we would expect to detect around 88% of the customers
churn

who

We can also use the Evaluation node to compare multiple models. To show this, within the

currently open stream, ‘Section 9 start.str’:

Right-click on the Evaluation node and select ‘Copy Node’ from the pop-up menu

Return to the previously opened stream ‘Section 9 Two Model Comparison’ and paste the

Evaluation node into the stream

Attach the pasted Evaluation node to the second model nugget

Figure 9.17 shows the updated stream.
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Telco_Updated.bgv Churn _+"  Churn \

A \) L s cobncabloh, dmnibosndoh
\6551

Churn

Figure 9.17 Attaching an Evaluation node downstream of two model nuggets

Right-click and run the node

Figure 9.18 shows the resultant chart

——§$BEST-Chumn
—$R-Churn
$C-Churn

% Gain

Percentile
Churn = "Yes"

Figure 9.18 Gains chart generated by an Evaluation node displaying the
performance of two classification models simultaneously

We can see from the Gains chart that the two models exhibit subtle differences in their
classification accuracy. If the goal of the analyst was to select the top 20% of the file
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containing customers with the highest risk of churning, the C5 model (SC-Churn) has a slightly
better performance than the CHAID model (SR-Churn). If however the analyst wanted to
select the 40% of cases with the highest risk, the CHAID model seems to be slightly better
than the C5.

To show how this can be done, within the chart itself, from the main menu, click:
View
Interactions

Figure 9.19 illustrates this process.

Evaluation of [$R-Churn $C-Churn] : Gains #3 - O X
v Tooltips
Grasn Amotaions,
= s © 47 EditMode
- mil> - e |
® Rk Explore Mode
General
3 |
10071 ; —$BEST-Chum
—§R-Churn
—$C-Churn

,,,,,,,,,,,,,,,,,,,,,,,

~Chcoconnc oonc oot coomar - Seconc ooococooaccoscal s ooacocooscooscaooconbonc e

Interactions

% Gain

Percentile
Churn = "Yes"

Figure 9.19 Switching on Interactive mode in a Gains chart.

On the chart toolbar click the band selection tool:

Using the tool:

Move the cursor to around the 40" percentile on the horizonal axis and click

Figure 9.20 illustrates this.
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—$BEST-Churn
—$R-Churn
——§C-Churn

% Gain

Percentile

Churn = "Yes™

Figure 9.20 Using the Band Selection tool to interact with the Gains
chart

Now:
Right-click on the areato the left of the red selection line
From the pop-up menu choose:

Generate Select Node for Band

too ——$BEST-Chum
; ——$§$R-Churn
: ——$C-Churn
80~ "'| Rename Band...
E Delete All Bands
Iy A - Generate Select Node for Band
E : : Generate Derive Node for Band
o
: Show All Lines

Percentile

Churn = "Yes"

Figure 9.21 Generating a Select node for the highest risk 40% of data
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A pop-up menu appears asking you to choose which model the selection should refer to (see
figure 9.22).

Select Model X

Select model:

SR-Churn
$C-Churn

Figure 9.22 Select model pop-up menu

From the pop-up menu choose the variable containing the CHAID model’s predictions:
$R-Churn

OK

A new Select node (labelled ‘Band 1’) is added to the stream. This node will use the CHAID
model scores to select the 40% of records that contain 80% of the customers who churned in
the sample data. We can attach the node downstream of the CHAID nugget as shown in
figure 9.23 and display the records in a Table node as shown in figure 9.24.

>

Telco_Updated.dgv Churn ," Chirn \

Churn

| bandl | Table

.................

Figure 9.23 The generated Select node that selects the 40% of customers
containing 80% of the churners
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Table (30 fields, 2,877 records) #2 — O *
@Ee sEat O cenerate [lwi] 2 |2l Qx|
Table Amnﬂnnsl
Iback | Customer_Tier | SR-Churn | SRC-Chumn | $C-Churn | 5CC-Churn |
1 0.000 d. Refunded Yes 0.636 Yes 0.549 ﬂ
2 0.000 c. Standard Yes 0.636 Yes 0.683
3 D.000 c. Standard MNo 0.635 No 0.811
4 D.000 c. Standard No 0.500 Yes 0.549
5 D.000 c. Standard No 0.635 No 0.811
6 0.000 c. Standard No 0.500 Yes 0.683
7 0.000 c. Standard No 0.500 No 0.627
8 0.000 c. Standard Yes 0.864 Yes 0.864
9 0.000 c. Standard Yes 0.864 Yes 0.864
10 D.000 c. Standard No 0.635 No 0.811
11 0.000 c. Standard MNo 0.635 No 0.811
12 D.000 c. Standard No 0.635 No 0.811
13 0.000 c. Standard Yes 0.636 Yes 0.549
14 0.000 c. Standard Yes 0.864 Yes 0.864
15 0.000 c. Standard Yes 0.636 Yes 0.549
16 0.000 c. Standard No 0.500 Yes 0.549
17 0.000 c. Standard No 0.500 Yes 0.549
18 0.000 c. Standard Yes 0.636 Yes 0.549
19 0.000 c. Standard No 0.500 Yes 0.549
20 D.000 c. Standard No 0.635 No 0.811 E
[4] 3

Figure 9.24 Table containing the 40% of customers comprising the 80% of
churners

The Partition Node @

Partition

A fundamental problem with the creation of predictive models is the uncertainty as to how
the model will perform when applied in the real world. There are number of techniques that
analysts employ to simulate how a model might behave when applied to new data and one of
the most popular is the use of training and test samples. Training samples are simply extracts
of data (usually randomly chosen) that are used to develop the model. As we have already
seen, Modeler’s predictive algorithms are able to automatically build models using default
settings against representative historical data where the outcome of interest is known.
Depending on the nature of the algorithm, this model ‘training’ process can be achieved using
statistical techniques or machine learning methods to select, transform and incorporate
variables into a final model. The model itself might be expressed as a mathematical formula, a
set of rules or a composite of hidden transformations, but the overall goal is to predict the
outcome with the highest degree of accuracy. It's essential therefore that the sample training
dataset is sufficiently large and unbiased so that the resultant model can then be applied in a
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real-world context to generate accurate estimates. Nevertheless, every data sample is unique
in its own way, and as such, there is always a danger that the training process results in a
model which is overly specific to the idiosyncrasies of the training data. In analytics, this is
known as ‘overfitting’. An overfitted model will tend to perform poorly when applied to a
different sample of data from the one it was trained on. To get around this, many researchers
retain a sub-sample of the main dataset for testing purposes. If the analyst can test the model
to see if it performs well on both the training and the test samples, then they will have greater
confidence that it will perform well when deployed against data where the outcome to be
predicted is not yet known. The Partition node within SPSS Modeler allows us to do just this.

To see how we can use the partition node to compare model performance on separate
training and test samples:

Return to the stream ‘Section 9 start.str’

Delete the existing CHAID model nugget from the stream
From the Field Ops palette:

Select and add the Partition node to the stream

Drag the connection between the Data Source node and the CHAID node so that passes
through the Partition node

Figure 9.25 shows the edited stream at this stage.

26 Fields Telco_Updated.csv Partition Churn

.................

Evaluation

Figure 9.25 Adding a Partition node to the existing stream file ‘Section
9 start.str’
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Before running the CHAID node, we can take a look at how the Partition node is configured.
Todoso:

Right-click on the Partition node and edit it

Figure 9.26 shows the edited Partition node.

) Partition X

= ) Generate
*>

Settings  Annotations

Partition field: [Partition ]

Partitions: ® Train and test © Train, test and validation

Training partition size: E Label: Value = ['1_Training' [

Testing partition size: s Label: Value = ['Z_Testing' ‘
- Value =

»

Total size: 100%
values: © Use system-defined values ("1°, "2" and "37)
© Append labels to system-defined values

© Use labels as values

¥/ Repeatable partition assignment

seed [1234567[8  [Generate]

("] Use unique field to assign partitions: | vi

Figure 9.26 The Partition node dialog showing its default settings

By editing the Partition node, we are able to define what proportion of the sample data will
be assigned as the ‘Training’ group and the ‘Testing’ group. Depending on the size of the main
dataset, analysts often assign a smaller proportion for testing purposes than the training set.
Note that you can also define a third group here: a Validation sample. Some analysts like to
create this additional random partition when they are trying to select the best performing
model from a number of candidates and they suspect that a particular model might be
performing well on the Testing sample as the result of chance. You can also see that the node
allows the analyst to define or generate a random seed number. Using the same seed
number allows us compare one model to the next as the same cases will be randomly
assigned to the training and testing samples. To illustrate how we might use the Partition

node:
Change the Training partition size to 70
Change the Testing partition size to 30

Change the Random Seed number to 7654321
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Figure 9.27 shows the edited Partition node control dialog.

O Partition X

' {) Generate | | 2l
seunes enttons

Partition field: Partition

Partitions: ® Train and test © Train, test and validation

Training partition size: 705 Label: [Training | value= [1_Training" |

Testing partition size: s Label: ITesting | Value = |"2_Testing' I
alidation partition size i Label: |Validatior Value= |"3_Validatic

Total size: 100%
Values: Use system-defined values ("17,"2" and "3")
@ Append labels to system-defined values

© Use labels as values

[¥ Repeatable partition assignment

\Szpes)

[7] Use unique field to assign partitions: I - |

Seed:

Lok J [cancel

Figure 9.27 The edited Partition node dialog

Click OK and run the CHAID node

The CHAID node once again generates a CHAID model nugget.

Attach the CHAID model nugget to the Analysis node and the Evaluation node

Figure 9.28 shows the updated stream.
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26 Fields Telco_Updated.csv

Churn \

[SR-Churn]
Figure 9.28 The newly generated CHAID nugget added to the Analysis node

and Evaluation node
To see the effect of building a model downstream of a Partition node:

Run the Analysis node

Figure 9.29 shows the Analysis node output.

[&] Analysis of [Churn] #36 — O
Grle  seat  [lel] ol

Analysis

E-Results for output field Churn
=§ Companng $R-Churn with Churn

‘Partition’ 1_Training 2_Testing
. | correct 3,984 80.66% 1633 77.61%
| wrong 955  19.34% 471  2239%
Total 4,939 2,104

l Comc&dence Matrix for SR-Churn (rows show actuals)

Figure 9.29 The Analysis node showing the relative performance of a
partitioned model
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As we can see from the results, not surprisingly, the model appears more accurate when
applied to the Training sample (80.66% correct) than the Testing sample (77.61% correct).
However, the difference is quite small so on this evidence we might conclude that the model
shows little sign of overfitting. At this stage we could try to improve the model or test to see if
it continues to give similar results by re-building it with different random splits (by generating
new random seed numbers). For now though, we can:

Return to the stream and run the Evaluation node

Figure 9.30 shows the output from the Evaluation node.

—$BEST-Chumn
~——$R-Churn

% Gain

6 .'IIU 4ID G‘U BI(] 160 6 .“_IU 4IU EIO SIU 1 UID
Percentile Percentile
Training Testing
Partition

Churn = "Yes™

Figure 9.30 The output from the Evaluation node displaying the relative
performance of a partitioned model

As we can see, the Evaluation node has now created two Gains charts for the testing sample
and the training sample respectively. The charts show a similar story to Analysis node in that
the model performs slightly more poorly on the Testing sample. The partition node has

created this split in the data by creating a special partition field in the data. To view the field:

From the Output palette, add a Table node to the CHAID model nugget

Figure 9.31 shows the Table node added to the stream.
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85-—0—@—@

26 Fields Telco_Updated.csv Partition Chprn

[SR-Churn]
Figure 9.31 Table node added to the stream to illustrate the Partition

field
Run the Table node

Figure 9.32 shows the output from the Table node and the generated Partition field.

Table (29 fields, 7,043 records) - O X
\e Eile = Edit ¢ Generate =Y ES
Tacle Amnotations

byment_Type_SGm | Average_Monthly_Bill | Very_Loyal | Cashback | Customer_Tier | Partition | SR-Churm | $RC-Churn

- L1 93.T68 F T UUU ToTEanmaara T_TTdimiyg ™~ TES 3

2528 ccount_Debit 82.000F 0.000 c. Standard 1_Training Yes 0.613]
2529 ard_Payment 66.688 F 0.000 c. Standard 1_Training No 0.892
2530 voice 78.062F 0.000 c. Standard 2_Testing Yes 0.613
2531 ard_Payment 78812 F 0.000 c. Standard 1_Training Yes 0.633
2532 voice 18.875F 0.000 c. Standard 2_Testing No 0.994
2533 ard_Payment 85938 F 0.000 c. Standard 1_Training Yes 0613
2534 ard_Payment 79.250 F 0.000 c. Standard 1_Training Yes 0.613 £
2535 ard_Payment 69.688 F 0.000 c. Standard 1_Training No 0.983
2536 ccount_Debit 99.250 F 0.000 c. Standard 2_Testing Yes 0613
2537 ard_Payment 90.125F 0.000 c. Standard 1_Training Yes 0613
2538 ard_Payment 73.000F 0.000 c. Standard 1_Training No 0.534
2539 ccount_Debit 96.250 F 0.000 c. Standard 1_Training Yes 0.613
2540 ard_Payment 20.625F 0.000 c. Standard 2_Testing No 0.908
2541 ard_Payment 82562 F 0.000 c. Standard 2_Testing Yes 0.613
2542 ccount_Debit 92688 F 0.000 c. Standard 1_Training Yes 0.613
2543 voice 17.250 F 0.000 c. Standard 1_Training No 0.908
2544 ard_Payment 18.438F 0.000 c. Standard 1_Training No 0.908
2545 ard_Payment 98.375F 0.000 c. Standard 1_Training Yes 0613
2546 voice 17.250 F 0.000 c. Standard 1_Training No 0.908 5]

(a1 r

Figure 9.32 Output from the Table node showing the random values of the
Partition field

As we can see, the Partition node simply creates a field called ‘Partition” and randomly assigns
the values ‘1_Training’ or 2_Testing’, whilst honouring the requested proportions to the
records in the dataset. The relevant nodes within Modeler detect the presence of this field
and take account of it when building or evaluating models downstream of it.
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The Auto Classifier Node "’.

Auto Classifier

Within Modeler there are a large number of algorithms that can be used to predict
classification outcomes such as customer churn. The Auto Classifier node can help to narrow
down which technique (or combination of techniques) will yield the best model. Assuming
that the modelling fields have been correctly configured in the stream Type node (or Type tab
in the Data Source node) and that the target has been correctly typed as a flag or nominal
field, the Auto Classifier node can automatically execute several model-building algorithms at
once. The goal of this procedure is usually to retain the resulting best models according to a
pre-specified criterion such as overall accuracy, lift or profit. To see this procedure in action,
from the Section 9 folder open the Modeler stream:

Section 9 Auto Classifier.str

Figure 9.33 shows the stream.

D) ——@
Telco_Updated.csv Partition

Figure 9.33 The Modeler stream ‘Auto Classifier.str’

From the Modelling palette:

Select and attach an Auto Classifier node to the Partition node in the stream

(If you can’t see the Auto Classifier node, make sure the node filter tab marked ‘All’ is
highlighted on the left side of the palette).

Figure 9.34 shows the updated stream.

H —@ — &

Telco_Updated.csv Partition Churn

Figure 9.34 The Modeler stream ‘Auto Classifier.str’ with the Auto
Classifier node added

To see the options associated with this node:
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Double-click the Auto Classifier node to edit it

Figure 9.35 shows the edited Auto-Classifier node.

\) Churn

% Estimated number of models to be executed: 12

IFinlds_‘ Model IEmm”Discard”sm;;s_lkmhﬁml
Model name: ® Auto © Custom

[¥ Use partitioned data

[ Build model for each split

Rank models by: Lift i

Rank models using: © Training pariition @ Test partition

Number of models to use: s

[« Calculate predictor importance

Profit Criteria (valid only for flag targets)

Costs: ® Fixed ‘ 50}%{ © Variable ‘ i

Revenue: © Fixed | 100 O Variable ‘ .
-

Weight  © Fixed | 10/ O variable ‘ -

Lift Criteria (valid only for flag targets)
Percentile to use for lift calculation: u

Lok J(» Run]| cancel

Figure 9.35 The edited Auto Classifier node showing the options within
the Model tab

Within the edited node, some of the more interesting options in the Model tab include how
the procedure ranks the Models it builds. Here we can see the default option is to rank
models by ‘Lift’. In fact, the options for ranking models include:

e Overall Accuracy — This is simply the overall (or average) accuracy the model exhibits

when considering all the groups in the target field. This measure is more useful when
the group sizes are close to equal.

e Area Under the Curve — The Area Under the Curve (or AUC) measure looks at the false
positive vs true positive rate. Recall that the Gains chart displays a diagonal line
representing a random classifier. The diagonal line simply indicates that using a
random model, you would expect to find 50% of the responders (or churners) from
randomly sampling 50% of the data. The AUC score for a model that followed the
random line would therefore be 0.5 (scores lower than 0.5 would indicate the model
was worse than random). A score for a perfect classification model would be 1. As you

© Smart-Vision Europe Limited 2018 Assessing and Selecting Predictive Models



Assessing and Selecting Predictive Models

might expect, most models are somewhere between these two values with higher
values associated with higher accuracy in predicting the outcome of interest in the
target group (usually the category denoted with values such as ‘Yes’ or ‘T or ‘1’).

e Profit— As the dialog shows, it’s possible to include costs and benefit parameters
when the target field is binary (flag). This is useful if we can associate numerical values
with the outcomes such as when trying to select a model that will drive the most profit
for a marketing campaign. Alternatively, it could be used to select a model that
minimises the financial loss associated with outcomes such as asset failures. Note that
the user can enter specific parameter values or identify variables that record the
revenue or costs associated with the outcomes.

e Lift—The lift value is a measure of how much better the model does at classifying the
data (i.e. predicting the outcome) compared to a random model (or the baseline
proportion). Here the proportion of churners is about 26%. So, a random model
predicting every case to be a churner would be right about 26% of the time. This
would generate a lift value equal to 1.0. If however the model was better than
random, and was able to predict the proportion of churners with 52% accuracy it
would be twice as accurate as the random approach and would generate a lift value of
2.0. The higher the lift value, the better than random the model is. Here the Lift
measure is based on top 30% of data where the model is most confident.

e Number of Fields — The last method to rank the models is simply by the number of
fields. Models based on fewer fields are regarded as more desirable as they are likely
to be simpler and more efficient. In Statistics, such models are sometimes described as
having greater ‘parsimony’.

Two other things to note from this tab are that firstly, by default, the procedure creates a
nugget based on the best three models and that this value can be altered. Secondly, models
are ranked based upon their performance on the Testing group as identified by the Partition
node.

Before we run the procedure, let’s examine the range of algorithms the Auto Classifier uses by
default. Click the tab marked:

Expert

Figure 9.36 shows the Expert tab in the edited Auto Classifier node.
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2 Chumn X
Estimated number of models to be executed: 12
Select models: All models v
Use? | Model type | Model parameters |No of models
« c?'ﬁ cs Default 1
™ L/ Logisticregression  Default 1
WV :'3 Decision List Default 1
&4 -\’fp Bayesian Network  Default 1
I Bd Discriminant Default 1
L
L ]
- o%
] L/{ LSVM Default 1
I ”' Random Trees Default 1
= B
5 l@t Tree-AS Default 1
I Jﬁ% CHAID Default 1
CHAID
) AR Quest Default |
QUEST
& ABT CaRTree Default 1
IF) ﬁ Neural Net Default 1
"] Restrict maximum time spent building a single model to 1f : minutes

Figure 9.36 The edited Auto Classifier node showing the options within
the Expert tab

Not only can we decide to include or drop individual algorithms from the Auto Classifier
process, but we can also request that multiple models are built within the same techniques by
editing an algorithm and specifying that additional parameters or settings are tried. To
illustrate this, within the Model Parameters column:

Click the cell marked Default next to the C5 model type
Click:
Specify

Figure 9.37 shows the resulting sub-dialog.
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O Churn X
Estimated number of models to be executed: 12
Select models: -
o Algorithm settings - C5
Use? |Model type
] A s S‘"“““lw
5.0 | — i
& L£ Logistic Parameter Iomions
Output type Decision tree B
v 3 Decision Ugroup symbolics false
& Q’\. Bayesian f| Use boosting false
v Discriming
i 1 Cross-validate false -
.
E .
B P i
I % LSWM
v ”’ Random Tf
.
B A
« /@L Tree-AS
T A chap
CHAID
It Q{% Quest
& ART  CaRTree
7] Restrict maxi time spent building a single model minutes

Figure 9.37 The Model Parameters sub-dialog for the C5 model type

Edit the cell next to the Output type parameter

From the drop-down menu request that the procedure also includes a C5 Ruleset by clicking:

Both

Figure 9.38 shows this:

o Algorithm settings - C5 %
s egan
|
Parameter Options
Output type Decision tree ~ |
Group symbolics Default
Use boosting Decision tree
Rule set
Both
Cross-validate false

Figure 9.38 Requesting that a Ruleset model is built as a decision tree

within the C5 model type
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Click:
OK

We are returned to the main Expert tab within the Auto classifier. The cell corresponding to
the C5 model type under the column header ‘No. of models’ now indicates that two C5
models will be built. We can also de-select some of the algorithms. To illustrate, uncheck the
boxes in the column marked ‘Use?’ next to the following algorithms:

LSVM
Random Trees

Tree-AS

Figure 9.39 shows the updated Expert tab.

7 Churn X
el=l0)
@ Estimated number of models to be executed: 10
Filds Model Expert Discad Setings Amnoatons
Select models: All models x
Use? | Model type |Model parameters | No of models
¥ C?h Cc5 Specify... 2
« L/ Logisticregres... Default 1
[ —A Decisionlist  Default 1
v 'Cf' Bayesian Netw... Default 1
¥ B Discriminant  Default 1
= o3
B Iz
B s
B AN
& A
[+ ﬁ CHAID Default 1
[« é}_' Quest Default 1
o AR CaRTree Default 1
[« ﬁ Neural Net Default 1
["] Restrict maximum time spent building a single model to 152 minutes
_topy || Beset

Figure 9.39 The updated Expert tab within the edited Auto Classifier node
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Now if we run the procedure, Modeler will attempt to build 10 separate models retaining the
3 completed models with the highest lift value when applied to the Test partition group. Click:

Run

A progress window appears showing how many of the models are to be built and any which
fail to complete or which are discarded.

O Auto Classifier Progress >

Total number of models to be built 10

Models retained: 0
Models discarded: 0
Models failed to complete: 0

Figure 9.40 Auto Classifier Progress window

The Auto Classifier model is nugget is created as shown in figure 9.40.

Telco_Updated.csv Partition Chlirn

......

......

4

Churn

Figure 9.41 Auto Classifier model nugget added to the stream

To view the its contents:
Double-click the Auto Classifier model nugget

Figure 9.42 shows the contents of the nugget.
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J Chumn X
\ File ) Generate & View EE
W
Model Graph Summary Settings Annotations
Sortby. [Use ~ | ® Ascending © Descending [ % Delets UnusedModels |  View: [Testingset ~ |
Build Time | Max Max Profit . Overall No. Fields Area Under
7
die (EE LB (mins) | Profit Occurs in (%)| T 0P 3%} |\ curacy (%) |Used Curve “
v I H e / Logistic regression 1 <1 1,225.0 22 2245 80.586 24 0.845
' . A/ cHaD 1 <1 1058509 25 2222 79619 13 0839
|
« l H P f Neural Net 1 <1 1,065.0 20 2198 79.505 24 0834
B
o] (omet)

Figure 9.42 The results of the Auto Classifier procedure based on the
Testing set

In our example, the procedure has selected three model types, Logistic Regression, CHAID
and Neural Network (different results may occur if using a different build version of Modeler).
This initial output screen contains a wealth of information that we may summarise here:

e Aseries of check boxes under the column marked ‘Use?” indicating whether or not the
model is to be retained or dropped.

e Aclustered bar chart that shows the misclassification rate for each model. This can be
double-clicked so the user can get a more detailed view.

e A model nugget for the individual model type that the user can double-click and
browse to see more details.

e Aseries of performance measures showing, for example, the model build time, Lift
value, overall accuracy, number of fields used and AUC values. In this case, the Logistic
Regression model has the highest lift value, so it is shown at the top of the list.

e The option to click on a drop-down view box and switch between the statistics for the
models’ performance on the Testing set or the Training set

To see if the model performed equally well on the Training set, click the drop-down menu
next to the view label and choose:

Training Set

Figure 9.43 shows the resulting model performance output,
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J Churn X
| File ) Generate & View » P m ﬂﬂ-
Mods! Graph Summary Setings| Annotatons
Sortby.  |Use ~ | ® Ascending © Descending -I ¢ Delete Unused Models View: [Training set ~ |
Build Time |Max Max Profit Overall No. Fields Area Under
?
Yo | R (mins) | Profit oceurs in (%)| TP 20% | sceuracy (%) |Used Cunve ‘
[« . ﬁ{ CHAID 1 <1 1227.234 23 2240 80.142 13 0853
|
Logistic regression 1 <1 1,385.0 17 2215 80.340 24 0.849
! I =1 A
i . = W Neural Net 1 <1 1,090.0 16 2152 75.895 24 0836

Figure 9.43 The results of the Auto Classifier procedure based on the
Training set

We can see that in actual fact, the CHAID model performed better than the Logistic
Regression model in terms of the lift value when applied to the Training set. However, the
Logistic Regression model gave superior results on the Testing set. To view the contents of any
model nugget we need only double-click it. As an example:

Double-click the Logistic Regression nugget

Click the Advanced tab

As figure 9.44 shows, Logistic Regression models are displayed as a series of statistical
coefficients and as such are quite different from the rule or tree-based models such as C5 and
CHAID.
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Figure 9.44 Logistic Regression output from the Logistic model in the
Auto Classifier node

To return to the Auto Classifier output, click:
Cancel

As well as clicking on the individual clustered bar charts next to each generated model, we can
view the performance of the auto-classifier nugget using all three models combined in a single
clustered bar chart. To do so, click the tab marked:

Graph

Figure 9.45 shows the output.
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Figure 9.45 The Graph output from the Auto Classifier model nugget

The graph tab shows the overall classification chart for the combined models. A combination
of models such as this are often referred to as an Ensemble model. The bars show the actual
status of the customers whilst the colours show the predicted outcomes. You can see that the
combined models do a better job of predicting the customers who have not defected
compared to those who have churned. You can also see that the predicted outcome variable
the Auto Classifier produces is labelled ‘SXF-Churn’. The ‘SX’ indicates that this is an ensemble
model. The predictor importance chart shows which variables are most important in the
three models that the procedure has chosen. A note at the top of the screen reminds us that
the charts are based on all the models in the nugget and will not be affected or updated by
changing whether an individual model is selected or not in the Model tab. We can of course
evaluate the ensemble model performance by attaching an Analysis or Evaluation node to the
nugget. From the output palette:

Choose an Analysis node and attach it to the Auto Classifier nugget
Edit the node so that the ‘Coincidence Matrix’ is included
Now choose an Evaluation node and attach it to the Auto Classifier nugget

Edit the node so that the ‘Best Line’ is included

Figure 9.46 shows the updated stream.
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Figure 9.46 The Auto Classifier ensemble model with an Evaluation and
Analysis node attached

Run the Evaluation node

Figure 9.47 shows the resulting output.

—$BEST-Churn
—— $XF-Churn

% Gain

Percentile Percentile
Training Testing
Partition

Churn = "Yes"

Figure 9.47 Gains charts from the Evaluation node showing the performance
of the combined (ensemble) models in the Auto Classifier nugget

By default, Modeler combines the scores from the different models using ‘Confidence-
Weighed Voting’. This method enables each model to ‘vote” as to whether or not they predict
the customer to churn. With confidence-weighted voting, each vote is weighted based on
the confidence value for that prediction. In a situation where one model predicts a customer
to be a churner and the other two models predict them to be remain a current customer, the
model that predicts ‘churn” will win if its confidence value is greater than other the

two predictions combined. Here the Gains chart only shows a single curve representing the
ensemble model. In this case, it indicates a good performance for predicting churn compared
to the random classifier model line (the diagonal). To continue:

Run the Analysis node
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Figure 9.47 shows the Analysis node output.

[Q Analysis of [Churn] #4 - O

e =t [Z] 24l
Anmotatons

Analysis

E-Results for output field Churn
B Companng $XF-Churn with Churn

"Partition’ | 1_Training| '~ 2_Testing
. | Correct 2842 80.51% 2831 8059%
| Wrong 688  10.49% 682 19.41%
Total 3,530 3513
EI CGII‘ICII:IBI"ICB Matrix for $XF-Churn (rows show actuals)
'Partition’ = 1_Training No Yes

{No 2314

Yes 420
| 'Partition" = 2_Testing No Yes
| No 2,324
Yes 414

Figure 9.48 Analysis node output showing the overall accuracy for the
Auto Classifier ensemble model and coincidence matrices

The ensemble model performs well, with the majority of the churners in the testing set
correctly classified. This time we can actually affect the model Evaluation and Analysis node
results by selecting or deselecting models within the Auto Classifier nugget. To illustrate:

Double-click the Auto Classifier nugget

Uncheck the last model type in the ‘Use?’ column (the Neural Network)

Figure 9.49 shows this window after the model is de-selected
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Figure 9.49 De-Selecting the Neural Network model type in the Auto
Classifier nugget

Click OK and re-run the Analysis node

Figure 9.50 shows the results.

[Q] Analysis of [Churn] #8 - O
wrle =Eat [@]S

salyss Amncatons

E-Results for output field Churn
B Companng $XF-Churn with Churn

'Partition’ 1_Training 2_Testing
- | Correct 2855 80.88% 2830 8056%
"I wWrong 675  19.12% 683  19.44%
Total 3,530 3513

H Calncn:lenc:e Matrix for $XF-Churn (rows show actuals)

Figure 9.50 The Analysis node results based on the Logistic Regression
and CHAID models in the Auto Classifier nugget
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The results are quite interesting as they illustrate one of the reasons why ensemble models
can be powerful. Even though the Neural Network model was the weakest classification
model, by removing it, the ensemble model is less accurate at predicting the outcomes in the
testing set. Perhaps the model was more accurate than the other two model types in a
particular sub-set of cases and because of this the confidence-weighted voting was enough to
ensure it made a positive contribution to the accuracy of the ensemble model.

In the next section we will turn our attention to the Deployment phase of the CRISP-DM
process by looking at how we can use these models to score data about current customers.
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Section 10:

Deploying Models +=
Sort Ensemble
e Scoring Data with a Model Nugget 3 STr E?
e The Sort Node _—
e The Flat File Export Node Flat File Excel  Database

e The Ensemble Node

e The Excel Export Node

e Scoring Data based on Profit
e The Database Export Node

The final phase of the CRISP-DM process is ‘Deployment’. This is the point at which the
predictive analytics application is used to drive better decision making in the real world. The
deployment itself could take the form of something as simple as a report or presentation
outlining the insights uncovered by the process. However, creating reports is not really the
point of CRISP-DM. Rather, the Deployment stage implies that the outputs from the
application will be acted upon: the values that a predictive model generates will be used to
actively target opportunities or mitigate threats; the recommendations from an association
model will be used to present customers with new offers or employees with suggested
actions; anomaly detection models will alert security systems to unusual activity;
segmentation models will drive more customised content to websites. Furthermore, often
the Deployment phase is the point at which the CRISP-DM process starts to encroach on the
activities of other roles within the organisation. Because deployment can take the form of
regular updates of a customer database or website, the IT department may need to be
involved in overseeing this process. Alternatively, the project may be focussed on identifying
customers for inclusion in a marketing campaign, so key personnel and processes within the
marketing department will be affected. Whether the project deployment takes the form of
generating real time recommendations in a call centre environment or creating maintenance
schedules to inspect ‘at risk’ assets, it is of critical importance that it meets the original
objectives as outlined in the Business Understanding phase. Once again, by the time the
analysts reach this phase they should already have a detailed plan as to how the deployment
will be executed, who will be impacted and what constitutes success.

Scoring Data with a Model Nugget

The process of applying a predictive model to a dataset to generate predictions is referred to
as ‘Scoring’ the data. In the next example, we will use a model nugget to score data about
current customers so that we can create a file containing customer IDs whose likelihood to
churn is above a certain specific probability threshold. To illustrate this, from the Section 10
folder open the stream:
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Figure 10.1 shows the upper section of the stream.

Telco_Updated.csv

_....[V

Deploying Models

Figure 10.1 The upper section of the stream ‘Section 10 Propensity

Selection.str’

The stream contains a model nugget generated by the Logistic Regression node. To view the
new data fields that the Logistic Regression model nugget generates:

Double-click the Logistic Regression model nugget to edit it

Click the Preview button to preview the data

Scroll to the last fields in the Preview table

Figure 10.2 shows the newly created prediction variables (‘SL-Churn’ and ‘SLP-Churn’) in the

preview table.

| File = Edit  {) Generate

Preview from Churn Node (28 fields, 10 records) #3

B

— O

*

@)

Tatle Annatatons
. Monthly_Bill | Very_Loyal | Cashback | Customer_Tier | $L-Churn | $LP-Churn |
1 1037127 31114a Premium  No 0.953
2 76.750 F 0.000c Standard  Yes 0.719
3 31455 F 0.000c Standard  No 0.574
4 102.264 T 30,679 a Premium  No 0.874
5 82958 F 0.000c Standard  No 0.910
5 19.708 T 5912¢c Standard  No 0.998
7 61.917F 0.000c Standard  No 0.728
8 78684 F 0.000c Standard  No 0.506
9 102776 T 30.833a Premium  No 0.831
10 69.079 F 0.000 b. Select No 0.700
(41 ————

£3

Figure 10.2 The variables ‘$L-Churn’ and ‘$LP-Churn ‘in the Preview table
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Remember that by default, predictive models generate scores that reflect the confidence of
the prediction. In figure 10.2 we can see that the first prediction indicates that the customer
belongs to the ‘No’ group in the Churn variable (i.e. they are a current customer). The
confidence score for this prediction is 0.953. Indicating that according the model, there is a
95% chance that the person falls into this group. The next case indicates that the model
predicts this customer to have churned with a confidence value of 0.719 (i.e.a 71.9%
likelihood). The reason this is important, is that the confidence value only helps us to select
the records where the model is most or least confident in its predictions not where the cases
themselves are more or less likely to be churners. To select those with a higher than average
likelihood to churn, we must request Propensity scores. To do so:

Click OK to close the Preview table
In the edited Logistic Regression model nugget, click the ‘Settings’ tab

Check the box marked ‘Calculate raw propensity scores’

Figure 10.3 shows the updated Settings tab in the Logistic model nugget.

& Chum >

8 2 0o+ 0 [(>ewiew] £ Q=10

Ya 4

Model Summary Advanced Settings Annotations

[ Calculate confidences

[« Calculate raw propensity scores

["] Append all probabilities

Generate SQL for this model:

@ Default: Score using Server Scoring Adapter (if installed) otherwise in process
© Score by converting to native SQL

© Score outside of the Database

[ OK ][Cancal] [ ﬁpply][ ﬂesat]

Figure 10.3 Requesting Propensity scores in the Settings tab of the
edited Logistic Regression model nugget

Propensity values are akin to the Probability scores that traditional statistical models create.
The convention is that the scores show the likelihood of being in the key outcome category of
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a dichotomous (flag) target variable. In Modeler, this tends to be the ‘higher’ value
numerically or alphabetically speaking. However, values such as ‘1’, ‘T’ or ‘Yes’ are
automatically assumed to be the category of interest. So here the Propensity value shows, for
each customer, the probability that they have churned. To preview these scores, within the
currently open dialog, once again click:

Preview

Scroll to the last few fields in the Preview table

Figure 10.4 shows the updated Preview table with the additional Propensity scores in the
variable ‘SLRP-Churn’

Preview from Churn Node (29 fields, 10 records) #1 — [ *

o File = Edit ¢ Generate £|&Idﬁ Q| X

Table ‘ Annotations

|Cashback |Cust0rner_Tier|$L—Chum|$LP-Chum SLRP-Churn |
1 31.114 3. Premium No | 0.95 0.047
2 0.000/c. Standard Yes 0.719 0.719
3 0.000 c. Standard No 0.574 0.426
4 30.679 a. Premium No 0.874 0.126
5 0.000 c. Standard MNo 0.910 0.090
6 5.912 c. Standard MNo 0.998 0.002
7 0.000 c. Standard No 0.728 0272
8 0.000 c. Standard No 0.506 0.494
9 30.833 a. Premium No 0.831 0.169
10 0.000 b. Select No 0.700 0.300

41 ——

Figure 10.4 The Confidence and Propensity scores in the variables ‘LP-
Churn’ and ‘$LRP-Churn’ respectively, as displayed in the Preview table

You can now see that the first record is predicted to be a current customer, as denoted by the
‘No’ value under the variable header ‘SL-Churn’. Furthermore, as the variable ‘SLP-Churn’
shows, the confidence of this prediction is 0.953 (95.3%). So this first case has only a 4.7%
likelihood of belonging to the churned category. Close the currently open windows by clicking:

OK
OK

We can now use the generated Propensity value to help choose current customers with a
higher than average likelihood of churning so that the Telco can take proactive measures to
retain them. From the Graphs tab:
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Select the Histogram node and attach it to the existing Logistic Regression model

Figure 10.5 shows the updated stream.

’

\’l
‘L y

»
{
\\

M

Telco_Updated.csv Churn A

Figure 10.5 Attaching a Histogram node to the Logistic Regression nugget
Double-click the Histogram nugget to edit it

Using the drop-down field selection menu next to the label ‘Field’, choose:

$LRP-Churn

Using the drop-down field selection menu next to the label ‘Color’, choose

Churn

Figure 10.6 shows the completed Histogram dialog.
TK X
©laldl

r’u-. ‘-\\

£ % sLRP-Chum
Plot Options Appearance Oufput Annotations

Field: SLRP-Churn 'E

Overlay

Figure 10.6 Requesting a histogram of Propensity to Churn coloured by the
actual outcome field: Churn

The histogram will enable us to visualise the model’s estimation of propensity to churn as a
distribution. So not only will we be able to see how evenly (or unevenly) the model estimates
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the risk of churn across the sample dataset. But by adding the Churn field as a colour category,
we will be able to see what proportion of people actually did in fact churn when the model
indicated there was a low likelihood and what proportion remained current customers when
the model estimated that they would have a high likelihood of defecting. To generate the
histogram, click:

Run
2000— _______________ Voo | Chum
Eno
Myes
1,500
E
2 1000 ---
S
5001
o-

] 02 04 06 08 10
$LRP-Churn

Figure 10.7 Histogram of Churn propensity coloured by the actual outcome
field: Churn

The histogram shows that the model estimates most of the customers to have a low
likelihood of churn. None of the customers appear to have a churn propensity greater than
about 0.85. As we would expect, the higher the propensity to churn, the larger the proportion
of those in the ‘Yes’ group of the churn outcome variable appear in the histogram bins.
Nevertheless, a small proportion of actual churners are evaluated by the model to be low risk
even in the bottom 10% of the propensity distribution. To view the different proportions
more effectively:

Copy and paste the existing Histogram node and attach the copy to the Logistic Regression
model nugget

Figure 10.8 illustrates this.
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\ LY /SLRP-Chum
LV ™

Telco_Updated.csv Churn A

Figure 10.8 The copied and pasted Histogram node attached to the Logistic
Regression model nugget

Double-click the new Histogram node to edit it
Click the Options Tab within the edited Histogram node

Check the box marked ‘Normalize by color’

Figure 10.9 shows the edited Options tab.

(7 SLRP-Chumn X
A Qo0

X SLRP-Chumn

ot Optons Appearance Ouput Amnottions

[ Automatic X range Mir 0.0 Max -
Bins: ® Bynumber No. of bins:

Bywidth  Einwidt 108
¥ Normalize by color . [7] Separate bands for each color

["] Show normal curve

Lok J (& Run)[ cancal _opy /| Reset

Figure 10.9 Requesting a second histogram — this time normalised by the
levels of the colour field

Click:

Run
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Figure 10.10 shows the normalised histogram.

Churn

Mo
Wvyes

Percent

0o 02 04 06 08 10
$LRP-Churn

Figure 10.10 ‘Normalized by color’- Histogram of Churn propensity by the
actual outcome field: Churn

The normalised histogram now shows a more or less smooth continuum as the risk of churn
rises proportionately with respect to the actual outcome. In this example, we can imagine
that the work done in the Business Understanding phase has determined that the goal of the
application should be to identify those current customers with a 40 percent or greater risk of
churning. Because we have already requested the Propensity score, we can use the histogram
to make this selection. To do so, within the Histogram output, from the main menu click:

View
Interactions

Figure 10.11 shows this process in action.
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E Histogram of $LRP-Churn #3

- m} X
lé File = Edit ) Generate  &f View F.-'ll!' Q| x
Graph ) Tooltips
‘ O # EditMode
o 8% & L [
@ Kk Explore Mode
v General
Churn
L]
HE o
L] Mves
L]
L]
L]
L]
E ¥ Interactions
3
5
a
$LRP-Churn

Figure 10.11 Switching to ‘Interaction mode’ within the Histogram output

As before, by using the Band Selection tool, we can define the threshold at which the
propensity risk is above 40 percent See figure 10.12).

m Histogram of SLRP-Churn #3

- O X
BEle  Edt O generate o View |1 |l I Q| x
Graph  Annotations

/a2l > >/ 80

Churn
Eno
Mves
€
8
]
$LRP-Churn = 0.4025
Percent = 37.368
$LRP-Churn

Figure 10.12 Slicing the Histogram at 0.40 Propensity value

Now we can select those cases that lie above this threshold. To do so:
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Right-click in the areato the right of the selection line
From the pop-up menu choose:
Generate Select Node for Band

Figure 10.13 shows this process.

Rename Band...
Delete All Bands
Generate Select Node for Band

Generate Derive Node for Band

Figure 10.13 Generating a Select node within the Histogram of Propensity
values

A Select node is now added to the stream canvas.
Attach the newly generated text node to the Logistic Regression Model nugget

Figure 10.14 illustrates this.

el SLRP-Churn

= & % (o

Telco_Updated.csv Churn \ band2

L.
SLRP-Churn

Figure 10.14 Attaching the generated Select node to the model nugget
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We can see the edited contents of the Select node in figure 10.15.

——
Mode: ® Include © Discard

1 |'SLRP-Churn' >= 0.4004240930080414 @l
Condition:

Deploying Models

Figure 10.15 The edited contents of the newly generated Select node

Using the rule within the Select node, only 2,084 of the original 7,043 records had propensity
scores of around 0.4 or above (about 30%). Having, selected the records with higher than
average propensity We can now copy and paste the selection and the model to the scoring

data. To do so:
Highlight the model nugget and the select node
Right click and select ‘Copy’ from the pop-up menu

Figure 10.16 shows this in action.

A

//
PN

/SLRP~Churn
2 Disconnect Nodes
\ bandd  New Comment..
L s Cut

SLRP-Churn = Copy
X Delete
(& Create SuperNode

» Run Selection

F3

Ctrl+X

Ctri+C

Delete

Ctri+E

Figure 10.16 Copying the model nugget and select node
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Now we can paste the nodes next to the scoring data source.

Scroll down the stream canvas until the Source node for the file ‘Scoring Data Simple.csv’ is
visible

Right-click on the stream canvas and choose ‘Paste’ from the pop-up menu’
Connect the pasted model nugget to the Data Source node

Right-click on the dashed model link line for the model and choose ‘Remove Link’

Figure10.17 illustrates this.

|ﬁm< Records |

7)) —— ) —— =)

Scoring Data Simple... Churn . band2 °

Figure 10.17 Connecting the pasted model nugget and select node to the
Data Source node containing the scoring data

As the comment label indicates, the scoring data contains 60,000 records of current
customers. Of course, this file will not contain a field indicating if the customer has churned
because all the records are all still current customers. Once the model has scored the data,
the only variables that are needed for any further selection are the customer ID and
propensity score. To that end:

Connect a Filter node to the pasted Select node
Edit the Filter node and remove all the fields except for ‘customeriD’ and ‘$LRP-Churn’

Rename ‘$LRP-Churn’ to ‘Churn_Likelihood’

Figure 10.18 illustrates this.
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X

Llalo)

Fields: 28 in, 26 filtered, 1 renamed, 2 out

Field
Super_Sports
Box_Office_Movies
Auto_Renew
Family_Plus
Payment_Type
Payment_Type_3Grp
Very_Loyal
Customer_Tier
$L-Churn
SLP-Churn
SLRP-Churn

PORPRRRRO

Field
Super_Sports =
Box_Office_Movies
Auto_Renew
Family_Plus
Payment_Type
Payment_Type_3Grp
Very_Loyal
Customer_Tier
$L-Churn
$LP-Chumn
Churn_Llkelihood -

@ View currentfields  © View unused field settings

Caom) (s

Figure 10.18 Removing unnecessary fields and renaming ‘$LRP-Churn’ to

‘Churn_Likelihood’
To continue, click:

OK

f‘_\\
The Sort Node

Sort

We can also sort the propensity scores in the ‘Churn Likelihood’ variable. The Sort node is a
simple procedure that allows us to do that. To sort the data, from the Record Ops palette:

Select and attach a Sort node to the Filter node.

Double-click the Sort node to edit it

Click the Field picker button and choose the variable ‘Churn_Likelihood’

Change the sort direction from ‘Ascending’ to ‘Descending’

Figure 10.19 shows the completed Sort dialog.
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Field | Order |
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*
+

Default sort order: @ Ascending © Descending

Lok J [cancel) oy | Reset)
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Figure 10.19 Sorting the scored data in descending order by likelihood to

churn

Figure 10.20 shows a preview of the sorted dataset.

Preview from Sort Node (2 fields, 10 records) #1

o0 ia Osee (S

Tatle Amnotatons

customerlD | Churn_Llkelihood |
1 5949.000 0.995
2 3551.000 0.993
3 944.000 0.992
4 2797.000 0.992
: 4630.000 0.991
- 5513.000 0.990
7 2330.000 0.990
8 21.000 0.990
9 3706.000 0.990
10 3748.000 0.990

Q| x>

oK)

Figure 10.20 Preview of the scored data sorted in descending order by

likelihood to churn

Once again, to continue click:

OK
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Figure 10.21 shows the updated scoring branch of the stream at this stage.

[GOKRecords ]
‘ —»
D -9 @ — @ —®
LY :
Scoring Data Simple.. Churn band2 Filter Sort

Figure 10.21 The updated scoring branch of the current stream

The Flat File Export Node |

Flat File

By now we should be very familiar with reading text-based data via nodes such as the Var. File
node. The Flat File output node can therefore be thought of as the mirror equivalent of the
Var. File node as it writes out data in a delimited text file rather than reading it. We can use
this node to generate a tab-delimited file containing the customer IDs and churn likelihood
values of the customers with a higher than average propensity to defect. From the Export
palette:

Double-click the Flat File node
Edit the Flat File Node
Specify the that exported file should be named ‘High Propensity Churners.txt’

You may notice that the dialog contains various options as to the field delimiter in the file. The
default character to separate the fields is a comma. For this example, we will create a tab
separated file. In the Field Separator area, choose the radio button marked:

Tab

Figure 10.22 shows the completed Flat File export dialog.
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la:at:'e X

Exportfile: |C:\SV Training\Modeler Intro\Section10\High Propensity Churner Q

Write mode: @ Overwrite [+ Include field names

© Append
[ New line after each record

Field separator © Comma @ Tab © Space
© other:

Symbol quotes: © None © single (') @ Double (")
© Other:

Encoding: |Skliﬂ.[l1m = I Decimal symbol: |Stream default > I

|| Generate an import node for this data

= @f=10)
ot puslisn Amoiatons

Lok J(® Run)| Cancel _toply || Reset

Figure 10.22 The Flat File export node edited to create a tab-separated

text file.

To export the scored data, click:

Run

Figure 10.23 shows the exported text file as it appears in MS Notepad.

© Smart-Vision Europe Limited 2018

Deploying Models



Deploying Models

jHigh Propensity Churners..  — O X
File Edit Format View Help

lcustomerIn Churn_LIkelihood ~
6949 .000000 ©.994643
3551.000000 ©.993816

944 .e00000 9.991871

2797 .000000 ©.991579
4630.000000 ©.991395
5513.0008000 9.998149
2330.000000 ©.99ee56

21.0600000 ©.989772

3706 .000000 ©.989668

3748 .000000 ©.989556

460.000000 ©.988975
1485.000000 ©.988918

5013 .000000 ©.988839

6164 .000000 ©.988451

4639 .000000 ©.987955

864 .000000 ©.987838

70.000000 ©.987570

5470 .0000008 ©.987558

179.000000 ©.987523

6891 .000000 ©.986751
1532.00000808 9.986183

6753 .000000 ©.986872

1701 .000000 ©.986061

5683 .0000008 ©.985567

2006 .000000 ©.985557 o

Figure 10.23 The exported file ‘High Propensity Churners.txt’

The Ensemble Node ™

+ >
Ensemble

Earlier, we introduced the idea of ensemble models by using the Auto Classifier node. In fact,
we can combine individual models that utilise the same target fields and data sources to
create our own merged model scores as if we were using an ensemble model. To illustrate
this, from the Section 10 folder, open the stream:

Section 10 choose best 50 pct.str

Figure 10.24 shows the upper part of this stream.

A
,,' Chyrn L:‘. Z

Churn Churn [SR-Churn §R1-Churn
= " A . 4
) ' , . .
Telco_Updated.csv Partition Churn Churn Churn

Figure 10.24 Part of the stream ‘Section 10 choose best 50 pct.str’
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We can see that the stream contains three model nuggets, all of which predict the same
churn outcome. Figure 10.25 shows the results of running the Evaluation node attached to
the last model nugget.

——$BEST-Churn
—$R-Churn
-$R1-Churn
$L-Churn

% Gain

1 1
0 20

T T T T T
40 60 80 100 40 60 80 100
Percentile Percentile
Training Testing
Partition

Churn = "Yes"

(=P
N

Figure 10.25 Evaluation node output showing performance of three models

The evaluation node shows that all three models show similar classification accuracy when
predicting those cases that fall into in the churner category (the SR1-Churn appears to
perform best of all). In this example, the application goal, as determined during the Business
Understanding phase, is to choose the 50% of customers at the highest level of risk of
churning with the aim of identifying at least 14 thousand churners among them. Rather than
choosing one model to select this group, we can use the Ensemble node to combine them
into a single model score. To do so, from the Field Ops palette:

Select the Ensemble node and attach it to the last model nugget

Copy and paste the existing Evaluation node so that it is attached to the Ensemble node

Figure 10.26 shows the updated stream at this point.

] v
' , Chyrn .
Churn Churn [SR-Churn §R1-Churn . :[SXF-ghurn];

8= e d c— —_— —_— [ -
3 +-> ,,’ / ,ﬁ / [‘A,/ >

Telco_Updated.csv Partition Churn Churn Churn Ensemble

Figure 10.26 The updated stream incorporating an Ensemble node
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Figure 10.27 shows the effect of the Ensemble node when we run the second Evaluation
node.

1001 -1
—$BEST-Churn

——$XF-Churn

8011

B0 -

£ :
= '
Q "
£ | z
40 f
20
o :
T T T I I I T 1 T T
0 20 40 60 80 100 0 20 40 60 80 100
Percentile Percentile
Training Testing
Partition
Churn = "Yes"

Figure 10.27 Evaluation node showing model scores combined via an
Ensemble node to create the field $XF-Churn

As figure 10.28 shows, by switching on Interactive mode in the chart, we can use the band
selection tool to choose the top 50% of cases with the highest risk.

——$BEST-Chumn
— $XF-Churn

. | [$XF-Churn, Percentile: 50, %
...} |Gain: 92.026

% Gain

| | 1 | | | | | | | |
0 20 40 B0 80 100 0 20 40 60 80 100

Percentile Percentile
Training Testing
Partition
Churn = "Yes”

Figure 10.28 Using the band selection tool to choose the 50% of cases of
with highest risk of churning.

Figure 10.29 shows how we can generate a Select node by right-clicking on the left-hand side
of the selection line.
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——$BEST-Chumn
— $XF-Churn

Rename Band...
Delete All Bands

% Gain

""""""""" Generate Select Node for Band

Generate Derive Node for Band

Show All Lines

| | | | | | | | |
0 20 40 60 80 100 0 20 40 60 80 100

Percentile Percentile
Training Testing
Partition
Churn = "Yes"

Figure 10.29 Generating a Select node to select the 50% of cases with the
highest risk of churning

Just as in the previous example, we can copy and paste the models and select node to score a
dataset containing only current customers to test the success criteria as identified during the
Business Understanding phase. In this case, at the same time:

Select and copy the three model nuggets and the Ensemble node

Scroll down the stream canvas and paste the model nuggets and Ensemble node next to the
Data source node containing the file ‘Scoring for Top 50 pct.txt’

Attach the pasted nodes to the Data source node

Do the same for the Select node so that the stream looks like Figure 10.30 below

100K Records - find at iy

least 14K churners in B R / — / — N / B - 28 —?)
the 50% BA A [ A +->
Scoring for Top 50 p. Churn Churn Churn Ensemble band1

Figure 10.30 Scoring data with an Ensemble of models and a generated
Select node

As the comment attached to the source node indicates, the scoring data is comprised of 100
thousand records and we wish to detect at least 14 thousand customers who will churn in the
top 50%. To see if this is the case, we can attach a distribution node to the Select node and
create a chart of the Ensemble node’s combined predicted outcome field: ‘XF-Churn’. Figure
10.31 shows this chart.
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[&] Distribution of $XF-Churn #1 — O b
o File 5 Edit ¢) Generate & View ﬁm E

Table Graph Annotations

Value Proportion % Count
No I 66.75 32083
Yes [N 3325 15979

oK)

Figure 10.31 Predicted outcomes from three models combined by an Ensemble
node

The chart shows that in fact just under 16 thousand customers are predicted to churn from a
selection of around 48 thousand records. Taken at face value, the model has met the success
criteria as set out in the original Business Understanding. It is now up to the company to take
the appropriate proactive measures to persuade as many of these people as possible to
remain customers.

Once again, we can attach a Filter node to the end of the stream and drop any unnecessary
fields. In this case, the selection was based on the Churn confidence not the propensity value
(so a score of 0.39 could indicate a 39% confidence that the person will remain a customer). If
we wanted to convert it to a score indicating likelihood to defect, we could of course use a
Derive or Filler node here to generate the propensity value by simply subtracting all the
confidence scores for those predicted to fall into the ‘No’ category from a value of 1.
However, we can assume that all that is required, is we provide the Customer Retention team
with the ID values of those who fall into the highest 50% risk group. The added Filter node
shown in figure 10.32 simply drops all the fields except for ‘customeriD’.
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Fields: 27 in, 26 filtered, 0 renamed, 1 out

Field Filter Field
customeriD _— customerlD -
Pensioner > Pensioner
Tenure > Tenure
Monthly_Rate o Monthly_Rate
Total_Bill o Total_Bill
Average_Monthly_Bill o Average_Monthly_Bill
Cashback > Cashback
gender o gender
Partner > Partner
Dependents o Dependents -]

@ View current fields View unused field settings

Lok J[cancal] oy || Reset)

Figure 10.32 Filtering out all fields except for ‘customerID’

Figure 10.33 shows the updated stream at this stage.

,9‘**4”*[*! . @ @

Scoring for Top 50 p.. Churn Churn Churn Ensemble band1

Figure 10.33 The updated scoring stream with a Filter node added

Finally, because we intend to export the data into a third-party file format (Excel) we must
also attach a Type node and fully instantiate the customer ID field. Figure 10.34 shows the
updated stream.

Scoring for Top 50 p.. Churn Churn Chum Ensemble band1 Fitter

Figure 10.34 The updated scoring stream with a Type node added

Figure 10.35 shows the fully instantiated customer id field in the Type node.
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Field Measurement Values | Missing Check Role
{3 customeriD ¢ Continuous [0,7041) None N Input

@® View currentfields  © View unused field settings

Figure 10.35 The fully instantiated field ‘CustomerID’ in the Type node

The scoring branch of the stream in now quite long. We can of course now simplify the
stream’s appearance by using a Supernode to encapsulate the model nuggets and nodes
from the Field Ops palette. Figure 10.36 shows this with an annotation attached to the
resultant Supernode.

100K Records - find at
least 14K churners in —
the 50% :
Scoring for Top 50 p.. Scomg data

Figure 10.36 The updated scoring stream simplified with a Supernode

The Excel Export Node

Finally, we can export the scored data in this example to a single file. In this example, from the
Export palette:

Choose an Excel file export node and attach it to the Supernode

Figure 10.37 shows the updated stream.

Scoring for Top 50 p.. Scoring data Excel

Figure 10.37 Exporting the records with high risk customers as an Excel
file
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Double-click the Excel export node

Edit the file destination box so that the node creates a file called ‘High_Risk_Customers.xlIsx’
in the Section 10 folder

Check the box marked ‘Launch Excel ™’

Figure 10.38 shows the edited Excel export node.

Q Excel W

= I (m)

Boort Publsh Amotations

File name: _|C\SV TrainingModeler Intro\Section10\High_Risk_Customers xisx g

Filetype:  Excel 2007-2013 (*xisx) - |

Options
® Create new file © Insertinto existing file

[¥ Include field names Startin cell: |A1
Choose worksheet @® By index ng

By name et

[ Launch Excel(tm)

] Generate an import node for this data

Figure 10.38 The Excel export node configured to generate the file
‘High Risk Customers.xlsx’

Run the Excel export node

The customer data is now scored, and an Excel file of high risk customers has been created.
Figure 10.39 shows the file in the Excel application that the node launches.
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High_Risk_Customersxlsx - Excel larlath Quinn 3] i O
Insert Page Layout Formulas Data Review  View Help Q Tell me |& Share
o X Calibri =111 -| === E” |General - 2 Conditional Formatting~ = 0
B ~ T ===~ .9 s [E#FormatasTable~
Paste = % - Cells Editing
B E3x $- €0 o (54 Cell Styles ~ . .
Clipboard T Font I Alignment Fa| Number I Styles ~
H ©- Ie!

Al v S customerlD v

A B | C | D | E | F | G | H | | J -~
1 |customeriD l
2 | 6523
3 | 2667
4 2871
5 | 3254
6 | 667
7| 1257
8 | 5687
9 | 2215
10 | 5669
11| 4141
12| 831
15 | 6857
14 3575
15 | 5553
16 | 4690
17 | 637
18 4211 -

Sheet1 @ q »

Ready HH m - 1 + 100%

Figure 10.38 The customer IDs with a high risk of defecting displayed in
the launched Excel application

Scoring Data based on Profit

In our final example we will return to using the Evaluation node in combination with a model
to achieve project goals as set out in the Business Understanding phase. In this situation
however, we are not attempting to select the top X percent of high-risk cases or those above
a certain threshold in the model propensity value, rather we are focussed on trying to find the
selection of records that are likely to drive the greatest profit in a campaign. To begin this
process, from the Section 10 folder, open the stream:

Section 10 Choose most profitable model.str

Figure 10.39 shows the upper part of the stream.
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Figure 10.39 The stream file 'Section 10 Choose most profitable
model .str’

As we can see, the stream contains three separate model nuggets that are predicting the
categories in the target field ‘Retained’. In this example, we can imagine that the Business
Understanding phase has determined that the goal of the application should be to make
customer retention campaigns profitable. The context here is that costly retention offers are
being made to customers with a high risk of churning. The offers take the form of extending
their contracts by two months but with free telephony charges. Many of the those who take
the offer however churn after the two months anyway leading to a net loss of $140K in each
campaign. The telco would like to ensure that each campaign makes a net profit of S70K.
From the Output palette:

Choose the Evaluation node and attach it to the last model nugget in the upper part of the
stream.

Figure 10.40 shows the updated stream at this stage.
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Figure 10.40 The updated stream with an Evaluation node attached
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Now:

Double-click to edit the Evaluation node
Click the ‘Include best line’ option

In the ‘Chart Type’ drop-down menu:
Change the chart type from ‘Gains’ to ‘Profit’
In the box next to ‘Cost’:

Edit the fixed value so that it is 20

In the box next to ‘Revenue’:

Edit the fixed value so that it is 62

Figure 10.41 shows the edited Evaluation node dialog at this stage.

Deploying Models
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Figure 10.41 The edited Evaluation node: configure for a Profit chart
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The resulting Profit chart has been configured so that a model ‘hit’ (i.e. where the variable
‘Retain’ is equal to ‘Yes’) generates $S62 whereas those who are not retained cost the telco
$20. To see the profit chart, click:

Run

Figure 10.42 shows the resulting output.

40,000
—— $BEST-Retained
$R-Retained
$N-Retained

$L-Retained
30,000

20,000

10,000+

Profit

-10,000

-20,000-

/

Percentile

Retained = "Yes"

Figure 10.42 Profit chart showing performance of three models and ‘Best
line’

The chart looks very different from the Gains charts that we have seen before. The easiest
way to interpret it is to first look at the apex of the ‘Best line’ (near the 26" percentile on the
horizontal axis). This indicates that if a model was able to identify all those customers that
would be retained by the offer, with no churners, then the campaign would generate just
under $40K profit (assuming the campaign size was equal to the sample size in this example).
The lowest point of the line (near the 100" percentile) indicates that if we were to make the
offer to everyone, irrespective of their likelihood to be retained, then this sample would
generate a loss of around $13.5K. The apex of the three models however, is around the 367
percentile. If we hover the cursor over this point we can see that the Logistic Regression
model (SL-Retained) estimates a net profit of just under S18K. Figure 10.43 illustrates this.
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$L-Retained, Percentile: 36,
Profit: 17,990 \

Figure 10.43 The Logistic Regression model estimates a profit of $17,990
at the 36% percentile of the Profit chart.

The Profit chart indicates that if we choose the 36% of cases that the Logistic Regression
model indicates have the highest likelihood of being retained (or the lowest likelihood of
defecting) then the estimated profit from a campaign of this size would be $17,990.

Once again, we need only switch to interactive mode within the chart and use the band
selection tool to generate a Select node that will retrieve the optimal percentage of records.
According to the Logistic Regression model’s predictions, this selection should generate the
maximum profit. Figure 10.44 illustrates this.
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Figure 10.44 Using the Band Selection tool in Interactive mode to select
the optimal selection of records to maximise profit
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Again, to generate the select node:
Right-click on the area to the left of the selection line
From the pop-up menu chose:
Generate Select node for Band

Figure 10.45 shows the resultant pop-up menu.

Select Model X

Select model:

$R-Retained
$N-Retained
$L-Retained

[ 0K J[Canc&l][ Help ]

Figure 10.45 Choosing a Model to generate a Select Node

From the pop-up menu, choose the Logistic Regression model denoted as:
$L-Retained

OK

Once again, a Select node is created and placed on the stream canvas. In this example, we
need only copy the Select node and the Logistic Regression model nugget to the area where
the campaign data is to be scored.

Copy the Select node and the Logistic Regression nugget

Scroll down the stream canvas and paste them next to the source node for the file ‘Scoring
Data for Profit selection.txt’

Connect the pasted Select node to the Source node

Connect the model nugget to the Select node

Figure 10.46 shows this updated stream branch.
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Figure 10.46 Connecting the model nugget and Select node to a data source
for scoring

As before, we can add a Filter node to remove unwanted fields and rename variables.
Attach a Filter node to the pasted Select hode

Edit the Filter node and remove all fields except:

customerID

$L-Retained

$LP-Retained

Rename ‘$L-Retained’ to ‘Prediction’

Rename ‘$LP-Retained’ to ‘Confidence’

Figure 10.47 shows the completed Filter node.

© Smart-Vision Europe Limited 2018 Deploying Models



Deploying Models

P Filter X

(® 1 [m)

Fields: 27 in, 24 filtered, 2 renamed, 3 out

Filter Field
=glunne Faov -1V }]-3 :
Multiline B s Multiline |
Broadband > Broadband
Internet_Protection > Internet_Protection
Backup > Backup
Insurance > Insurance
Premum Support 3> Premum Support
Super_Spors > Super_Sports
Box_Office_Mavies > Box_Office_Movies
Auto_Renew > Auto_Renew
Family_Plus K> Family_Plus
Payment_Type > Payment_Type
Payment_Type_3Grp > Payment_Type_3Grp
Very_Loyal > Very_Loyal
Customer_Tier > Customer_Tier
$L-Retained — Prediction
SLP-Retained ] e Confidence -

@ View currentfields  © View unused field settings

(ox ) (o Leson) (gesa)

Figure 10.47 Filtering and Renaming fields prior to export

The Database Export Node

Database

In our last example of exporting data, we will use the Database Export node. This node is
equivalent of the Database Source node except that of course it writes rather than reads data.
From the Export palette:

Choose and attach a Database Export node to the Filter node

Double-click the Database Export node to edit it
In the Data Source drop down choose:

Telco_Retention_Access_DB

Specify the table name as:
Retention_For_Profit

Figure 10.48 shows the completed dialog.
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0 Database

Quote table and column names:

Default string size:

["] Generate an import node for this data

Data source: |Telco_Retention_Access_DB 3
Table name: Rele ntion_For_Profit Select
® Create table Insert into table Merge table Merge
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® As needed Always © Never

Figure 10.48 The Database Export node configured to send scored data to a

database

Click:

Run

The data is now scored with the Logistic Regression. In turn, the Select node selects those
cases prior to export that are likely to generate the greatest overall profit in the retention

campaign.
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PRACTICE SESSIONS

In this part of the course you will have a chance to explore the topics that each section has
covered and to try out some of the procedures that we’ve seen during the demonstrations.

You should find all the files needed to complete each practice session within this folder:
C:\SV Training\Modeler Intro\Practice

Each session will consist of a set of tasks that you are asked to complete. If you need a little
help to complete a task, then try looking at the hint section printed at the end of each session.
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Section 1 — Practice Session

This first practice section focusses on CRISP-DM and getting used to working with the Modeler
interface.

Task 1

1. Which phase of CRISP-DM is typically the most time-consuming?

2. Which of the following topics are not one of the explicit CRISP-DM Phases?
¢ Business Understanding
e Data Exploration
e Data Understanding
e Data Simulation
e Prediction
e Evaluation

e Deployment

3. In which phase of CRISP-DM do we check to see if the model has met the business
objectives?

Contd...
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Task 2

Start the Modeler application and from the directory C:\SV Training\Modeler Intro\Practice
open the following stream file:

Section 1 Practice.str

1. Connect the Data Source node to the Table node and run that part of the stream. How
many fields and records are there in the file? Close the output.

2. Connect the Data Source node to the Data Audit node and run that part of the stream.
Which field is marked as ‘Ordinal’? Close the output.

3. Build a model using the Model building node.

a. Inspect the contents of the model nugget.

b. Click the Preview button within the model viewer window and look at the last
fields in the previewed dataset. What do they refer to?

c. Close the model output window.
d. Delete the mode nugget from the stream.

4. Insert/re-route the Select node between the Data Source node and the Model
building node. Run the model building node again. Is the new model different from
the previous one?

5. Look in the Outputs tab and the Models tab on the right-hand side. Do they contain
any objects?
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Section 1 — Practice Hints

This first practice section focusses on CRISP-DM and getting used to working with the Modeler
interface.

Task 1

1. Which phase of CRISP-DM is typically the most time-consuming? Look at page 1.4

2. Which of the following topics are not one of the explicit CRISP-DM Phases? Look on
page 1.3

e Business Understanding
e Data Exploration

e Data Understanding

e Data Simulation

e Prediction

e Evaluation

e Deployment

3. In which phase of CRISP-DM do we check to see if the model has met the business
objectives? Look at page 1.4

Contd...
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Task 2

Start the Modeler application and from the directory C:\SV Training\Modeler Intro\Practice
open the following stream file:

Section 1 Practice.str Click: File> Open Stream and navigate to the Practice folder

1. Connect the Data Source node to the Table node and run that part of the stream. How
many fields and records are there in the file? Right-click on the connected table node
and click ‘Run’. Look at the title bar of the resultant output window. Close the output.

2. Connect the Data Source node to the Data Audit node and run that part of the stream.
Which field is marked as ‘Ordinal’? Age Group. Close the output.

3. Build a model using the Model building node.

a. Inspect the contents of the model nugget. Double Click the nugget.

b. Click the Preview button within the model viewer window and look at the last
fields in the previewed dataset. What do they refer to? They are the model’s
predictions.

c. Close the model output window.
d. Delete the mode nugget from the stream. Just click it and press the delete key.

4. Insert/re-route the Select node between the Data Source node and the Model building
node. Try clicking on the existing connection and using the middle mouse button. Run
the model building node again. Is the new model different from the previous one? Yes,
it has a different number of cases and uses a different combination of variables.

5. Look in the Outputs tab and the Models tab on the right-hand side. Do they contain
any objects? The Model tab should contain the model nugget. The Output tab may
contain the outputs from the Table node and the Data Audit node. It depends on how
you closed the output — ‘Close’ will keep a copy of the Output in the Outputs tab but
‘Close and Delete’ will not.
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Section 2 — Practice Session

This second practice section focusses on reading data files into Modeler. Imagine you have
been sent three data files to begin a predictive analytics project. The files are stored in:

C:\SV Training\Modeler Intro\Practice

Feel free to navigate to the folder using Windows Explorer and examine any of the data files in
this practice session independently of Modeler.

Task 1

1. Start with a clean stream canvas.

2. From the Source tab, choose the appropriate Data Source node to read this file:

Goldscreenz_Customers.xlsx

3. From the Output tab connect a Table node to view the data. How many fields and
records does it contain?

Task 2

1. Within the same stream. From the Source tab, choose the appropriate Data Source
node to read this file:

Goldscreenz_Products.csv

2. Again, from the Output tab connect a Table node to view the data. How many fields
and records does it contain?

Contd...
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Task 3

1. Within the same stream. From the Source tab, choose the appropriate Data Source
node to read this file:

Goldscreenz_Usage.dat

2. Again, from the Output tab connect a Table node to view the data. How many fields
and records does it contain?

Task 4

1. Returning to the file Goldscreenz_Customers.xIsx, using either the Preview button in
the Source node or the output from the Table node, find a way to use the Generate
menu to select only customers where the value for the field ‘Cancelled’ equals ‘T’

2. How many customers have cancelled their contracts in the file?

Task 5

1. Save the stream as ‘Section 2 Practice Reading Data.str’.
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Section 2 — Practice Hints

This second practice section focusses on reading data files into Modeler. Imagine you have
been sent three data files to begin a predictive analytics project. The files are stored in:

C:\SV Training\Modeler Intro\Practice

Feel free to navigate to the folder using Windows Explorer and examine any of the data files in
this practice session independently of Modeler.

Task 1

1. Start with a clean stream canvas. File > New Stream

2. From the Source tab, choose the appropriate Data Source node to read this file: The
Excel Source node

Goldscreenz_Customers.xIsx

3. From the Output tab connect a Table node to view the data. How many fields and
records does it contain? 7 fields 1724 records

Task 2

1. Within the same stream. From the Source tab, choose the appropriate Data Source
node to read this file: The Var. File node.

Goldscreenz_Products.csv

2. Again, from the Output tab connect a Table node to view the data. How many fields
and records does it contain? 5 fields, 1725 records

Contd...
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Task 3

1. Within the same stream. From the Source tab, choose the appropriate Data Source
node to read this file: The Var. File node. Use a pipe ‘|’ character as the delimiter.

Goldscreenz_Usage.dat

2. Again, from the Output tab connect a Table node to view the data. How many fields
and records does it contain? 7 fields, 44,858 records.

Task 4

1. Returning to the file Goldscreenz Customers.xlsx, using either the Preview button in
the Source node or the output from the Table node, find a way to use the Generate
menu to select only customers where the value for the field ‘Cancelled’ equals ‘T". Click
on a cell containing a ‘T’ character. Then click Generate > Select Node (“And”) or Select
Node (“Or”). Use the generated Select node to filter the data rows.

2. How many customers have cancelled their contracts in the file? 862 customers.

Task 5

1. Save the stream as ‘Section 2 Practice Reading Data.str’. You know how to save a file,
right?
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Section 3 — Practice Session

This third practice section focusses on Data Understanding. You can try out techniques to help
gain an understanding of the quality of the data you will be working with.

Task 1

1. Open the stream Section 3 Practice.str

2. From the Field Ops tab, select and join a Filter node to the data Source node reading
the file Goldscreenz_Customers.xlsx.

3. Use the Filter node to:

a. Rename the field ‘Customer_id’ to ‘Cust_ID’

b. Remove the field ‘Email’

4. From the Field Ops tab, select and join a Type node to the previous Filter node.

5. Use the Type node to fully instantiate the data. Does the full instantiation reveal any
issues with any of the fields?

6. From the Output tab, attach a Data Audit node to the previous Type node and run it.
Do any of the fields contain invalid records?

Task 2

1. Attach a Type node to the data Source node reading the file Goldscreen_Products.csv.

2. Fully instantiate the data. Do any of the fields appear to have unusual or erroneous
values?

3. Attach a Data Audit node to the previous Type node and run it. Do any of the fields
contain invalid values?

Contd...
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4. Return to the Type node for this data file and change the Check column setting for the
Revenue field to ‘Coerce’. Re-run the Data Audit node for this branch of the stream.
Has anything changed? Inspect the Quality tab within the Audit node. Are any of the
data missing?

5. Return again to the Type node for this data file and ‘switch on” missing values for the
Revenue field. Re-run the Data Audit node. What has changed?

Task 3

1. Attach a Type node to the data Source node reading the file Goldscreenz_Usage.dat.

2. Fully instantiate the data. Are the levels of measurement correct for all the fields? Edit
this property if you think it is appropriate to do so for any of them.

3. Attach a Data Audit node to this Type node and run it. Are there any fields with invalid
values? Are there any outliers or extremes in the data?

4. Return to the type node and define ‘-1’ as a missing value for the fields
Premium_Content_Hours and Standard_Content_Hours.

5. Re-run the Data Audit node. How many cases contain missing values for these two
fields?

6. Within the Quality tab of the Audit node, use the Generate menu to identify any cases
that contain the missing data in any of the fields. How many cases does the procedure
select?

7. Close the stream without saving it.
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Section 3 — Practice Hints

This third practice section focusses on Data Understanding. You can try out techniques to help
gain an understanding of the quality of the data you will be working with.

Task 1

1. Open the stream Section 3 Practice.str

2. From the Field Ops tab, select and join a Filter node to the data Source node reading
the file Goldscreenz_Customers.xIsx.

3. Use the Filter node to: both of these tasks are pretty easy

a. Rename the field ‘Customer_id’ to ‘Cust_ID’

b. Remove the field ‘Email’

4. From the Field Ops tab, select and join a Type node to the previous Filter node.

5. Use the Type node to fully instantiate the data. Does the full instantiation reveal any
issues with any of the fields? Look at the field ‘Gender’.

6. From the Output tab, attach a Data Audit node to the previous Type node and run it.
Do any of the fields contain invalid records? No, they are all valid.

Task 2

1. Attach a Type node to the data Source node reading the file Goldscreen_Products.csv.

2. Fully instantiate the data. Do any of the fields appear to have unusual or erroneous
values? The field ‘Revenue’ has minus numbers and the field ‘International’ seems to
have inconsistencies.

3. Attach a Data Audit node to the previous Type node and run it. Do any of the fields
contain invalid values? Look at the field ‘Revenue’.
Contd...
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4. Return to the Type node for this data file and change the Check column setting for the
Revenue field to ‘Coerce’. Re-run the Data Audit node for this branch of the stream.
Has anything changed? Inspect the Quality tab within the Audit node. Are any of the
data missing? It all suddenly looks complete. All the invalid values have been coerced
to valid. Basically, any null values have been replaced with the mid-point value of the
field ‘Revenue’. Furthermore, Modeler assumes any negative values are also legitimate
unless told otherwise.

5. Return again to the Type node for this data file and ‘switch on” missing values for the
Revenue field. This requires you to click in the adjacent cell under the ‘Missing’ column
and select ‘On’. Remember that, by default, Modeler will now treat Nulls and empty
strings as missing. Re-run the Data Audit node. What has changed? The null values are
no longer coerced. Also, they are being counted as ‘missing’.

Task 3

1. Attach a Type node to the data Source node reading the file Goldscreenz_Usage.dat.

2. Fully instantiate the data. Are the levels of measurement correct for all the fields? Edit
this property if you think it is appropriate to do so for any of them. Arrears Flag?

3. Attach a Data Audit node to this Type node and run it. Are there any fields with invalid
values? Yes. There are 88 cases containing empty strings in the field ‘Main_Genre’ and
there is a single record with a null value in the field ‘Premium_Content_Hours’. Are
there any outliers or extremes in the data? Yes. Several.

4. Return to the type node and define -1’ as a missing value for the fields
Premium_Content_Hours and Standard_Content_Hours.

5. Re-run the Data Audit node. How many cases contain missing values for these two
fields? 5 cases for Premium Content and 4 cases for Standard Content. Remember that
the field with 5 cases containing missing values includes a null which in this situation
has automatically been treated as missing as well.

6. Within the Quality tab of the Audit node, use the Generate menu to identify any cases
that contain the missing data in any of the fields. How many cases does the procedure
select? It finds 89 records in total. This procedure selects any case that contains: a null
value, a user missing value (such as -1) or a white space (empty string).

7. (Close the stream without saving it
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Section 4 — Practice Session

The fourth practice section focusses on restructuring the data. You can try out the Distinct,
Aggregate and Set to Flag nodes as well as the Web plot node.

Task 1

1. Open the stream Section 4 Practice.str

2. From the Record Ops palette, attach a Distinct node to the data source node reading
the file Goldscreenz_Customers.xlsx.

3. Use the correct setting in the Distinct Node to identify the records that contain
duplicate Customer IDs.

4. Edit the Distinct node procedure so that you can create a composite record for each
group. Using this mode, create a composite record that includes:

Q

. The earliest registration date
b. The most recent transaction date

c. The maximum value for Tenure

o

Last record for Cancelled

5. Attach a Table node to the completed Distinct node and run it. Check to ensure that
the number of records in the file has reduced by the correct amount.

6. Use the Distinct node to check if there are any duplicate customer IDs in the file
Goldscreen_Products.csv. Are there?

Task 2

1. From the Record Ops palette, attach an Aggregate node to the data source node
reading the file Goldscreenz_Usage.dat.
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2. Use the Aggregate node to create a summary data file that for each customer ID
records the following information:

a. The most recent billing date

b. The maximum value for the arrears flag

c. The total number of and average value of service failures

d. The total number of and average value of premium content hours
e. The total number of and average value of standard content hours

f. Create a field that records the number of records that were used to create
each summary row — call this field ‘Billed_Months’

3. Add a Table node to the completed Aggregate node and run it. How many records and
fields are shown in the summarised file?

Task 3

1. From the Field Ops palette, attach a Set to Flag node to the data source node reading
the file Goldscreenz_Usage.dat.

2. Use the Set to Flag node to create a series of flag fields for each category of the
Main_Genre. Remember that there should only be one record for each customer ID.

3. From the Graphs palette attach a Web Plot node to the Set to Flag node. Edit the Web
plot node so that:

a. It plots all of the genre flag nodes except the flag field with no genre specified.
b. Ensure that only the ‘True’ values are plotted
c. Click the ‘Appearance’ tab and switch off the legend display

d. Experiment with the resultant plot so that you only see the strongest
associations between movie genres

4. When you have finished, close the stream without saving it.
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Section 4 — Practice Hints

The fourth practice section focusses on restructuring the data. You can try out the Distinct,
Aggregate and Set to Flag nodes as well as the Web plot node.

Task 1

1. Open the stream Section 4 Practice.str

2. From the Record Ops palette, attach a Distinct node to the data source node reading
the file Goldscreenz_Customers.xIsx.

3. Use the correct setting in the Distinct Node to identify the records that contain
duplicate Customer IDs. You need only specify ‘Customer _id’ in the ‘Key fields for
grouping’ box. You don’t even have to change the mode to ‘Include only the first record
in each group’.

4. Edit the Distinct node procedure so that you can create a composite record for each
group. Using this mode, create a composite record that includes: Click on the
Composite tab, choose each variable in turn and just choose the correct summary from
the drop-down next the field name. You can ignore the variable Gender.

a. The earliest registration date
b. The most recent transaction date
¢. The maximum value for Tenure
d. Last record for Cancelled
5. Attach a Table node to the completed Distinct node and run it. Check to ensure that
the number of records in the file has reduced by the correct amount. Look at the title

bar.

6. Use the Distinct node to check if there are any duplicate customer IDs in the file
Goldscreen_Products.csv. Are there? No there aren't.
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Task 2

1. From the Record Ops palette, attach an Aggregate node to the data source node
reading the file Goldscreenz_Usage.dat.

2. Use the Aggregate node to create a summary data file that for each customer ID
records the following information: The key field is CUST _ID.

a. The most recent billing date — choose max

b. The maximum value for the arrears flag -choose max

¢. The total number of and average value of service failures —sum and mean

d. The total number of and average value of premium content hours -sum and
mean

e. The total number of and average value of standard content hours sum and
mean

f. Create a field that records the number of records that were used to create each
summary row — call this field ‘Billed_Months’—rename ‘Record_Count’ to

‘Billed_Months’.

3. Add a Table node to the completed Aggregate node and run it. How many records and
fields are shown in the summarised file? 1,724 records and 10 fields

Task 3

1. From the Field Ops palette, attach a Set to Flag node to the data source node reading
the file Goldscreenz_Usage.dat.

2. Use the Set to Flag node to create a series of flag fields for each category of the

Main_Genre. Remember that there should only be one record for each customer ID. So
specify CUST_ID as the Aggregate Key.

3. From the Graphs palette attach a Web Plot node to the Set to Flag node. Edit the Web
plot node so that:

a. It plots all of the genre flag nodes except the flag field with no genre specified.
b.
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c. Ensure that only the ‘True’ values are plotted - Check the box marked Show
true flags only’

d. Click the ‘Appearance’ tab and switch off the legend display — uncheck the
‘Show legend box’

e. Experiment with the resultant plot so that you only see the strongest
associations between movie genres — click the >> button, click the Control tab,

click the radio button ‘Size shows strong/normal/weak’.

4. When you have finished, close the stream without saving it.
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Section 5 — Practice Session

Practice Section 5 looks at combining data sources. You can try out the Append, Merge and
Field Reorder nodes in this practice session.

Task 1

1. Open the stream Section 5 Practice.str
2. From the Record Ops palette select an Append node and connect it to the two Distinct

nodes connected to the Data Source nodes reading the files 2015 Customers.xlsx and
Post 2015 Customers.xlsx respectively.

3. Edit the Append node and make any changes necessary to the stream so that:

a. Thetwo files are correctly appended to one another.
b. Switch off the “Tag records by.... function.

c. Attach a Table node to the completed Append node. How many records and
fields are there in the consolidated file?

Task 2

1. From the Record Ops palette select a Merge node and connect it between the Data
Source node reading the file Goldscreen_Products.csv and the completed Append
node.

2. Edit the Merge node. You should aim to complete the merge the data so that all
records are matched to the customer data (in the consolidated file from the Append

node). After the merge is complete, there should be no records that are unmatched to
the customer data.

3. Attach a Table node and check to see if the number of merged records looks correct.
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Task 3

1. Use a Merge node to correctly merge the records from the Aggregate node and the
Set to Flag node from the file Goldscreenz_Usage.dat.

2. Attach a Table node and check to ensure this has worked.

Task 4

1. Now join the two Merge nodes to each other.
2. Ifthereis a problem, take whichever necessary steps you feel are appropriate to

resolve this and place a table node after all the data files have been merged to check
that it has worked.

Task 5

1. From the Field Ops palette place attach a Field Reorder node to the last merge step
and ensure that the following fields occur at the start of the file:
Cust_ID
Registration_Date
Last_Transaction_Date

2. Ensure that the last field is Cancelled.

3. Place afinal Table node at the end of the stream data and view the merged data.
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Section 5 — Practice Hints

Practice Section 5 looks at combining data sources. You can try out the Append, Merge and
Field Reorder nodes in this practice session.

Task 1

1. Open the stream Section 5 Practice.str

2. From the Record Ops palette select an Append node and connect it to the two Distinct
nodes connected to the Data Source nodes reading the files 2015 Customers.xIsx and
Post 2015 Customers.xlsx respectively.

3. Edit the Append node and make any changes necessary to the stream so that: You will
need to ensure that the files have fields with the same name. The simplest way to
resolve this is to go to the Filter tab in the source node for the file Post 2015
Customers.xlsx and rename ‘Tenure_Mnths’ to ‘Tenure_months’.

a. The two files are correctly appended to one another.
b. Switch off the ‘Tag records by....” function.

c. Attach a Table node to the completed Append node. How many records and
fields are there in the consolidated file?

Task 2

1. From the Record Ops palette select a Merge node and connect it between the Data
Source node reading the file Goldscreen_Products.csv and the completed Append
node.

2. Edit the Merge node. You should aim to complete the merge the data so that all
records are matched to the customer data (in the consolidated file from the Append

node). After the merge is complete, there should be no records that are unmatched to
the customer data. An inner join will work.

3. Attach a Table node and check to see if the number of merged records looks correct.
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Task 3

1. Use a Merge node to correctly merge the records from the Aggregate node and the Set
to Flag node from the file Goldscreenz_Usage.dat. An inner join will work here.

2. Attach a Table node and check to ensure this has worked.

Task 4

1. Now join the two Merge nodes to each other.

2. Ifthere is a problem, take whichever necessary steps you feel are appropriate to
resolve this and place a table node after all the data files have been merged to check
that it has worked. — You can make this work by adding a filter node after the most
recent Merge node and changing the field name ‘CUST _ID’ to ‘Cust_ID’

Task 5

1. From the Field Ops palette place attach a Field Reorder node to the last merge step
and ensure that the following fields occur at the start of the file: Just experiment with
the arrangement of the fields in the node.

Cust_ID
Registration_Date
Last_Transaction_Date

2. Ensure that the last field is Cancelled.

3. Place a final Table node at the end of the stream data and view the merged data.
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Section 6 — Practice Session

Practice Section 6 looks at creating and changing fields. In this session you will use the
Reclassify, Filler and Derive nodes.

Task 1

1. Open the stream Section 6 Practice.str

2. Investigate the field ‘Gender’ in the file.

3. From the Field Ops palette, use the Reclassify node to overwrite the existing ‘Gender’
variable ensuring that it's values are consistently represented. Make sure the field only
has two categories: ‘Male’ or ‘Female’.

4. Check that it has worked using a Distribution node from the Graphs palette.

Task 2

1. Use a Filler node to overwrite the field ‘Revenue’. Make sure that any negative values
are changed to zero.

2. Attach another Data Audit node to check that it has worked.

Task 3

1. Use a Derive node to create a field called ‘Failure_Rate’. The field should be
calculated by dividing ‘Service_Failures_Sum’ by ‘Tenure_Months'.

2. Examine the results by creating a Histogram of the newly created field.

Task 4

1. Use a Derive node to create a Flag field called ‘High_Failure’, where those cases
with a failure rate of 4 or higher are marked as ‘T".

2. What percentage of customers experienced a high failure rate according to this
field?
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Task 5

1. Use a Derive node to create a field called ‘Refund’. Ensure that if a customer has
experienced a high failure rate, then the refund value should be equal to 15% of
their Revenue amount. Otherwise the field Refund equals zero.

2. What is the maximum refund amount?

Task 6

1. Use a Derive node to create a field that groups the values of the variable
‘Standard_Content_Hours_Mean’ according to the following criteria:

The new variable should be called ‘Standard_Content_Band’
Values up to and including 6 hours are coded as “1. Low”

Values above 6 hours but less than 12 are coded as “2. Standard”
Values of 12 and over are coded as “3. High”

The variable type should be set to ‘Ordinal’

o0 oo

2. What percentage of cases are coded as “2. Standard”?

Task 7

1. Attach a Table to the end of the stream and run it.

2. Try to encapsulate as many of the newly added nodes in a single supernode
leaving out the Data Source node and the final Table node.

3. Edit the supernode annotation tab so that is labelled “Calculations”.

4, Right-click on the supernode and save it as an object in the Practice folder with the
file name Calculations.slb.
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Section 6 — Practice Hints

Practice Section 6 looks at creating and changing fields. In this session you will use the
Reclassify, Filler and Derive nodes.

Task 1

1. Open the stream Section 6 Practice.str

2. Investigate the field ‘Gender’ in the file. Run the Data Audit node and look at the field.

3. From the Field Ops palette, use the Reclassify node to overwrite the existing ‘Gender’
variable ensuring that it’s values are consistently represented. Click the radio button
‘Existing field’. Make sure the field only has two categories: ‘Male’ or ‘Female”.

4. Check that it has worked using a Distribution node from the Graphs palette.

Task 2

1. Use a Filler node to overwrite the field ‘Revenue’. Make sure that any negative values
are changed to zero. The condition @FIELD < 0 will work.

2. Attach another Data Audit node to check that it has worked.

Task 3

1 Use a Derive node to create a field called ‘Failure_Rate’. The field should be
calculated by dividing ‘Service_Failures_Sum’ by ‘Tenure_Months’. Use the default
‘Formula derive’ mode.
2. Examine the results by creating a Histogram of the newly created field.
Task 4
1 Use a Derive node to create a Flag field called ‘High_Failure’, where those cases

with a failure rate of 4 or higher are marked as ‘T". Choose ‘Flag’ from the ‘Derive
as’ drop-down button.
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2. What percentage of customers experienced a high failure rate according to this
field? 8.94%
Task 5
1 Use a Derive node to create a field called ‘Refund’. Ensure that if a customer has

experienced a high failure rate, then the refund value should be equal to 15% of
their Revenue amount. Otherwise the field Refund equals zero. Choose
‘Conditional’ from the ‘Derive as’ drop-down button. IF High_Failure = 'T". THEN
Revenue * 0.15. ELSE O.

2. What is the maximum refund amount? 83.85

Task 6

1. Use a Derive node to create a field that groups the values of the variable
‘Standard_Content_Hours Mean’ according to the following criteria: Choose
‘Nominal’ from the ‘Derive as’ drop-down button

The new variable should be called ‘Standard_Content_Band’
Values up to and including 6 hours are coded as “1. Low”

Values above 6 hours but less than 12 are coded as “2. Standard”
Values of 12 and over are coded as “3. High”

The variable type should be set to ‘Ordinal’

® Qo oo

2. What percentage of cases are coded as “2. Standard”? 51.39%

Task 7

1 Attach a Table to the end of the stream and run it.

2. Try to encapsulate as many of the newly added nodes in a single supernode leaving
out the Data Source node and the final Table node. Just draw a box around the
nodes, right-click and choose ‘Create SuperNode’.

3. Edit the supernode annotation tab so that is labelled “Calculations”.

4, Right-click on the supernode and save it as an object in the Practice folder with the
file name Calculations.slb.
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Section 7/ — Practice Session

Practice Section 7 examines the various nodes that enable users to explore relationships
between fields in Modeler.

Task 1

1. Open the stream Section 7 Practice.str

2. From the Output palette, choose a Matrix node to investigate the relationship
between the field ‘Cancelled’ and the field ‘Standard_Content_Band’.

3. Use the Appearance tab within the Matrix node to add percentages to the output so
that you can tell what percentage of people in ‘1. Low’ group of the field
‘Standard_Content_Band’ have Cancelled their contracts.

4. Looking at the Matrix Output’s Chi-Square test, would this relationship be regarded as
‘Statistically significant’?

Task 2

1. From the Graphs palette, choose a Distribution node and create a bar chart of the
variable ‘Box_Office’. Colour the bars by the variable ‘High_Failure’. Can you tell from
the chart if those customers with the Box Office option have experienced higher
failure rates than those without?

2. Re-run the Distribution node but this time request the option ‘Normalize by color’. Are
the groups easier to compare?

Task 3

1. From the Graphs palette, choose a Histogram node and create a chart showing the
distribution of the variable ‘Revenue’.

2. Re-run the histogram but increase the number of bins to 50.

3. Re-run the histogram but colour the bins by the variable ‘Cancelled’.
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4. Find a way to ‘normalise’ the histogram. Which customers are more likely to cancel
their contracts?

Task 4

1. From the Output palette, attach a Means node to the source node. Using the Means
procedure, find out if those customers whose main genre is Documentaries have a
higher average tenure.

2. Now find out if those customers in the International group have higher average
tenures than those that don’t.

Task 5

1. From the Graphs palette, choose the Plot node and chart the relationship between
the variables ‘Standard_Content_Hours_Sum’ and ‘Billed-Months’.

2. From the Output palette, choose the Statistics node and find a way to examine the
correlation between these two fields. Remember to click the button ‘Correlation
Settings’ and choose the option ‘Define correlation strength by absolute value’. What
is the absolute correlation value?

Task 6

1. From the Graphs palette, choose the Graphboard node and create a heat map using
the fields ‘Standard_Content_Band’, ‘Cancelled’ and ‘Tenure_Months’. Which group
has the highest average tenure?
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Section /7 — Practice Hints

Practice Section 7 examines the various nodes that enable users to explore relationships
between fields in Modeler.

Task 1

1. Open the stream Section 7 Practice.str

2. From the Output palette, choose a Matrix node to investigate the relationship between
the field ‘Cancelled’ and the field ‘Standard_Content_Band'.

3. Use the Appearance tab within the Matrix node to add percentages to the output so
that you can tell what percentage of people in ‘1. Low’ group of the field
‘Standard_Content_Band’ have Cancelled their contracts.

4. Looking at the Matrix Output’s Chi-Square test, would this relationship be regarded as
‘Statistically significant’? Yes, the probability is less than 0.05.

Task 2

1. From the Graphs palette, choose a Distribution node and create a bar chart of the
variable ‘Box_Office’. Colour the bars by the variable ‘High_Failure’. Can you tell from
the chart if those customers with the Box Office option have experienced higher failure
rates than those without? It’s hard to tell unless the chart is normalised.

2. Re-run the Distribution node but this time request the option ‘Normalize by color’. Are

the groups easier to compare? Those with the Box Office option are more likely to fall
into the ‘High failure’ group.

Task 3

1. From the Graphs palette, choose a Histogram node and create a chart showing the
distribution of the variable ‘Revenue’.

2. Re-run the histogram but increase the number of bins to 50. Click on the Options tab.

3. Re-run the histogram but colour the bins by the variable ‘Cancelled’.
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4. Find a way to ‘normalise’ the histogram. Which customers are more likely to cancel

their contracts? Click the Options tab and check the box marked ‘Normalise by color’.

Task 4

1. From the Output palette, attach a Means node to the source node. Using the Means

procedure, find out if those customers whose main genre is Documentaries have a
higher average tenure. Make ‘Main_Genre_Documentary’ the grouping field.

2. Now find out if those customers in the International group have higher average

tenures than those that don’t. Make ‘International’ the grouping field.

Task 5

1. From the Graphs palette, choose the Plot node and chart the relationship between the

variables ‘Standard_Content_Hours_Sum’ and ‘Billed-Months’.

From the Output palette, choose the Statistics node and find a way to examine the
correlation between these two fields. Remember to click the button ‘Correlation
Settings’ and choose the option ‘Define correlation strength by absolute value’. What is
the absolute correlation value? Put one field in the ‘Examine’ box and the other field in
the ‘Correlate’ box. Click ‘Correlation Settings’ and change the option to ‘Define
correlation strength by absolute value’

Task 6

1. From the Graphs palette, choose the Graphboard node and create a heat map using

the fields ‘Standard _Content_Band’, ‘Cancelled’ and ‘Tenure_Months’. Simply use
control click to choose each of the fields and then choose the Heatmap from the chart
suggestions. Which group has the highest average tenure? Those in the ‘Standard’
group of the ‘Standard_Content_Band'’ variable who have also cancelled their
contracts.
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Section 8 — Practice Session

In this practice section you will have the chance to build a predictive model using the
interactive function within the CHAID node.

Task 1

1. Open the stream Section 8 Practice.str

2. Double click the source node and change the role for the field ‘Cancelled’ to ‘Target'.

3. Runthe Data Audit node and inspect the output first.

Task 2

1. From the Modelling palette (Classification section), find the CHAID node and attach it
to the source node.

2. Edit the CHAID node. Within the ‘Build Options’ tab, choose the section marked
‘Objective’ (on the left-hand side) and click the radio button ‘Launch interactive

session’.

3. Onthe left-hand side of the dialog click the section marked ‘Advanced’. To generate a
new random seed, click the button marked ‘Generate’.

4. Click the Run button to start the interactive model-building session.

Task 3

1. Within the Interactive Tree viewer, on the toolbar, click the buttons to switch between
the Tree Growing set and the Overfit Prevention set (these buttons have blue and
magenta stripes respectively). Note the different sample sizes in both sets of data.

2. Switch to the Tree Growing set and grow the tree one level (hover your mouse over
the buttons along the bottom of the viewer to find the appropriate one).

3. Make a note of the first variable that the decision tree has chosen. Now prune the tree
back to the original root node by clicking the ‘Remove Branch’ button.
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4. Now click the button on the bottom of the view that enables you to ‘Grow Branch
with Custom split’. In the ‘Define Split’ dialog, click the ‘Predictors’ button.

5. Choose the second best different predictor field.

6. Back in the ‘Define Split’ dialog, click the radio button marked ‘Custom’. Can you
create your own custom split? Try selecting more than one row in the split table and
clicking the ‘Group value(s)’ button. Click ‘Grow’.

7. Experiment with growing a single branch of the tree. Switch back and forth between
the Tree Growing set and the Overfit Prevention set to see if the percentages in the
nodes are similar in both trees.

8. Now grow the entire tree and click the Tree Map button to navigate around the fully-
grown tree.

9. Close and delete the Interactive tree (check the Outputs tab on the right-hand side to
make sure it isn’t still open’).

Task 4

1. Return to the CHAID node and change the Objective mode to ‘Generate model’ (i.e.
switch off interactive mode). Click ‘Run’ to build a model nugget.

2. Double-click the model nugget and inspect its contents.
3. Within the ‘Settings’ tab, check the box marked, ‘Calculate raw propensity scores’.

4. Click the ‘Preview’ button and look at the last fields in the Preview table to see the
variables that the Model generates. Make sure you are clear as to the difference
between the Confidence values and the Raw Propensity values.

5. Click ‘OK’ to close the outputs and close the stream without saving.
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Section 8 — Practice Hints

In this practice section you will have the chance to build a predictive model using the
interactive function within the CHAID node.

Task 1

1. Open the stream Section 8 Practice.str

2. Double click the source node and change the role for the field ‘Cancelled’ to ‘Target’.

3. Run the Data Audit node and inspect the output first.

Task 2

1. From the Modelling palette (Classification section), find the CHAID node and attach it
to the source node.

2. Edit the CHAID node. Within the ‘Build Options’ tab, choose the section marked
‘Objective’ (on the left-hand side) and click the radio button ‘Launch interactive
session’.

3. Onthe left-hand side of the dialog click the section marked ‘Advanced’. To generate a
new random seed, click the button marked ‘Generate’. This should generate a new

random number so everyone gets a slightly different model.

4. Click the Run button to start the interactive model-building session. Just run the node.

Task 3

1. Within the Interactive Tree viewer, on the toolbar, click the buttons to switch between
the Tree Growing set and the Overfit Prevention set (these buttons have blue and
magenta stripes respectively). Note the different sample sizes in both sets of data.

2. Switch to the Tree Growing set and grow the tree one level (hover your mouse over the

buttons along the bottom of the viewer to find the appropriate one). Pop-up labels
appear telling you what each button does.
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Make a note of the first variable that the decision tree has chosen. Now prune the tree
back to the original root node by clicking the ‘Remove Branch’ button. Again, just look
at the buttons on the bottom and find the right one.

Now click the button on the bottom of the view that enables you to ‘Grow Branch with
Custom split’. In the ‘Define Split’ dialog, click the ‘Predictors’ button. You should see a
table with all the fields showing the best predictors in descending order.

Choose the second best different predictor field.

Back in the ‘Define Split’ dialog, click the radio button marked ‘Custom’. Can you create
your own custom split? Try selecting more than one row in the split table and clicking
the ‘Group value(s)’ button. Click ‘Grow’. These buttons are on the right-hand side of
the dialog.

Experiment with growing a single branch of the tree. Switch back and forth between
the Tree Growing set and the Overfit Prevention set to see if the percentages in the
nodes are similar in both trees. Just choose a few nodes and see if the differences are
big or small.

Now grow the entire tree and click the Tree Map button to navigate around the fully-
grown tree. Look on the toolbar to find the Tree Map button.

Close and delete the Interactive tree (check the Outputs tab on the right-hand side to
make sure it isn’t still open’). Click the red ‘X’ in the right-hand corner and then click
‘Continue’.

Task 4

Return to the CHAID node and change the Objective mode to ‘Generate model’ (i.e.
switch off interactive mode). Click ‘Run’ to build a model nugget.

Double-click the model nugget and inspect its contents.

Within the ‘Settings’ tab, check the box marked, ‘Calculate raw propensity scores’.

Click the ‘Preview’ button and look at the last fields in the Preview table to see the
variables that the Model generates. Make sure you are clear as to the difference
between the Confidence values and the Raw Propensity values. Look at page 8.220.

Click ‘OK’ to close the outputs and close the stream without saving.
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Section 9 — Practice Session

In this practice section you will have the chance to build more predictive models and explore
methods for evaluating their performance.

Task 1

1. Open the stream Section 9 Practice.str

2. From the Modelling palette, choose either a CHAID, C5.0 or a C&R Tree node and build
a model with it.

3. From the Output palette, choose an Analysis node and attach it to the model nugget.

Run the Analysis node and note how accurate the model is overall. Does this provide
enough detail to assess the model performance?

4. Edit the Analysis node and check the box marked ‘Coincidence matrices (for symbolic
targets)’. Re-run the analysis node. What does the additional detail show?

Task 2

1. Delete the model nugget from the previous task.

2. From the Field Ops palette, insert a Partition node between the data source node and
the model-building node.

3. Edit the partition node and change the Training partition size value to ‘70’ and the
Testing partition size value to ‘30'. Click the button marked ‘Generate’ to create a new
random seed.

4. Run the model-building node again. Connect the resultant model nugget to the
Analysis node and re-run the stream. What has changed in the Analysis node output?
Does the model perform as well on the Testing partition as the Training partition?

Task 3

1. From the Graphs palette, select and Evaluation node and connect it to the model
nugget. Run this branch of the stream and inspect the output. Note that the
output creates two charts for the Training and Testing groups respectively. Which
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outcome category in the target field does the chart refer to? How much better
than random is the model at finding cases that fall into this category?

2. Close the output and edit the Evaluation node. Check the box marked ‘Include
best line’. Re-run the Evaluation node. What has been changed?

Task 4

1. Delete both the model building node and the model nugget from the previous task.

2. From the Modelling palette, find the Auto Classifier node (use the selection tab on the
left-hand side to show all models) and attach it to the Partition node. Run the Auto
Classifier node.

3. Inspect the resultant model nugget. Which algorithms has the Auto Classifier chosen?
Use the appropriate button in the viewer to switch between the Testing and Training
view of the results. Do any of the models change positions in the table?

4. Connect the model nugget to the Analysis and Evaluation nodes. Re-run these nodes

and compare the model performance to earlier. Has it improved? Which model(s) in
the Auto Classifier nugget is generating the predictions?
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Section 9 — Practice Hints

In this practice section you will have the chance to build more predictive models and explore
methods for evaluating their performance.

Task 1

1. Open the stream Section 9 Practice.str

2. From the Modelling palette, choose either a CHAID, C5.0 or a C&R Tree node and build
a model with it. They are all Decision Trees and should perform similarly.

3. From the Output palette, choose an Analysis node and attach it to the model nugget.
Run the Analysis node and note how accurate the model is overall. Does this provide
enough detail to assess the model performance? Not usually. It only provides
information on the overall model performance not the false positive or false negatives.

4. Edit the Analysis node and check the box marked ‘Coincidence matrices (for symbolic
targets)’. Re-run the analysis node. What does the additional detail show? It shows a
crosstab that enables us to see how well the model classifies the individual categories
in the target field.

Task 2

1. Delete the model nugget from the previous task.

2. From the Field Ops palette, insert a Partition node between the data source node and
the model-building node.

3. Edit the partition node and change the Training partition size value to ‘70’ and the
Testing partition size value to ‘30’. Click the button marked ‘Generate’ to create a new
random seed.

4. Run the model-building node again. Connect the resultant model nugget to the
Analysis node and re-run the stream. What has changed in the Analysis node output?
It now shows two sets of tables for the Training and Testing partitions. Does the model
perform as well on the Testing partition as the Training partition? Look at the
performance values.
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Task 3

1. From the Graphs palette, select and Evaluation node and connect it to the model
nugget. Run this branch of the stream and inspect the output. Note that the output
creates two charts for the Training and Testing groups respectively. Which outcome
category in the target field does the chart refer to? Those who cancelled their
contracts. How much better than random is the model at finding cases that fall into
this category? Should be significantly better.

2. Close the output and edit the Evaluation node. Check the box marked ‘Include best
line’. Re-run the Evaluation node. What has been changed? An additional line has been
added showing what a ‘perfect’ model would look like.

Task 4

1. Delete both the model building node and the model nugget from the previous task.

2. From the Modelling palette, find the Auto Classifier node (use the selection tab on the
left-hand side to show all models) and attach it to the Partition node. Run the Auto
Classifier node.

3. Inspect the resultant model nugget. Which algorithms has the Auto Classifier chosen?
Just look at their names under the column header ‘Model’ Use the appropriate button
in the viewer to switch between the Testing and Training view of the results. Click the
button marked ‘Testing set’. Do any of the models change positions in the table? They
might do if they performed differently on the Training set than the Testing set.

4. Connect the model nugget to the Analysis and Evaluation nodes. Re-run these nodes
and compare the model performance to earlier. Has it improved? Probably has
improved. Which model(s) in the Auto Classifier nugget is generating the predictions?
All of them.
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Section 10 — Practice Session

In this practice section you will explore the procedures for scoring data with a predictive

model.

Task 1

10.

Open the stream Section 10 Practice.str.

The stream contains a Logistic Regression model connected to an Evaluation node.
Run the Evaluation node and inspect the output.

Within the output, under the View menu, switch on the Interactive mode. From the
chart toolbar activate the Band Selection Tool. Use the tool to select the best 50% of
cases that the Logistic model finds in the Gains chart for the Training sample —try to
select as close to the 50" percentile as possible.

Now right-click in the appropriate area of the chart and generate a Select node for this
group.

Copy both the generated Select node and the Model nugget and paste them next to
the scoring data source that reads the file Goldscreenz_Scoring.tab. Connect the
model nugget and the Select node to the scoring data source node.

Connect a Filter node downstream of the Select node. Use the Filter node to remove
all the fields except for the Customer ID field and the field containing the model
Propensity score (SLRP-Cancelled’).

Use the Filter node to rename SLRP-Cancelled to Churn-Likelihood.

From the Record Ops palette, add a Sort node to the previous Filter node. Sort the
records in descending order by the values of Churn-Likelihood.

Add a Table node to check the results.

Finally, from the Export palette, add a Flat file node and export the data as a comma
separated file called ‘Retention_Campaign_Scores.csv'.
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Section 10 — Practice Hints

In this practice section you will explore the procedures for scoring data with a predictive model.

Task 1

Open the stream Section 10 Practice.str.

=

2. The stream contains a Logistic Regression model connected to an Evaluation node. Run
the Evaluation node and inspect the output.

3. Within the output, under the View menu, switch on the Interactive mode. Click View >
Interactions. From the chart toolbar activate the Band Selection Tool. It looks like a red
vertical line. Use the tool to select the best 50% of cases that the Logistic model finds in
the Gains chart for the Training sample — try to select as close to the 50" percentile as
possible. Just hover the tool over the model line in the Training half of the chart — keep
moving it until the percentile value reaches 50 and then click.

4. Now right-click in the appropriate area of the chart and generate a Select node for this
group. Right-click on the left-hand side of the band selection and choose ‘Generate
Select node for band’ from the pop-up menu.

5. Copy both the generated Select node and the Model nugget and paste them next to
the scoring data source that reads the file Goldscreenz_Scoring.tab. Connect the
model nugget and the Select node to the scoring data source node.

6. Connect a Filter node downstream of the Select node. Use the Filter node to remove all
the fields except for the Customer ID field and the field containing the model Propensity
score (SLRP-Cancelled’).

7. Use the Filter node to rename SLRP-Cancelled to Churn-Likelihood.

8. From the Record Ops palette, add a Sort node to the previous Filter node. Sort the
records in descending order by the values of Churn-Likelihood.

9. Add a Table node to check the results. Run the Table node, do the results look right?

10. Finally, from the Export palette, add a Flat file node and export the data as a comma
separated file called ‘Retention_Campaign_Scores.csv'.
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