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Preface

SPSS 15.0 is a comprehensive system for analyzing data. The SPSS Data Preparation
optional add-on module provides the additional analytic techniques described in this
manual. The Data Preparation add-on module must be used with the SPSS 15.0 Base
system and is completely integrated into that system.

Installation

To install the SPSS Data Preparation add-on module, run the License Authorization
Wizard using the authorization code that you received from SPSS Inc. For

more information, see the installation instructions supplied with the SPSS Data
Preparation add-on module.

Compatibility

SPSS is designed to run on many computer systems. See the installation instructions
that came with your system for specific information on minimum and recommended
requirements.

Serial Numbers

Your serial number is your identification number with SPSS Inc. You will need this
serial number when you contact SPSS Inc. for information regarding support, payment,
or an upgraded system. The serial number was provided with your Base system.

Customer Service

If you have any questions concerning your shipment or account, contact your local
office, listed on the SPSS Web site at http.://www.spss.com/worldwide. Please have
your serial number ready for identification.



Training Seminars

SPSS Inc. provides both public and onsite training seminars. All seminars feature
hands-on workshops. Seminars will be offered in major cities on a regular basis. For
more information on these seminars, contact your local office, listed on the SPSS Web
site at http://www.spss.com/worldwide.

Technical Support

The services of SPSS Technical Support are available to maintenance customers.
Customers may contact Technical Support for assistance in using SPSS or for
installation help for one of the supported hardware environments. To reach Technical
Support, see the SPSS Web site at Attp.//www.spss.com, or contact your local office,
listed on the SPSS Web site at http.//www.spss.com/worldwide. Be prepared to identify
yourself, your organization, and the serial number of your system.

Additional Publications

Additional copies of SPSS product manuals may be purchased directly from SPSS Inc.
Visit the SPSS Web Store at http.//www.spss.com/estore, or contact your local SPSS
office, listed on the SPSS Web site at http://www.spss.com/worldwide. For telephone
orders in the United States and Canada, call SPSS Inc. at 800-543-2185. For telephone
orders outside of North America, contact your local office, listed on the SPSS Web site.
The SPSS Statistical Procedures Companion, by Marija Norusis, has been published
by Prentice Hall. A new version of this book, updated for SPSS 15.0, is planned.
The SPSS Advanced Statistical Procedures Companion, also based on SPSS 15.0, is
forthcoming. The SPSS Guide to Data Analysis for SPSS 15.0 is also in development.
Announcements of publications available exclusively through Prentice Hall will be
available on the SPSS Web site at http.//www.spss.com/estore (select your home
country, and then click Books).

Tell Us Your Thoughts

Your comments are important. Please let us know about your experiences with SPSS
products. We especially like to hear about new and interesting applications using the
SPSS Data Preparation add-on module. Please send e-mail to suggest@spss.com or
write to SPSS Inc., Attn.: Director of Product Planning, 233 South Wacker Drive, 11th
Floor, Chicago, IL 60606-6412.



About This Manual

This manual documents the graphical user interface for the procedures included in
the SPSS Data Preparation add-on module. Illustrations of dialog boxes are taken
from SPSS for Windows. Dialog boxes in other operating systems are similar.
Detailed information about the command syntax for features in the SPSS Data
Preparation add-on module is available in two forms: integrated into the overall Help
system and as a separate document in PDF form in the SPSS 15.0 Command Syntax
Reference, available from the Help menu.

Contacting SPSS

If you would like to be on our mailing list, contact one of our offices, listed on our Web
site at http://www.spss.com/worldwide.
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Chapter

Introduction to SPSS Data
Preparation

As computing systems increase in power, appetites for information grow
proportionately, leading to more and more data collection—more cases, more variables,
and more data entry errors. These errors are the bane of the predictive model forecasts
that are the ultimate goal of data warehousing, so you need to keep the data “clean.”
However, the amount of data warehoused has grown so far beyond the ability to verify
the cases manually that it is vital to implement automated processes for validating data.

The SPSS Data Preparation add-on module allows you to identify unusual cases and

invalid cases, variables, and data values in your active dataset.

Usage of Data Preparation Procedures

Your usage of Data Preparation procedures depends on your particular needs. A typical
route, after loading your data, is:

Metadata preparation. Review the variables in your data file and determine their
valid values, labels, and measurement levels. Identify combinations of variable
values that are impossible but commonly miscoded. Define validation rules based
on this information. This can be a time-consuming task, but it is well worth the
effort if you need to validate data files with similar attributes on a regular basis.

Data validation. Run basic checks and checks against defined validation rules to
identify invalid cases, variables, and data values. When invalid data are found,

investigate and correct the cause. This may require another step through metadata
preparation.

Model preparation. Identify potential statistical outliers that can cause problems for
many predictive models. Some outliers are the result of invalid variable values
that have not been identified. This may require another step through metadata
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preparation. If your chosen predictive model requires categorical variables,
discretize any scale variables.

Once your data file is “clean,” you are ready to build models from other SPSS modules.
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Validation Rules

A rule is used to determine whether a case is valid. There are two types of validation
rules:

m  Single-variable rules. Single-variable rules consist of a fixed set of checks
that apply to a single variable, such as checks for out-of-range values. For

single-variable rules, valid values can be expressed as a range of values or a list of
acceptable values.

m  Cross-variable rules. Cross-variable rules are user-defined rules that can be applied
to a single variable or a combination of variables. Cross-variable rules are defined
by a logical expression that flags invalid values.

Validation rules are saved to the data dictionary of your data file. This allows you
to specify a rule once and then reuse it.

Load Predefined Validation Rules

You can quickly obtain a set of ready-to-use validation rules by loading predefined
rules from an external data file that ships with SPSS.

To Load Predefined Validation Rules

» From the menus choose:

Data
Validation
Load Predefined Rules...
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Figure 2-1
Load Predefined Validation Rules
Load Predefined ¥alidation Rules

Walidation rules will be loaded from the SPSS installation directory.
File:  Predefined Walidation Rules SP35 14.0.zav

“Y'ou can apply the rules bo vour data uzing the Yalidate Data dialog or
uze them az a starting point to define your own rules,

Ay exizting single-vanable validation rules in the active dataset will be
replaced.

[ Ok ” Paste “ Cancel |

Note that this process deletes any existing single-variable rules in the active dataset.
Alternatively, you can use the Copy Data Properties Wizard to load rules from
any data file.

Define Validation Rules

>

The Define Validation Rules dialog box allows you to create and view single-variable
and cross-variable validation rules.

To Create and View Validation Rules

From the menus choose:

Data
Validation
Define Rules...

The dialog box is populated with single-variable and cross-variable validation rules
read from the SPSS data dictionary. When there are no rules, a new placeholder rule
that you can modify to suit your purposes is created automatically.

Select individual rules on the Single-Variable Rules and Cross-Variable Rules tabs to
view and modify their properties.
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Figure 2-2

Validation Rules

Define Validation Rules dialog box, Single-Variable Rules tab

Validate Data: Define Validation Rules
Single-Yariable Rules
Rules:

Mame Tvpe

0to 1 Dichatomy MNumeric
0 to 2 Categorical Murmneric
0 to 3 Categorical Murneric
1 ko 4 Categarical Murnetic
Monnegative inkeger Murmnetic
Monneqgative number Murmnetic

e ] [ Duplicate ] [ Delete ]

Rule Definition

Mame: | 0to 1 Dichatamy Type:
Yalid Yalues:
In alisk v
Values:

0
1

Allowe user-missing values

[ mllaw syskern-missing walues

[ Cantinus H Cancel

] [ Help ]

The Single-Variable Rules tab allows you to create, view, and modify single-variable

validation rules.

Rules. The list shows single-variable validation rules by name and the type of variable
to which the rule can be applied. When the dialog box is opened, it shows rules defined
in the data dictionary or, if no rules are currently defined, a placeholder rule called
“Single-Variable Rule 1.” The following buttons appear below the Rules list:

®  New. Adds a new entry to the bottom of the Rules list. The rule is selected and
assigned the name “SingleVarRule #,” where 7 is an integer so that the new rule’s
name is unique among single-variable and cross-variable rules.
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m  Duplicate. Adds a copy of the selected rule to the bottom of the Rules list. The

rule name is adjusted so that it is unique among single-variable and cross-variable
rules. For example, if you duplicate “SingleVarRule 1,” the name of the first
duplicate rule would be “Copy of SingleVarRule 1,” the second would be “Copy
(2) of SingleVarRule 1,” and so on.

m Delete. Deletes the selected rule.

Rule Definition. These controls allow you to view and set properties for a selected rule.

Name. The name of the rule must be unique among single-variable and
cross-variable rules.

Type. This is the type of variable to which the rule can be applied. Select from
Numeric, String, and Date.

Format. This allows you to select the SPSS date format for rules that can be applied
to date variables.

Valid Values. You can specify the valid values either as a range or a list of values.

Range definition controls allow you to specify a valid range. Values outside the range
are flagged as invalid.

Figure 2-3

Single-Variable Rules: Range Definition

Yalid values:

Within a range hdl

Miniraurn: | 0 Specify a minimnum valae, maximum
walue, or bath, IF neither is specified
all walues are considered to be within

Mazirnurn: range.

Allows unlabeled values within range

Since long string wariables do not hawe walue labels, vou should ahways
check this option for such wariables.

[ Allow noninkeger values within range

To specify a range, enter the minimum or maximum values, or both. The check box
controls allow you to flag unlabeled and non-integer values within the range.

List definition controls allow you to define a list of valid values. Values not included
in the list are flagged as invalid.
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Figure 2-4
Single-Variable Rules: List Definition
Yalid Walues:

In alist K

Walues:
0
1

Enter list values in the grid. The check box determines whether case matters when
string data values are checked against the list of acceptable values.

m  Allow user-missing values. Controls whether user-missing values are flagged as
invalid.

m  Allow system-missing values. Controls whether system-missing values are flagged
as invalid. This does not apply to string rule types.

m  Allow blank values. Controls whether blank (that is, completely empty) string
values are flagged as invalid. This does not apply to nonstring rule types.
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Define Cross-Variable Rules

Figure 2-5

Define Validation Rules dialog box, Cross-Variable Rules tab

Validate Data: Define Validation Rules
Cross-Yariable Rules |
Rules: Rule Definition
fame Mame: | DiedTwice
DiedTwice -

Logical Expression {should evaluate to 1 For an invalid case):

{doa=1] & {dhosp=1}

aEnnon B=EnnE0n

‘ariables: Functions and Special variables

& Taking anti-clottin. .. [ | Function:

& History of transien... Abs @
&5 Time ko hospital [ti. . Arsin
&)D 4 ival [ Arkan

ead on arrival [d. .. Cos
d:llnitial Rankin scar... Exp
&)CAT scan result [c... Lg1d M
&)Clot-dissolving dru... [< I Al | [i]
& Died in hospital [d. . Display: [l ||
{I Treatment result ... -
&) Post-event preve... Description:
&5 Post-event: rehail...
@&Length of stay Far...
@&Total treatment a... u
v
e ] [ Duplicate ] [ Delete ]
[ Cankinue l [ Cancel ] [ Help

The Cross-Variable Rules tab allows you to create, view, and modify cross-variable

validation rules.

Rules. The list shows cross-variable validation rules by name. When the dialog box is
opened, it shows a placeholder rule called “CrossVarRule 1.” The following buttons
appear below the Rules list:

®  New. Adds a new entry to the bottom of the Rules list. The rule is selected and

assigned the name “CrossVarRule »,” where 7 is an integer so that the new rule’s
name is unique among single-variable and cross-variable rules.
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m  Duplicate. Adds a copy of the selected rule to the bottom of the Rules list. The
rule name is adjusted so that it is unique among single-variable and cross-variable
rules. For example, if you duplicate “CrossVarRule 1,” the name of the first
duplicate rule would be “Copy of CrossVarRule 1,” the second would be “Copy
(2) of CrossVarRule 1,” and so on.

m Delete. Deletes the selected rule.

Rule Definition. These controls allow you to view and set properties for a selected rule.

®  Name. The name of the rule must be unique among single-variable and
cross-variable rules.

m Logical Expression. This is, in essence, the rule definition. You should code the
expression so that invalid cases evaluate to 1.

Building Expressions

» To build an expression, either paste components into the Expression field or type
directly in the Expression field.

B You can paste functions or commonly used system variables by selecting a group
from the Function group list and double-clicking the function or variable in the
Functions and Special Variables list (or select the function or variable and click
Insert). Fill in any parameters indicated by question marks (applies only to
functions). The function group labeled All provides a list of all available functions
and system variables. A brief description of the currently selected function or
variable is displayed in a reserved area in the dialog box.

B String constants must be enclosed in quotation marks or apostrophes.

m  [f values contain decimals, a period (.) must be used as the decimal indicator.
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Validate Data

The Validate Data dialog box allows you to identify suspicious and invalid cases,
variables, and data values in the active dataset.

Example. A data analyst must provide a monthly customer satisfaction report to her
client. The data she receives every month needs to be quality checked for incomplete
customer IDs, variable values that are out of range, and combinations of variable
values that are commonly entered in error. The Validate Data dialog box allows the
analyst to specify the variables that uniquely identify customers, define single-variable
rules for the valid variable ranges, and define cross-variable rules to catch impossible
combinations. The procedure returns a report of the problem cases and variables.
Moreover, the data has the same data elements each month, so the analyst is able to
apply the rules to the new data file next month.

Statistics. The procedure produces lists of variables, cases, and data values that fail
various checks, counts of violations of single-variable and cross-variable rules, and
simple descriptive summaries of analysis variables.

Weights. The procedure ignores the SPSS weight variable specification and instead
treats it as any other analysis variable.

To Validate Data

» From the menus choose:

Data
Validation
Validate Data...

10
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Figure 3-1
Validate Data dialog box, Variables tab

Validate Data

Watiables |Basic Checks | Single-Yariable Rules | Cross-Yariable Rules | Qutput || Save

Yariables: Analysis Wariables:

iIHospitaI size [hospsize]

fﬂge in years [age]

,{I.qge category [agecat]

&)Gender [gender]

&)Physically active [active]

b &)Ohesity [obesity]
&)History of diabetes [diabetes
&)Blood pressure [bp]

&b Atrial fibrilation [af]
%Smoker [smaket] [v]
<] Im | 2]

Case Identifier Warisbles:
“)ﬂHospitaI ID [hospid]

N & Patient ID [patid]
Pa.ﬂ.ttending phesician ID [physid]

*

[ [o]8 l [ Paste ] [ Reset ] [ Cancel ] [ Help ]

» Select one or more analysis variables for validation by basic variable checks or by
single-variable validation rules.

Alternatively, you can:

» Click the Cross-Variable Rules tab and apply one or more cross-variable rules.

Optionally, you can:

B Select one or more case identification variables to check for duplicate or
incomplete IDs. Case ID variables are also used to label casewise output. If two or
more case ID variables are specified, the combination of their values is treated as
a case identifier.
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Validate Data Basic Checks

Figure 3-2
Validate Data dialog box, Basic Checks tab

Yalidate Data

Watiables | Basic Checks | sSingle-Variable Rules | Cross-variable Rules | Output | Save

Analysis Yariables

Flag wariables that fail any of the following checks

Maximum percentage of missing values: 0 (Applies to all variables)
Maximum percentage of cases in a single category: | #2 (Applies to categorical variables only)
Maximum percentage of categories with count of 1: | 20 (Applies to categorical variables only)

Case Identifiers
Flag incomplete I0s

Flag duplicate IDs

Flag empty cases Defing Cases By: | Al variables in dataset except ID variables | %

A case iz considered empty if all relewant variables are missing or blank.

[ [o]8 l ’ Paste ] [ Reset ] ’ Cancel ] ’ Help

The Basic Checks tab allows you to select basic checks for analysis variables, case
identifiers, and whole cases.

Analysis Variables. If you selected any analysis variables on the Variables tab, you can
select any of the following checks of their validity. The check box allows you to
turn the checks on or off.

®  Maximum percentage of missing values. Reports analysis variables with a
percentage of missing values greater than the specified value. The specified value
must be a positive number less than or equal to 100.

®  Maximum percentage of cases in a single category. If any analysis variables are
categorical, this option reports categorical analysis variables with a percentage of
cases representing a single nonmissing category greater than the specified value.
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The specified value must be a positive number less than or equal to 100. The
percentage is based on cases with nonmissing values of the variable.

®  Maximum percentage of categories with count of 1. If any analysis variables
are categorical, this option reports categorical analysis variables in which the
percentage of the variable’s categories containing only one case is greater than
the specified value. The specified value must be a positive number less than or
equal to 100.

®  Minimum coefficient of variation. If any analysis variables are scale, this option
reports scale analysis variables in which the absolute value of the coefficient of
variation is less than the specified value. This option applies only to variables in
which the mean is nonzero. The specified value must be a non-negative number.
Specifying 0 turns off the coefficient-of-variation check.

®  Minimum standard deviation. If any analysis variables are scale, this option reports
scale analysis variables whose standard deviation is less than the specified value.
The specified value must be a non-negative number. Specifying 0 turns off the
standard deviation check.

Case Identifiers. If you selected any case identifier variables on the Variables tab, you
can select any of the following checks of their validity.

m  Flag incomplete IDs. This option reports cases with incomplete case identifiers. For
a particular case, an identifier is considered incomplete if the value of any ID
variable is blank or missing.

m  Flag duplicate IDs. This option reports cases with duplicate case identifiers.
Incomplete identifiers are excluded from the set of possible duplicates.

Flag empty cases. This option reports cases in which all variables are empty or blank.
For the purpose of identifying empty cases, you can choose to use all variables in the
file (except any ID variables) or only analysis variables defined on the Variables tab.
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Validate Data Single-Variable Rules

Figure 3-3
Validate Data dialog box, Single-Variable Rules tab

Yalidate Data

Watiables | Basic Checks | Single-Yariable Rules

Tao apply rules to a variable, select the variable then check one or more rules.
The analysis Yariables list shows distributions of nonmissing values based on a scan of the data, The Rules lisk shows all rules that can

be applied to selected variables,

Analysis Yariables;

Cross-Yariable Rules | Output

Save

‘Wariable

Hospital size [hospsize]
Age in vears [age]
Age category [agecat]

Gender [gender]

Cbesity [obesity]

Phyysically active [active]

Distribution

Minirurm | Maxim,., | Ru...
1 3 1]
45 g6 1
1 4 1
ul 1 1
ul 1 1
0 1 1

2]

Display: | all varisbles

wariable Distributions

Limit number of cases scanned  Cases:

Cases Scanned! 1183

Lirniting the number of cases scanned does nok

Rules:
Apphy | Hame

Oto 1 Dichatomy
0to 2 Categarical
Oto 3 Categarical
1 to 4 Categorical

I

Monnegative integer
Monnegstive number

Define Rules. ..

affect how many cases are validated.

[ ok J[ Paste

Reset ] ’ Cancel

]

The Single-Variable Rules tab displays available single-variable validation rules and
allows you to apply them to analysis variables. To define additional single-variable

rules, click Define Rules. For more information, see Define Single-Variable Rules in
Chapter 2 on p. 5.

Analysis Variables. The list shows analysis variables, summarizes their distributions,
and shows the number of rules applied to each variable. Note that user- and
system-missing values are not included in the summaries. The Display drop-down
list controls which variables are shown; you can choose from All variables, Numeric
variables, String variables, and Date variables.
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Rules. To apply rules to analysis variables, select one or more variables and check all
rules that you want to apply in the Rules list. The Rules list shows only rules that
are appropriate for the selected analysis variables. For example, if numeric analysis
variables are selected, only numeric rules are shown; if a string variable is selected,
only string rules are shown. If no analysis variables are selected or they have mixed
data types, no rules are shown.

Variable Distributions. The distribution summaries shown in the Analysis Variables list
can be based on all cases or on a scan of the first n cases, as specified in the Cases text
box. Clicking Rescan updates the distribution summaries.

Validate Data Cross-Variable Rules

Figure 3-4
Validate Data dialog box, Cross-Variable Rules tab

Yalidate Data

Watiables | Basic Checks | Single-Variable Rules | Cross-Yariable Rules | output || Save

Rules:
Apply | Hame | Expression
DiedTwice [doa=1) & (dhosp=1)

| P__eFine Rules. .. |

[o]'4 ] [ Paste ] [ Reset ] [ Cancel ] [ Help ]
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The Cross-Variable Rules tab displays available cross-variable rules and allows you to
apply them to your data. To define additional cross-variable rules, click Define Rules.
For more information, see Define Cross-Variable Rules in Chapter 2 on p. 8.

Validate Data Output

Figure 3-5
Validate Data dialog box, Output tab

Validate Data

Variables | Basic Checks | Single-Yariable Rules | Crass-Wariable Rules | Qutput | Save

Casewise Report

List validation rule violations by case

Minirmurn Murmber of Vialations For & Case to be Included: | 1

Magimum Mumber of Cases in Report: 100

Single-variable Validation Rules

[ Display descriptive skatistics for analysis variables

[ [o]4 l ’ Paste ] [ Reset ] ’ Cancel ] ’ Help ]

Casewise Report. If you have applied any single-variable or cross-variable validation
rules, you can request a report that lists validation rule violations for individual cases.

®  Minimum Number of Violations. This option specifies the minimum number of

rule violations required for a case to be included in the report. Specify a positive
integer.

®  Maximum Number of Cases. This option specifies the maximum number of cases
included in the case report. Specify a positive integer less than or equal to 1000.
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Single-Variable Validation Rules. If you have applied any single-variable validation
rules, you can choose how to display the results or whether to display them at all.

®  Summarize violations by analysis variable. For each analysis variable, this option
shows all single-variable validation rules that were violated and the number of
values that violated each rule. It also reports the total number of single-variable
rule violations for each variable.

®  Summarize violations by rule. For each single-variable validation rule, this option
reports variables that violated the rule and the number of invalid values per

variable. It also reports the total number of values that violated each rule across
variables.

Display descriptive statistics. This option allows you to request descriptive statistics
for analysis variables. A frequency table is generated for each categorical variable.
A table of summary statistics including the mean, standard deviation, minimum, and
maximum is generated for the scale variables.

Move cases with validation rule violations. This option moves cases with single-variable
or cross-variable rule violations to the top of the active dataset for easy perusal.
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Validate Data Save

Figure 3-6
Validate Data dialog box, Save tab

Yalidate Data

Variables | Basic Checks | Single-Yariable Rules | Crass-Wariable Rules | Output | Save

Surmaty Yariables:

Description Save | Hame
Empty case indicatar |:| EmptyCaze
Duplicate ID Group |:| DuplicatelDGroup
Incomplete D indicatar |:| Incompletell
Walidation rule violstions (total count) |:| YalidationRuleiolations

[Jreplace existing summary variables

Save indicator variables that record all walidation rule violations

The variables tell vou whether a particular data value or
combination of values violated a validation rule,

The variables may Facilitate cleaning and investigation of your

data. Depending on the number of rules that are applied, hawever,
this option may add many variables to the active dataset.

Total number of variables that will be saved: 1

oK ] ’ Paste ] [ Reset ] ’ Cancel ] ’ Help ]

The Save tab allows you to save variables that record rule violations to the active
dataset.

Summary Variables. These are individual variables that can be saved. Check a box to
save the variable. Default names for the variables are provided; you can edit them.

m  Empty case indicator. Empty cases are assigned the value 1. All other cases are
coded 0. Values of the variable reflect the scope specified on the Basic Checks tab.

m  Duplicate ID Group. Cases that have the same case identifier (other than cases with
incomplete identifiers) are assigned the same group number. Cases with unique
or incomplete identifiers are coded 0.



19

Validate Data

® Incomplete ID indicator. Cases with empty or incomplete case identifiers are
assigned the value 1. All other cases are coded 0.

m Validation rule violations. This is the casewise total count of single-variable and
cross-variable validation rule violations.

Replace existing summary variables. Variables saved to the data file must have unique
names or replace variables with the same name.

Save indicator variables. This option allows you to save a complete record of validation
rule violations. Each variable corresponds to an application of a validation rule and has
a value of 1 if the case violates the rule and a value of 0 if it does not.
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Identify Unusual Cases

The Anomaly Detection procedure searches for unusual cases based on deviations
from the norms of their cluster groups. The procedure is designed to quickly detect
unusual cases for data-auditing purposes in the exploratory data analysis step, prior

to any inferential data analysis. This algorithm is designed for generic anomaly
detection; that is, the definition of an anomalous case is not specific to any particular
application, such as detection of unusual payment patterns in the healthcare industry or
detection of money laundering in the finance industry, in which the definition of an
anomaly can be well-defined.

Example. A data analyst hired to build predictive models for stroke treatment outcomes
is concerned about data quality because such models can be sensitive to unusual
observations. Some of these outlying observations represent truly unique cases and
are thus unsuitable for prediction, while other observations are caused by data entry
errors in which the values are technically “correct” and thus cannot be caught by data
validation procedures. The Identify Unusual Cases procedure finds and reports these
outliers so that the analyst can decide how to handle them.

Statistics. The procedure produces peer groups, peer group norms for continuous and
categorical variables, anomaly indices based on deviations from peer group norms, and
variable impact values for variables that most contribute to a case being considered
unusual.

Data Considerations

Data. This procedure works with both continuous and categorical variables. Each row
represents a distinct observation, and each column represents a distinct variable upon
which the peer groups are based. A case identification variable can be available in the
data file for marking output, but it will not be used in the analysis. Missing values are
allowed. The SPSS weight variable, if specified, is ignored.

20
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Identify Unusual Cases

The detection model can be applied to a new test data file. The elements of the test
data must be the same as the elements of the training data. And, depending on the
algorithm settings, the missing value handling that is used to create the model may be
applied to the test data file prior to scoring.

Case order. Note that the solution may depend on the order of cases. To minimize
order effects, randomly order the cases. To verify the stability of a given solution, you
may want to obtain several different solutions with cases sorted in different random
orders. In situations with extremely large file sizes, multiple runs can be performed
with a sample of cases sorted in different random orders.

Assumptions. The algorithm assumes that all variables are nonconstant and independent
and that no case has missing values for any of the input variables. Each continuous
variable is assumed to have a normal (Gaussian) distribution, and each categorical
variable is assumed to have a multinomial distribution. Empirical internal testing
indicates that the procedure is fairly robust to violations of both the assumption of
independence and the distributional assumptions, but be aware of how well these
assumptions are met.

To Identify Unusual Cases

From the menus choose:

Data
Identify Unusual Cases...
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Figure 4-1
Identify Unusual Cases dialog box, Variables tab

—I'ldentify Unusual Cases -/a/&d

Yariables |Output | Save | Missing values | Options |

Yarishles: Analysis Yariables:
PaHospitaI 1D [hospid] ;[I.Qge category [agecat] e
iIHospitaI size [hospsize] &)Gender [gender]
Panttending phyysician 1D [physid] R)Physically active [active] =
fﬁge in vears [age] &)Obesity [obesity]
&)History of diabetes [diabetes]
R)Blood pressure [bp]

&5 dbrial Fibrillation [af]

4 &)Smoker [smoker]

&)Cholesterol [choles]

&)History of angina [angina]
&)History of myocardial infarction [n
&)Prescribed nitroglycerin [nitra] M

- 2

e B

Case Identifer Yariable:

ﬂ | ¢y Patient ID [patid] |

To change a variable's measurement
lewvel, right click on it in the Yariables list,

[ [o]'4 ][ Paste H Resat H Cancel ][ Help

» Select at least one analysis variable.

» Optionally, choose a case identifier variable to use in labeling output.
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Figure 4-2
Identify Unusual Cases dialog box, Output tab

Identify Unusual Cases

1

Identify Unusual Cases =05

Yariables | CUEPUE | Save || Missing Yalues | Options

List of unusual cases and reasons why they are considered unusual
SumMmaries

Peer group narms

Peer groups are groups of cases that have similar walues For analysis variables, This
option displays the distributions of analysis variables by peer group,

anomaly indices

The anomaly index measures how unusual a case is with respect ko its peer group.,
This option displays the distribution of anomaly indesx walues among unusual cases,

Reason occurrence by analysis varisble

Reports how often each analysis variable was responsible for a case being considered
unusual,

Cases processed

Summarizes the distribution of cases included and excluded From the analysis,

[ ok ][ Paste ][ Reset H Cancel ]| Help

List of unusual cases and reasons why they are considered unusual. This option produces
three tables:

The anomaly case index list displays cases that are identified as unusual and

displays their corresponding anomaly index values.

The anomaly case peer ID list displays unusual cases and information concerning

their corresponding peer groups.

The anomaly reason list displays the case number, the reason variable, the variable
impact value, the value of the variable, and the norm of the variable for each

reason.

All tables are sorted by anomaly index in descending order. Moreover, the IDs of the
cases are displayed if the case identifier variable is specified on the Variables tab.
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Summaries. The controls in this group produce distribution summaries.

m  Peer group norms. This option displays the continuous variable norms table (if any
continuous variable is used in the analysis) and the categorical variable norms
table (if any categorical variable is used in the analysis). The continuous variable
norms table displays the mean and standard deviation of each continuous variable
for each peer group. The categorical variable norms table displays the mode
(most popular category), frequency, and frequency percentage of each categorical
variable for each peer group. The mean of a continuous variable and the mode of a
categorical variable are used as the norm values in the analysis.

®  Anomaly indices. The anomaly index summary displays descriptive statistics for
the anomaly index of the cases that are identified as the most unusual.

m Reason occurrence by analysis variable. For each reason, the table displays the
frequency and frequency percentage of each variable’s occurrence as a reason.
The table also reports the descriptive statistics of the impact of each variable.
If the maximum number of reasons is set to 0 on the Options tab, this option is
not available.

m Cases processed. The case processing summary displays the counts and count
percentages for all cases in the active dataset, the cases included and excluded in
the analysis, and the cases in each peer group.
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Identify Unusual Cases Save

Figure 4-3
Identify Unusual Cases dialog box, Save tab

Identify Unusual Cases

_| ldentify Unusual Cases

613

Yariables | Qukput | 5a¥e | Missing VYalues | Options
Save Wariables
Anomaly index Mame: AnomalyIndex

Measures the unusualness of each case with respect ta its peet group,

Peer groups Roat Marne: | Peer

Three variables are saved per peer group: ID, case count, and size as a
percentage of cases in the analysis,

Reasons Root Mame: | Reason

Four variables are saved per reason: name of reason variable, value of reason
variable, peer group norm, and impact measure For the reason variable,

[Jreplace existing variables that have the same name of rook name

Export Model File

File; Browse, .,

[ OF l[ Paste ][ Reset H Cancel ][ Help

Save Variables. Controls in this group allow you to save model variables to the active
dataset. You can also choose to replace existing variables whose names conflict with

the variables to be saved.

®  Anomaly index. Saves the value of the anomaly index for each case to a variable

with the specified name.

m  Peer groups. Saves the peer group ID, case count, and size as a percentage for each
case to variables with the specified rootname. For example, if the rootname Peer is
specified, the variables Peerid, PeerSize, and PeerPctSize are generated. Peerid is
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the peer group ID of the case, PeerSize is the group’s size, and PeerPctSize is the

group’s size as a percentage.

m Reasons. Saves sets of reasoning variables with the specified rootname. A set of
reasoning variables consists of the name of the variable as the reason, its variable
impact measure, its own value, and the norm value. The number of sets depends
on the number of reasons requested on the Options tab. For example, if the
rootname Reason is specified, the variables ReasonVar_k, ReasonMeasure_k,
ReasonValue k, and ReasonNorm_k are generated, where £ is the kth reason. This

option is not available if the number of reasons is set to 0.

Export Model File. Allows you to save the model in XML format.

Identify Unusual Cases Missing Values

Figure 4-4
Identify Unusual Cases dialog box, Missing Values tab

_| Identify Unusual Cases =5

Yariables | Output || Save | Missing Values | Options

(7 Exclude missing values fram analysis

User- and system-missing values are excluded,

(@ Include missing values in analysis

For scale variables, user- and system-missing values are replaced with the variable's
grand mean. For categorical variables, user- and system-missing values are combined
and included in the analysis as a cateqgory,

Use proportion of missing walues per case as analysis variable

oK ][ Paste ][ Reset H Cancel ]| Help
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The Missing Values tab is used to control handling of user-missing and system-missing
values.

m  Exclude missing values from analysis. Cases with missing values are excluded
from the analysis.

B Include missing values in analysis. Missing values of continuous variables are
substituted with their corresponding grand means, and missing categories of
categorical variables are grouped and treated as a valid category. The processed
variables are then used in the analysis. Optionally, you can request the creation of
an additional variable that represents the proportion of missing variables in each
case and use that variable in the analysis.

Identify Unusual Cases Options

Figure 4-5
Identify Unusual Cases dialog box, Options tab

| Identify Unusual Cases =]

Yariables | Output || Save | Missing Yalues | ©ptions

Criteria For Identifying Unusual Cases Mumber of Peer Groups
® Percentage af cases with highest anamaly Minimum; | 1
index values
|2
Percentage: Masdraum; 15

Fixed number of cases with highest anomaly
index values

Pl Identify only cases whose anomaly index
value meets or exceeds a minimurn value

Maximum Mumber of Reasons: 3

Specify the number of reasons reported in output and added to the active dataset if reason
variables are saved, The value is adjusted dowrward if it exceeds the number of analysis
wvariables,

Resat H Cancel ][ Help
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Criteria for Identifying Unusual Cases. These selections determine how many cases
are included in the anomaly list.

m  Percentage of cases with highest anomaly index values. Specify a positive number
that is less than or equal to 100.

m  Fixed number of cases with highest anomaly index values. Specify a positive integer
that is less than or equal to the total number of cases in the active dataset that
are used in the analysis.

m Identify only cases whose anomaly index value meets or exceeds a minimum value.
Specify a non-negative number. A case is considered anomalous if its anomaly
index value is larger than or equal to the specified cutoff point. This option is used
together with the Percentage of cases and Fixed number of cases options. For
example, if you specify a fixed number of 50 cases and a cutoff value of 2, the
anomaly list will consist of, at most, 50 cases, each with an anomaly index value
that is larger than or equal to 2.

Number of Peer Groups. The procedure will search for the best number of peer groups
between the specified minimum and maximum values. The values must be positive
integers, and the minimum must not exceed the maximum. When the specified values
are equal, the procedure assumes a fixed number of peer groups.

Note: Depending on the amount of variation in your data, there may be situations in
which the number of peer groups that the data can support is less than the number
specified as the minimum. In such a situation, the procedure may produce a smaller
number of peer groups.

Maximum Number of Reasons. A reason consists of the variable impact measure,
the variable name for this reason, the value of the variable, and the value of the
corresponding peer group. Specify a non-negative integer; if this value equals or
exceeds the number of processed variables that are used in the analysis, all variables
are shown.

DETECTANOMALY Command Additional Features

The SPSS command language also allows you to:

B Omit a few variables in the active dataset from analysis without explicitly
specifying all of the analysis variables (using the EXCEPT subcommand).

m  Specify an adjustment to balance the influence of continuous and categorical
variables (using the MLWETIGHT keyword on the CRITERTA subcommand).
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See the SPSS Command Syntax Reference for complete syntax information.
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Optimal Binning

The Optimal Binning procedure discretizes one or more scale variables (referred to
henceforth as binning input variables) by distributing the values of each variable

into bins. Bin formation is optimal with respect to a categorical guide variable that
“supervises” the binning process. Bins can then be used instead of the original data
values for further analysis.

Examples. Reducing the number of distinct values a variable takes has a number of
uses, including:

m Data requirements of other procedures. Discretized variables can be treated as
categorical for use in procedures that require categorical variables. For example,
the Crosstabs procedure requires that all variables be categorical.

m Data privacy. Reporting binned values instead of actual values can help safeguard
the privacy of your data sources. The Optimal Binning procedure can guide the
choice of bins.

m  Speed performance. Some procedures are more efficient when working with a
reduced number of distinct values. For example, the speed of Multinomial Logistic
Regression can be improved using discretized variables.

m  Uncovering complete or quasi-complete separation of data.

Optimal versus Visual Binning. The Visual Binning dialog boxes offer several automatic
methods for creating bins without the use of a guide variable. These “unsupervised”
rules are useful for producing descriptive statistics, such as frequency tables, but
Optimal Binning is superior when your end goal is to produce a predictive model.

Output. The procedure produces tables of cut points for the bins and descriptive
statistics for each binning input variable. Additionally, you can save new variables to
the active dataset containing the binned values of the binning input variables and save
the binning rules as SPSS syntax for use in discretizing new data.

30
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Data. This procedure expects the binning input variables to be scale, numeric variables.
The guide variable should be categorical and can be string or numeric.

To Obtain Optimal Binning

From the menus choose:
Transform
Optimal Binning...
Figure 5-1
Optimal Binning dialog box, Variables tab

—1 Optimal Binning &

VYariables |Output save | Missing Values | Options

Variables:

f variables ko Ein:
d:l Level of education [ed]

fﬁge in vears [age]

f‘ﬁears with current employer [...
f‘fears at current address [ad...
fHousehoId income in thousan. .,
fDebt to income ratio (<1000 [...
ftredit catd debt in thousands. ..
4 fother debt in thousands [okh. ..

&) Cptimize Bins with Respect To:
o :
4 | Previously defaulked [default]

hoose one or more scale variables to bin and a nominal optimizer variable.
@ Selected bins maximize the association between the binned variable and the
optimizer variable,

‘fou can save variables containing binned data values andfor binning rules on the
Save tab,

[ (o] 4 ] [ Paste ] [ Reset ] [ Cancel ] [ Help

» Select one or more binning input variables.

» Select a guide variable.
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Variables containing the binned data values are not generated by default. Use the
Save tab to save these variables.

Optimal Binning Output

Figure 5-2
Optimal Binning dialog box, Output tab

_| Optimal Binning

Yariables | ©Ubput | Save | Missing Yalues | Options
Display

g

[ Descriptive statistics for variables that are binned

[IModel entropy For variables that are binned

’ Reset ] [ Cancel ] ’ Help

The Output tab controls the display of the results.
®m  Endpoints for bins. Displays the set of endpoints for each binning input variable.

m Descriptive statistics for variables that are binned. For each binning input variable,
this option displays the number of cases with valid values, the number of cases
with missing values, the number of distinct valid values, and the minimum and



33

Optimal Binning

maximum values. For the guide variable, this option displays the class distribution
for each related binning input variable.

®  Model entropy for variables that are hinned. For each binning input variable, this
option displays a measure of the predictive accuracy of the variable with respect
to the guide variable.

Optimal Binning Save

Figure 5-3
Optimal Binning dialog box, Save tab

—] Optimal Binning

Variables | Output | 3&8¥E | Missing Yalues | Options
Save Variables to Active Dataset
Create variables that contain binned data values

Suffix for Qukpuk Yarisbles: | bin

Cne watiable is created for each wariable that is binned. Marmes of output variables are
created by appending an underscore and the suffix ko the name of the original wariable; For
example, Age_bin.

[Ireplace existing variables that have the same name

Save Binning Rules as SPSS Syntax

To save binning rules, specify a file. You can use the saved syntax to bin cases that are
not available when the bins are created.

O ] [ Paste ] ’ Reset ] [ Cancel ] ’ Help ]

Save Variables to Active Dataset. Variables containing the binned data values can be
used in place of the original variables in further analysis.
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Save Binning Rules as SPSS Syntax. Generates SPSS syntax that can be used to bin
other datasets. The recoding rules are based on the cut points determined by the
binning algorithm.

Optimal Binning Missing Values

Figure 5-4
Optimal Binning dialog box, Missing Values tab

Optimal Binning

Yariables | Output || Sawe | Missing Yalues | options
Exclude Cases with Missing Yalues
@g;

Makes use of as many cases as possible when multiple wariables are binned.

O Liskwise

Ensures that a consistent case base is used when multiple variables are binned,

User-missing walues are always treated as invalid,

K H Paste H Reset ][ Cancel H Help ]

The Missing Values tab specifies whether missing values are handled using listwise or
pairwise deletion. User-missing values are always treated as invalid. When recoding
the original variable values into a new variable, user-missing values are converted

to system-missing.
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®m  Pairwise. This option operates on each guide and binning input variable pair. The
procedure will make use of all cases with nonmissing values on the guide and
binning input variable.

m Listwise This option operates across all variables specified on the Variables tab. If
any variable is missing for a case, the entire case is excluded.

Optimal Binning Options

Figure 5-5
Optimal Binning dialog box, Options tab

_1 Optimal Binning

Yariables | Qutput | Save || Missing Yalues | @ptions
Freprocessing

Pre-bin wariables to improve performance with large datasets

specify the maximunn nurmber of bins that any variable should end up with after
preprocessing.

Maxirmumn Muriber of Bins: | 1000

Sparsely Populated Bins

[IMerge bins that have relatively small case counts with a larger neighbor

& bin is merged if the ratio of its size {number of cases) to that of a neighboring binis smaller
than the specified threshald. Larger thresholds tend ta result in mare merging.

Ein Endpoints
(%) Lower endpoint is inclusive, upper is excusive (lower <= x < upper)

() Lower endpoint is exclusive, upper is incusive {lower < x <= upper)

First {Lowest) Bin Last (Highest) Bin
(&) Unbounded {extends to negative infinity) () Unbounded {extends to positive infinity’)
(O Bounded by lowest data value () Bounded by highest data walue

’ Reset ][ Cancel H Help ]

Preprocessing. “Pre-binning” binning input variables with many distinct values can
improve processing time without a great sacrifice in the quality of the final bins. The
maximum number of bins gives an upper bound on the number of bins created. Thus,
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if you specify 1000 as the maximum but a binning input variable has less than 1000
distinct values, the number of preprocessed bins created for the binning input variable
will equal the number of distinct values in the binning input variable.

Sparsely Populated Bins. Occasionally, the procedure may produce bins with very few
cases. The following strategy deletes these pseudo cut points:

» For a given variable, suppose that the algorithm found ng,, cut points and thus

nfina1T1 bins. For bins i = 2, ..., nfp, (the second lowest-valued bin through the second
highest-valued bin), compute

stzeof(b;)
min(sizeof(b;_1),stzeof(bit1))

where sizeof(b) is the number of cases in the bin.

» When this value is less than the specified merging threshold, b; is considered sparsely

populated and is merged with b, 1 or b; 1, whichever has the lower class information
entropy.

The procedure makes a single pass through the bins.

Bin Endpoints. This option specifies how the lower limit of an interval is defined. Since
the procedure automatically determines the values of the cut points, this is largely
a matter of preference.

First (Lowest) / Last (Highest) Bin. These options specify how the minimum and
maximum cut points for each binning input variable are defined. Generally, the
procedure assumes that the binning input variables can take any value on the real
number line, but if you have some theoretical or practical reason for limiting the range,
you can bound it by the lowest / highest values.

OPTIMAL BINNING Command Additional Features

The SPSS command language also allows you to:

m  Perform unsupervised binning via the equal frequencies method (using the
CRITERIA subcommand).

See the SPSS Command Syntax Reference for complete syntax information.
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Validate Data

The Validate Data procedure identifies suspicious and invalid cases, variables, and
data values.

Validating a Medical Database

An analyst hired by a medical group must maintain the quality of the information in
the system. This process involves checking the values and variables and preparing a
report for the manager of the data entry team.

The latest state of the database is collected in stroke_invalid.sav. Use the Validate
Data procedure to obtain the information that is necessary to produce the report.
Syntax for producing these analyses can be found in validatedata_stroke.sps.

Performing Basic Checks
» To run a Validate Data analysis, from the menus choose:
Data

Validation
Validate Data...

38
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Figure 6-1
Validate Data dialog box, Variables tab

Validate Data

Watiables |Basic Checks | Single-Yariable Rules | Cross-Yariable Rules | Qutput || Save

Yariables: Analysis Wariables:

iIHospitaI size [hospsize] Ll
fﬂge in years [age]

,{I.qge category [agecat]
&)Gender [gender]
&)Physically active [active]

b &)Ohesity [obesity]
%History of diabetes [diabetes
&;Blood pressure [bp]

&b Atrial fibrilation [af]
%Smoker [smaket] [v]
<] Im | 2]

Case Identifier Warisbles:
“)ﬂHospitaI ID [hospid]

N & Patient ID [patid]
Pa.ﬂ.ttending phesician ID [physid]

[ [o]8 l [ Paste ] [ Reset ] [ Cancel ] [ Help ]

» Select Hospital size and Age in years through Recoded Barthel index at 6 months as
analysis variables.

» Select Hospital ID, Patient ID, and Attending physician ID as case identifier variables.

» Click the Basic Checks tab.
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Figure 6-2
Validate Data dialog box, Basic Checks tab

Yalidate Data

Wariables | Basic Checks | Single-Yariable Rules | Cross-variable Rules | Output

Save
Analysis Yariablas

Flag variables that fail any of the following checks

IMaxinumn percentage of missing values: 70 (Applies ko all variables)

Maximum percentage of cases in a single category: | #5 (Applies to categorical variables only)

Maximum percentage of categories with count of 1: | 20 (Applies to categorical variables only)

Case Identifiers
Flag incomplete I0s

Flag duplicate IDs

Flag empty cases Define Cases By: | Al variables in dataset except ID variables | v

A case is considered empty if all relevant variables are missing or blank.

[ [o]8 l [ Paste ] [ Reset ] [ Cancel ] [ Help

The default settings are the settings you want to run.

» Click OK.

Warnings

Figure 6-3
Warnings

Some or all requested output is not displayed hecause
all cazes, variahles, or data values passed the
requested checks.

The analysis variables passed the basic checks, and there are no empty cases, so a
warning is displayed that explains why there is no output corresponding to these checks.
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Figure 6-4
Incomplete case identifiers
Idertifier
Caze haspid paticd physic
288 0IM 125304
573 1377958782 | 790697
T4 2322241567 | 176466

Validate Data

When there are missing values in case identification variables, the case cannot be
properly identified. In this data file, case 288 is missing the Patient ID, while cases
573 and 774 are missing the Hospital ID.

Duplicate Identifiers

Figure 6-5

Duplicate case identifiers (first 11 shown)
Duplicate Cazes with
Idertifisrs | Mumber of Duplicate Idertifier
Group Duplicates Idertifiers hozpid poaticd physid
1 2 110,11 PEAY 1406462419 355184
2 2 | 14,15 PEMY 2191527525 355184
3 2| 2,22 PEY T237535360 E16525
4 2 | 25329 MHY 4592215163 942852
5 2 30,3 MHY TE28592330 71834
g 2 | 64,65 MHY 0300750008 371854
T 2 | 83,84 ooy 4590625286 215041
g 2 | 86,87 S 6272815258 517329
g 2 | 96,487 S 1959349605 21504
10 3 100,101, 102 ooy 5556145337 F17329
11 3 | 104,105 106 Chys 1543897549 17329

A case should be uniquely identified by the combination of values of the identifier
variables. The first 11 entries in the duplicate identifiers table are shown here. These
duplicates are patients with multiple events who were entered as separate cases for
each event. Because this information can be collected in a single row, these cases
should be cleaned up.
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Copying and Using Rules from Another File

The analyst notes that the variables in this data file are similar to the variables from
another project. The validation rules that are defined for that project are saved as
properties of the associated data file and can be applied to this data file by copying
the data properties of the file.

» To copy rules from another file, from the menus choose:

Data
Copy Data Properties...
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Figure 6-6
Copy Data Properties, Step 1 (welcome)

Copy Data Properties - Step 1 of

Welcome to the Copy Data Properties ‘Wizard.

Copy Data Properties can copy selected variable and dataset properties from an open dataset
@ or external SPSS data file to the active datazet.

You can aleo copy properties from ohe variable to another within the active dataset.

[ata properties are copied but not data values.,

Chooze the source of the propertiez

(%) &n external SPSS data file

C:“Program FileshSPS54Tutonalhsample_filespatient_los. sav

() The active datazet [ stroke_invalid sav [DataSetl] )

[ Mest > ] ’ Firizh ][ Cancel ] [ Help

Validate Data

» Choose to copy properties from an external SPSS data file, patient los.sav, which can
be found in the \Tutorial\sample_files subdirectory of the SPSS installation directory.

>

Click Next.
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Figure 6-7
Copy Data Properties, Step 2 (choose variables)

Copy Data Properties - Step 2 of 5

Copy data properties - Choose source and target vanables

() i&pply properties from selected source file variables to matching working file vanables.

[] Create matching varisbles in the working data file if they do not already exist.
() Aspply properties fram a single source variable to selected working file variables of the same type.

() Apply dataset properties only - no variable selection

The particular properties to apply will be specified on the follawing panels.

@ A variable matches if the name and basic wpe [humeric or string and string length] are the zame.
Right click on a wariable to see its properties.

Select the wariables in the source list whoze properties will be copied to the matching variables in the
working data file. Uze Chrl-click to madify the selection.

Source File Wariables: Matching YWorking File W anables:
fﬁge in years [age] ~ fﬁ.ge in years [age] -
d:l»’-‘«ge categom [agecat] I{I.t'-‘-.ge cateqony [agecat]
&Gender [gender] &)Gender [gender]

&3 History of diabetes [di... &) Physically active [ach..
&3 Blood pressure [bp) &) Obeszity [obesity]

&3 Smoker [smoker] &) History of diabetes [di...
&3 Cholesteral [choles] &) Blood pressure [bp]
&3 Physically active [acti.. &) Smoker [smoker]

&Dbesity [obeszity] w &) Chaolesterol [chales] w
Selected variables: 18 F atching wariables: 18

Wariables to be created: 0

[ ¢ Back ” Mest > l ’ Firizh ][ Cancel ] [ Help ]

These are the variables whose properties you want to copy from patient los.sav to the
corresponding variables in stroke_invalid.sav.

» Click Next.
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Figure 6-8
Copy Data Properties, Step 4 (choose variable properties)

Copy Data Properties - Step 3 of 5

Copy Data Properties - Choose Variable Properties to Copy
Select the wariable properties ta be copied to the warking data file.

For value labelz, you can choose ta replace the esizting walues or to merge them with working
@ data file properties as far az possible. When merging, the working data file has prionity.

Empty properties in source wanables will never replace target vanable properties.

For any vaniables being created. all properties will be copied.

Wariable Properties to Copy for Existing S elected Vanablez
O
Cusztom Attribubes (&) Beplace O Merge
[ Mizsing Values
[ % ariable label
[ Measurement Level
[ Fomats
[ Aligrment
[ Data E ditar Column Width

[ ¢ Back ” Mest > l ’ Firizh ][ Cancel ] [ Help

Deselect all properties except Custom Attributes.

Click Next.

Validate Data
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Figure 6-9
Copy Data Properties, Step 4 (choose dataset properties)

Copy Data Properties - Step 4 of 5

Copy Data Properties - Choose Dataset Properties to Copy

Select the datazet properties to be copied to the warking data file.

For zome properties, pou can chooze to replace the exizsting values or to merge them with source
@ properties az far & pozsible. When merging, the working data file has priority,

Multiple Responze Setz and Yariable Sets that would be invalid in the working data file will be
ignored.

D atazet Properties to Copy

[ Documents

Custom Attributes (®) Beplace (O Merge

] Eile Label

[ < Back ][ Mewt > ] ’ Firish ][ Cancel ] [ Help

» Select Custom Attributes.

» Click Finish.

You are now ready to reuse the validation rules.
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Figure 6-10
Validate Data dialog box, Single-Variable Rules tab

Yalidate Data

Wariables | Basic Checks | Single-Yariable Rules | Cross-variable Rules | Output | Save

To apply rules ko a variable, seleck the variable then check one or mare rules,

The Analysis Yariables list shows distributions of nonmissing values based on a scan of the data, The Rules list shawes all rules that can
be applied to selected variables.

Analysis Yariables: Rules:
Variable Minimum | Masim... | R, [ [#) Apply | Hame
o : 1 [] |0ta Dichotaomy
Hospital size [hospsize] 1 3 i} 3 [ |0to2 Categorical
[1 |0to 3 Categarical
Age in years [age] I]]]h] |] i |] 45 86 1 [1 |11o4 Categorical
[ |Mernegstive integer
Age category [agecat] |:|:|:|:| 1 4 1 [ | Mernegstive number
Gender [gender] I:I:l i} 1 1
Physically active [active] I:I:l i} 1 1
Obesit besit: ul 1 1 —
Displan: |.q|| variables W | Cases Scanned: 11583 Define Rules...

Wariable Distributions

o Limiting the number of cases scanned does not
Limit rumber of cases scanned  Cases: | SHON affect how many cases are validated.

[ [o]8 l [ Paste ] [ Reset ] [ Cancel ] [ Help ]

» To validate the stroke_invalid.sav data by using the copied rules, click the Dialog
Recall toolbar button and choose Validate Data.

» Click the Single-Variable Rules tab.

The Analysis Variables list shows the variables that are selected on the Variables tab,
some summary information about their distributions, and the number of rules attached
to each variable. Variables whose properties were copied from patient los.sav have
rules that are attached to them.

The Rules list shows the single-variable validation rules that are available in the data
file. These rules were all copied from patient los.sav. Note that some of these rules
are applicable to variables that did not have exact counterparts in the other data file.
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Figure 6-11
Validate Data dialog box, Single-Variable Rules tab

Yalidate Data

Wariables | Basic Checks | Single-Yariable Rules | Cross-variable Rules | output | Save

To apply rules ko a variable, seleck the variable then check one or mare rules,

The Analysis Yariables list shows distributions of nonmissing values based on a scan of the data, The Rules list shawes all rules that can
be applied to selected variables.

Analysis Yariables: Rules:
Yariable Distribution | Minimum | Maxim... | R, | [# Apply |Hame
[ Tw] ]0to1 Dichotomy
Initial Rankin score [rankind] i} 5 i} [] |0te 2 Categorical
[1 |0to 3 Categarical
CAT scan result [catscan] 0 1 1 [ [1to4 Categorical
[ |Mernegstive integer
Clot-dissolving drugs [clat... a 2 1 [ | Marnegstive number

Died in hospital [dhosp]

TR

Treatment result [result] 1 4 1
Post-event preventative ... ul Z il ™
Display: |n|| wariables Cases Scanned: 1183 Define Rules...
Wariable Distributions
[l e ofcses s Gaoss [ 500
[ [o]8 l [ Paste ] [ Reset ] [ Cancel ] [ Help ]

Select Atrial fibrillation, History of transient ischemic attack, CAT scan result, and
Died in hospital and apply the 0 to 1 Dichotomy rule.

Apply 0 to 3 Categorical to Post-event rehabilitation.
Apply 0 to 2 Categorical to Post-event preventative surgery.
Apply Nonnegative integer to Length of stay for rehabilitation.

Apply 1 to 4 Categorical to Recoded Barthel index at 1 month through Recoded Barthel
index at 6 months.

Click the Save tab.
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Figure 6-12
Validate Data dialog box, Save tab
Yalidate Data
Variables | Basic Checks | Single-Yariable Rules | Cross-Yariable Rules | Output | S&ve
Summary Yariables:
Description Save | Hame
Empty case indicator |:| EmptyCase
Duplicate ID Group |:| DuplicateDiGroup
Incomplete D indicator |:| IncompletelD
“alidation rule violstions (total court) |:| “alidationRuleiolations
[Ireplace existing summary vatiables
[#] Save indicatar warisbles that record all validation ruls violations
The wariables tell you whether a particular data value or
combination of alues violated a alidation rule,
The variables may Facilitate cleaning and investigation of your
data, Depending on the number of rules that are applied, however,
this option may add many variables to the active dataset.
Tatal number of varisbles that will be saved: 1
| [al's | [ Paste ] [ Reset ] [ Cancel ] [ Help ]

» Select Save indicator variables that record all validation rule violations. This process will
make it easier to connect the case and variable that cause single-variable rule violations

» Click OK.
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Rule Descriptions

Figure 6-13
Rule descriptions

Fule Description
Monnegative integer | Type: Mumeric

Domain: Range

Flag user-mizsing values; Mo
Flagy system-missing values: Yes
MinirmLarm: 0

Flag unlsbeled values within range: Mo
Flag nonirteger values within range; Yes
Rule: $%D.SRule[5]

Oto 1 Dichotomy Type: Mumeric

Dratmazin: List

Flag user-mizsing values: Mo
Flag system-missing values: Yes
List: 0,1

Rule: $Y D .SRule[1]

1to 4 Categorical Type: Mumeric

Damain: List

Flag user-missing values: Mo
Flag system-missing values: Yes
List1,2,3, 4

Fule: $%D.SRule[4]

Rules violated st least once are displayed.

The rule descriptions table displays explanations of rules that were violated. This
feature is very useful for keeping track of a lot of validation rules.

Variable Summary

Figure 6-14

Variable summary
Mumber of
Fiule “inlations
afecat 1to 4 Categorical 1
Total 1
gender 0to 1 Dichotormey 1
Total 1
angina 010 1 Dichatormey 1
Total 1
titme Monnegative irteger 2
Total 2
dos Oto 1 Dichotarmy 1
Total 1
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The variable summary table lists the variables that violated at least one validation rule,
the rules that were violated, and the number of violations that occurred per rule and
per variable.

Case Report
Figure 6-15
Case report
Walickation Rule Idertifier

Case Single-\u“r:lr'iaslblea hospid praticd physid
175 Oto 1 Dichotomy (1) QIN 0333204636 833285
274 Oto 1 Dichotomy (1) QIN 1038540465 103254
0 Monnegative integer (17 | OZN 2080290204 853285
437 Oto 1 Dichatomy (13 WP 2349729008 723384
a2 Monnegative integer (17 | GFG 4993307441 26754
Mi3 1 to 4 Categorical (1) ALK 8737661990 185787

&. The number of varishles that violated the rule follows each rule.

The case report table lists the cases (by both case number and case identifier) that
violated at least one validation rule, the rules that were violated, and the number of
times that the rule was violated by the case. The invalid values are shown in the Data

Editor.
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Figure 6-16
Data Editor with saved indicators of rule violations
B *stroke_invalid.sav [] - SPSS Data Editor =/
File Edit Wiew Data Transform Analyze Graphs  Utlities Add-ons  Window Help
EHE I v = A FEEEBER 9@
1 : hospid PEW
rechartd | @0to3Categoric| @0to3Catey | @0to1 Dichot| @0tol Dichot| @0to1Dic| @G@0to A
al_clotsokv_  |orical_rehab | oy _obesity| omy_dhosp_ | hotomy_ti| otom
a
1 4 .00 .00 .00 .00 .00
2 4 .00 .00 .00 .00 .00
3 1 0o 0o 0o 0o 0o
4 4 0o 0o 0o 0o 0o
5 3 .00 0o 0o 0o 0o
B 4 .00 0o 0o 0o 0o
i 4 .00 0o 0o 0o 0o
g 4 .00 .00 .00 .00 .00
g 4 a0 .00 a0 00 .00
10 2 0o 0o 0o 0o 0o o |
11 2 n, n nn ol ™
4 » |\ Data View £ variahle View f |« i »]
SP35 Processor is ready

A separate indicator variable is produced for each application of a validation rule. Thus,
@O0to3Categorical clotsolv_is the application of the 0 to 3 Categorical single-variable
validation rule to the variable Clot-dissolving drugs. For a given case, the easiest
way to figure out which variable’s value is invalid is simply to scan the values of the
indicators. A value of 1 means that the associated variable’s value is invalid.
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Figure 6-17
Data Editor with indicator of rule violation for case 175
B *stroke_invalid.sav [] - SPSS Data Editor =&
File Edit Wiew Data Transform Analyze Graphs Utilities Add-ons Window Help
EHS I o =h & TE HER %@
175 : @0to1Dichotomy_angi |1
rechart3 | @0to1Dichot| @0tal Dichato [ @0t Dichoto | @ 1tod Categor Monnegativeint| A |
orny_doa ry_gender my_angina cal_agecat eger time |
172 4 ] o 0o 0o ool
173 4 jui] oo 0o 0o jui]
174 3 jui] oo 0o 0o jui]
175 2 o 0 0 o
176 4 pui] ao 0o ] pui]
177 3 ] o 0o 0o ]
178 4 ] o 0o 0o ]
179 3 ] o 0o 0o ]
180 3 jui] oo 0o 0o oo
rl rq\r:f)ata View ',{\-fari‘able Wigw /m T( | " | 3] |
SPSS Processor is ready

Go to case 175, the first case with a rule violation. To speed your search, look at the
indicators that are associated with variables in the variable summary table. It is easy to
see that History of angina has the invalid value.
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Figure 6-18
Data Editor with invalid value for History of angina

B *stroke_invalid.sav [] - SPSS Data Editor (== |
Eile Edit Yiew Data Transform fnalyze Graphs  Uklities Add-ons  Window Help

EHE I b =h 4 EfEEHERE %@
175 angina -1

af ‘ srmoker

choles ‘ angina

rmi ‘ nitra | anticlot

tia ‘A

172
173
174
175
176
177
178
179
180

< Tf)ata View £ variahle View /

oooooooo

oo ooo oo = o

SO0 = OO O O] = —=
e '

o e e e e ) ) el e

e s e e e e

oo oo o oo olo

110 = OO0 = kD

)

Yol slolooooo oo
<

SP35S Processar is ready

History of angina has a value of —1. While this value is a valid missing value for
treatment and result variables in the data file, it is invalid here because the patient
history values do not currently have user-missing values defined.

Defining Your Own Rules

The validation rules that were copied from patient los.sav have been very useful,

but you need to define a few more rules to finish the job. Additionally, sometimes
patients that are dead on arrival are accidentally marked as having died at the hospital.
Single-variable validation rules cannot catch this situation, so you need to define a
cross-variable rule to handle the situation.

» Click the Dialog Recall toolbar button and choose Validate Data.

» Click the Single-Variable Rules tab. (You need to define rules for Hospital size, the
variables that measure Rankin scores, and the variables corresponding to the unrecoded
Barthel indices.)

» Click Define Rules.
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Figure 6-19
Define Validation Rules dialog box, Single-Variable Rules tab
Validate Data: Define Validation Rules =
Single-Yariable Rules |
Rules: Fule Definition
fae Tvpe Name: | 0to 1 Dichotomy Type:  [meric v
0to 1 Dichatomy MNumeric - :
0 to 2 Categorical Murmneric E "
0 to 3 Categorical Murneric Cormat:
1 ko 4 Categarical Murnetic
Monnegative inkeger Murmnetic yalid Yalues:
Monneqgative number Murmnetic r
|In alisk M
Values:
il
1
Ignore case when checking values
Allowe user-missing values
[ mllaw syskern-missing walues
Allove blank values
e ] [ Duplicate ] [ Delete ]
[ Continue ] [ Cancel ] [ Help ]

The currently defined rules are shown with 0 to 1 Dichotomy selected in the Rules list
and the rule’s properties displayed in the Rule Definition group.

» To define a rule, click New.
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vV v v v VY

Figure 6-20

Define Validation Rules dialog box, Single-Variable Rules tab (1 to 3 Categorical defined)

Validate Data: Define Validation Rules &
Single-Yariable Rules |
Rules: Fule Definition

fiame Tvpe Mame: | 1 bo 3 Categorical Type:
Oto 1 Dichatomy MNumeric - :
0 to 2 Categorical Murmneric E "
0 to 3 Categorical Murneric Cormat:
1 ko 4 Categarical Murnetic
Monnegative inkeger Murmnetic yalid Yalues:
Monnegative number Mumeric —
1 ko 3 Categorical Mumeric |In a list M

Values:

1 -

2

]

[l
Ignore case when checking values
Allowe user-missing values
[ mllow syskern-missing walues
Allove blank values
e ] [ Duplicate ] [ Delete ]
Continue ] [ Cancel ] [ Help

Type 1 to 3 Categorical as the rule name.

For Valid Values, choose In a list.

Type 1, 2, and 3 as the values.

Deselect Allow system-missing values.

To define the rule for Rankin scores, click New.
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Figure 6-21
Define Validation Rules dialog box, Single-Variable Rules tab (0 to 5 Categorical defined)
Validate Data: Define Validation Rules &
Single-Yariable Rules |
Rules: Fule Definition

fiame Tvpe Mame: | O to & Categorical Type: .
Oto 1 Dichatomy MNumeric - :
0 to 2 Categorical Murmneric E "
0 to 3 Categorical Murneric Cormat:
1 ko 4 Categarical Murnetic
Monnegative inkeger Murmnetic yalid Yalues:
Monnegative number Mumeric —
1 ko 3 Cateqgorical Mumeric |In a list M
0to 5 Categorical Murneric

Values:

1] -

1

2

3

4

5

[l
Ignore case when checking values
Allowe user-missing values
[ mllow syskern-missing walues
Allove blank values
e ] [ Duplicate ] [ Delete ]
Continue ] [ Cancel ] [ Help

Type 0 to 5 Categorical as the rule name.
For Valid Values, choose In a list.

Type 0, 1, 2, 3, 4, and 5 as the values.
Deselect Allow system-missing values.

To define the rule for Barthel indices, click New.
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vV v v v VY

Figure 6-22

Define Validation Rules dialog box, Single-Variable Rules tab (0 to 100 by 5 defined)

Validate Data: Define Validation Rules

Single-Yariable Rules |

Rules: Fule Definition

Mame Tvpe Name: | Dto 100 by S Type:
Oto 1 Dichatomy MNumeric - :
0 to 2 Categorical Murmneric E "
0 to 3 Categorical Murneric Cormat:
1 ko 4 Categarical Murnetic
Monnegative inkeger Murmnetic yalid Yalues:
Monnegative number Mumeric —
1 ko 3 Cateqgorical Mumeric |In a list M
0to 5 Categorical Murneric
Oko 100 by 5 Murmetic Values:

E o

T3

&0 3

85

o]

95

100 [w]

Ignore case when checking values
Allowe user-missing values
[ mllow syskern-missing walues
Allove blank values
e ] [ Duplicate ] [ Delete ]
Continue ] [ Cancel ] [ Help

Type 0 to 100 by 5 as the rule name.

For Valid Values, choose In a list.

Type 0, 5, ..., and 100 as the values.

Deselect Allow system-missing values.

Click Continue.
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Figure 6-23
Validate Data dialog box, Single-Variable Rules tab (0 to 100 by 5 defined)

Yalidate Data

Wariables | Basic Checks | Single-Yariable Rules | Cross-variable Rules | Output | Save

To apply rules ko a variable, seleck the variable then check one or mare rules,

The Analysis Yariables list shows distributions of nonmissing values based on a scan of the data, The Rules list shawes all rules that can
be applied to selected variables.

Analysis Variables: Rules:
Yarigble Distribution | Minimurm | Maxim... | Ru.. | [ Apply |Name

0to 1 Dichotomy
Oto 2 Categorical
0to 3 Categorical

1 to 4 Categorical
Monnegstive integer
Monnegstive number
1 to 3 Categarical

Rankin scare ak 1 month [L.. i} 5 1
Rankin score at 3 months ...

Rankin score at & months ...

I o

LT

Barthel index at 1 month [L.. 100 1 [1 |0to s Categarical
Oto100ky 5

Barthel index at 3 months ... i} 100 1 =

Barthel index at & months ... a 100 1 ]
Display: |n|| wvariables Cases Scanned: 1183 Define Rules...
Wariable Distributions

o ber of d . ['somo - Limiting the number of cases scanned does not

Ll VTRt G G0 s Eaces 2can affect how many cases are validated.
[ Ok l [ Paste ] [ Reset ] [ Cancel ] [ Help

Now you need to apply the defined rules to analysis variables.
Apply 1 to 3 Categorical to Hospital size.

Apply 0 to 5 Categorical to Initial Rankin score and Rankin score at 1 month through
Rankin score at 6 months.

Apply 0 to 100 by 5 to Barthel index at 1 month through Barthel index at 6 months.

Click the Cross-Variable Rules tab.

There are no currently defined rules.

Click Define Rules.
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Figure 6-24
Define Validation Rules dialog box, Cross-Variable Rules tab
Validate Data: Define Validation Rules
Cross-Yariable Pules |
Rules: Fule Definition
s Mamne: | DiedTwice
DiedTwice -
Logical Expression (should evaluate to 1 For aninvalid case):
(doa=1) & (dhosp=1)
() EEIME] ed (@
Variables: Functions and Special Yariables
& Taking anti-clottin, .. [ Function:
& History of transien... Abs @
&)Time to hospital [k, Arsin
%Dead on arrival [d Artan
Cos
,{IInitiaI Rankin scor... Exp
&)CAT scan result [c... Lg1d M
%Clot-dissolving dru... [‘_l 11} | [l]
& Died in hospital [d. .. Display: _
H:ITreatment result [... :
% Post-event preve, ., Description:
& Post-event: rehatil. ..
fLength of stay for...
rotelll.treatmen.t a M
Mew ] [ Duplicate ] [ Delets ]
[ Continue ] [ Cancel ] [ Help

When there are no rules, a new placeholder rule is automatically created.
» Type DiedTwice as the name of the rule.

» Type (doa=1) & (dhosp=1) as the logical expression. This will return a value of 1 if the
patient is recorded as both dead on arrival and died in the hospital.

» Click Continue.

The newly defined rule is automatically selected in the Cross-Variable Rules tab.

» Click OK.
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Figure 6-25

Cross-variable rules

Rule

Mumber of Yiolationz

Fule Expression

DiedTwvice

27

[doa=1) & (dhosp=1)

Validate Data

The cross-variable rules summary lists cross-variable rules that were violated at least
once, the number of violations that occurred, and a description of each violated rule.
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Case Report
Figure 6-26
Case report
“alidation Rule Violations Iddertifisr

Case Single-\f’arial:ulea Cross-Yariable hospicd praticd physic
20 Died twice PEY 1192970526 395154
49 Died twice MHY 8717862852 23748
128 Died twice S E901932035 215041
138 Died twice RLD 1205005089 95521
162 Died twice Lot} 5546809535 125304
175 Oto 1 Dichatamy (17 o7 0333204656 9532585
274 0to 1 Dichotomy (13 QZM 1035540465 103254
30 Monnegative integer (1) QI 2030290204 883285
414 Died twice WP, 3351107142 452020
437 0+to 1 Dichotomy (1) WP, 2349729006 723354
447 Died twice WP, T163451282 519545
453 Died twice WP, 9159094175 52070
462 Died twice WP, 2137520354 723354
537 Died twice sLB 5246122506 928076
44 Died twice =LB 1605957462 06105
G20 Died twice GFG 51415358966 §26754
E29 Died twice GFG 3397891610 539412
630 Died twice GFG 3397891610 539412
539 Died twice GFG 3962622031 327422
Gd4 Died twice GG 4271782383 749432
649 Died twice GFG 0350636750 518069
533 Died twice GFG 06635642766 001445
722 Died twice GFG 0415125590 g77Ied
745 Died twice GFG 744721380 539412
752 Monnegative integer 01

ol gichmmﬂsj i GFG 4993307441 528754
gE5 Died twice WL a714672452 237547
a1 Died twice WL BE13279456 aT4275
315 Died twice EF¥ 2575793702 S0FG
933 Died twice 120 2807437472 BE0253
1010 Died twice BLA 5284009939 657635
1028 Died twice BLA 2021997463 185703
1054 Died twice ALK 0950897644 2ETES0
1173 110 4 Categorical (1) ALK G7 37661990 185787

a. The number of variables that violated the rule follows each rule.

The case report now includes the cases that violated the cross-variable rule, as well
as the previously discovered cases that violated single-variable rules. These cases all
need to be reported to data entry for correction.



63

Validate Data

Summary

The analyst has the necessary information for a preliminary report to the data entry
manager.

Related Procedures

The Validate Data procedure is a useful tool for data quality control.

B The [dentify Unusual Cases procedure analyzes patterns in your data and identifies
cases with a few significant values that vary from type.
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Identify Unusual Cases

The Anomaly Detection procedure searches for unusual cases based on deviations
from the norms of their cluster groups. The procedure is designed to quickly detect
unusual cases for data-auditing purposes in the exploratory data analysis step, prior

to any inferential data analysis. This algorithm is designed for generic anomaly
detection; that is, the definition of an anomalous case is not specific to any particular
application, such as detection of unusual payment patterns in the healthcare industry or
detection of money laundering in the finance industry, in which the definition of an
anomaly can be well-defined.

Identify Unusual Cases Algorithm

This algorithm is divided into three stages:

Modeling. The procedure creates a clustering model that explains natural groupings (or
clusters) within a dataset that would otherwise not be apparent. The clustering is based
on a set of input variables. The resulting clustering model and sufficient statistics for
calculating the cluster group norms are stored for later use.

Scoring. The model is applied to each case to identify its cluster group, and some
indices are created for each case to measure the unusualness of the case with respect to
its cluster group. All cases are sorted by the values of the anomaly indices. The top
portion of the case list is identified as the set of anomalies.

Reasoning. For each anomalous case, the variables are sorted by their corresponding
variable deviation indices. The top variables, their values, and the corresponding norm
values are presented as the reasons why a case is identified as an anomaly.

64
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Identifying Unusual Cases in a Medical Database

A data analyst hired to build predictive models for stroke treatment outcomes is
concerned about data quality because such models can be sensitive to unusual
observations. Some of these outlying observations represent truly unique cases and
are thus unsuitable for prediction, while other observations are caused by data entry
errors in which the values are technically “correct” and thus cannot be caught by
data validation procedures.

This information is collected in stroke_valid.sav. Use the Identify Unusual Cases
procedure to clean the data file. Syntax for reproducing these analyses can be found in
detectanomaly_stroke.sps.

Running the Analysis
» To identify unusual cases, from the menus choose:

Data
Identify Unusual Cases...
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Figure 7-1
Identify Unusual Cases dialog box, Variables tab

—I'ldentify Unusual Cases -/a/&d

Yariables |Output | Save | Missing values | Options |

Yarishles: Analysis Yariables:
PaHospitaI 1D [hospid] ;[I.Qge category [agecat] e
iIHospitaI size [hospsize] &)Gender [gender]
Panttending phyysician 1D [physid] R)Physically active [active] =
fﬁge in vears [age] &)Obesity [obesity]
&)History of diabetes [diabetes]
R)Blood pressure [bp]

&5 dbrial Fibrillation [af]

4 &)Smoker [smoker]

&)Cholesterol [choles]

&)History of angina [angina]
&)History of myocardial infarction [n
&)Prescribed nitroglycerin [nitra] M

- 2

e B

Case Identifer Yariable:

ﬂ | ¢y Patient ID [patid] |

To change a variable's measurement
lewvel, right click on it in the Yariables list,

[ [o]'4 ][ Paste H Resat H Cancel ][ Help ]

» Select Age category through Stroke between 3 and 6 months as analysis variables.
» Select Patient ID as the case identifier variable.

» Click the Output tab.
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Figure 7-2
Identify Unusual Cases dialog box, Output tab

—I'ldentify Unusual Cases =]

Yariahles | CUtPUt | Save | Missing Yalues | Options

List of unusual cases and reasons why they are considered unusual
Summaries

Peer group norms

Peetr groups are groups of cases that have similar walues For analysis variables. This
aption displays the distributions of analysis variables by peer group.

Anomaly indices

The anomaly index measures how unusual a case is with respect ko its peer group.
This option displays the distribution of anomaly index values among unusual cases.

Reason occurrence by analysis variable

Reports how often each analysis variable was responsible for a case being considered
unusual,

Cases processed

Summarizes the distribution of cases included and excluded From the analysis,

[ OF ][ Paste H Reset H Cancel ]| Help |

Select Peer group norms, Anomaly indices, Reason occurrence by analysis variable, and
Cases processed.

Click the Save tab.
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Figure 7-3
Identify Unusual Cases dialog box, Save tab

—I'ldentify Unusual Cases - e

Vatiables Output| Save |Missing Yalues | Options

Save Wariables
anomaly index Mame: AnomalyIndex

Measures the unusualness of each case with respect to its pesr group,

Peer groups Root Mame: | Peer

Three variables are saved per peer group: ID, case count, and size as a
percentage of cases in the analysis,

Reasons Roaot Mame: | Reason

Faour variables are saved per reason: name of reasan vatiable, value of reason
wariable, peer group norm, and impact measure For the reasan wariable,

[Jreplace existing variables that have the same name or rook name

Export Model File

File: Browse. .

[ [o]'4 l[ Paste H Resat H Cancel ][ Help ]

» Select Anomaly index, Peer groups, and Reasons.

Saving these results allows you to produce a useful scatterplot that summarizes the
results.

» Click the Missing Values tab.
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Figure 7-4
Identify Unusual Cases dialog box, Missing Values tab

—I'ldentify Unusual Cases =]

yatiables | Output || Save | Missing Values | Options

(7 Exclude missing values from analysis

User- and swster-issing walues are excluded.

(@ Include missing values in analysis

For scale variables, user- and system-missing walues are replaced with the wariable's
grand mean. For cateqarical watiables, user- and system-missing values are cormbined
and included in the analysis as a cateqgary.

Use proportion of missing walues per case as analysis variable

[ oK ][ Paste H Reset H Cancel ]| Help  §

» Select Include missing values in analysis. This process is necessary because there are
a lot of user-missing values to handle patients who died before or during treatment.
An extra variable that measures the proportion of missing values per case is added to
the analysis as a scale variable.

» Click the Options tab.



70

Chapter 7

Figure 7-5
Identify Unusual Cases dialog box, Options tab

—I'ldentify Unusual Cases - e

Yariables | Output || Save | Missing \-'alues| Options |

Criteria For Identifying Unusual Cases Mumber of Peer Groups
® Percentage af cases with highest anamaly Minimum: | 1
index values
L2
Percentage: Masdraum; 15

@) Fixed number of cases with highest anomaly
index values

fumber:

Pl Identify only cases whose anomaly index
value meets or exceeds a minimurn value

Cuboff;

Maximum Mumber of Reasons: 3

Specify the number of reasons reported in output and added to the active dataset if reason
variables are saved, The value is adjusted dowrward if it exceeds the number of analysis
wvariables,

’ Resat H Cancel ][ Help

» Type 2 as the percentage of cases to consider anomalous.

» Deselect Identify only cases whose anomaly index value meets or exceeds a minimum
value.

» Type 3 as the maximum number of reasons.

» Click OK.
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Figure 7-6
Case processing summary

&l % of Combined %o of Tatal

Peer D 1 710 B7.7% 67.7%
2 a0 86% 6%

3 247 237% 23.7%

Combined 1045 100.0% 100.0%
Total 1048 100.0%

Identify Unusual Cases

Each case is categorized into a peer group of similar cases. The case processing
summary shows the number of peer groups that were created, as well as the number
and percentage of cases in each peer group.

Anomaly Case Index List

Figure 7-7
Anomaly case index list

Case paticl Anomaly Index
543 TE40326167 2837
510 0714726620 2022
G623 E553808330 2m4a
a01 B461046805 2002
G607 1077125668 1.897
G54 2260043995 1.889
614 4030164768 1.8689
241 1033540465 1.8683
13 2191527525 1.826
172 4458028382 1.786
vos 1336411777 1778
651 4103977865 1.767
364 2247541363 1.767
a39 0437454872 1.766
861 9r4ETM e 3 17357
19 T2ATS35360 1.786
B06 4391632997 1.756
a1 B961930294 1.739
238 7315965190 1.738
857 B044244232 1737
243 0316569245 1.736
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The anomaly index is a measure that reflects the unusualness of a case with respect

to its peer group. The 2% of cases with the highest values of the anomaly index

are displayed, along with their case numbers and IDs. Twenty-one cases are listed,
ranging in value from 1.736 to 2.837. There is a relatively large difference in the value
of the anomaly index between the first and second cases in the list, which suggests
that case 843 is probably anomalous. The other cases will need to be judged on a

case-by-case basis.

Anomaly Case Peer ID List

Figure 7-8
Anomaly case peer ID list
Peer Peer Size

Caze paticl Peer ID Size Percert

a4 740326167 3 248 23.7%
510 0714726620 3 243 23T%
B23 B5538058330 3 248 23.7%
E GaE1 045305 3 244 237%
BO7 10771 25665 3 248 23T
aa4 2260043395 3 248 23.7%
514 40301 64758 3 243 237%
241 1038340465 3 248 23.7%
13 2191527325 3 248 23.7%
172 4458025352 3 248 23T
705 1336411777 1 710 B7. 7%
651 H0397TEE5 1 EA L] 57 7%
354 224TEH 363 3 243 237%
] 0437424972 3 248 23.7%
861 r4E1 a3 3 244 237%
19 T2ATE3E360 1 Tin 67 7%
S06 43916832997 1 710 B7. 7%
am GHE1 935204 1 Tin 67 7%
239 7313963190 3 248 23.7%
aa7 GO442442352 1 710 B7.7%
243 0316369249 3 248 23.7%

The potentially anomalous cases are displayed with their peer group membership
information. The first 10 cases, and 15 cases overall, belong to peer group 3, with

the remainder belonging to peer group 1.
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Anomaly Case Reason List

Figure 7-9
Anomaly case reason list
Reason: 1
Reazan Wariable Wariable

Case paticd Yariable Impact Walle Wariable Marm
43 TE40326167 cost 411 200.51 19.83
510 0714726620 | cost Az20 95,59 19.83
623 ES53808330 | cost A75 114.01 19.83
a01 461046805 barthel 054 80 | (Mizzing “alue)
607 1077125669 cost A28 9611 19.83
G54 2260043998 | cost 138 9373 19.83
614 40301647E9 barthel 085 45 | (Mizzing “alue)
241 1035340465 barthe! A5 25 | (Mizzing “alue)
13 2191527525 barthell 118 40 | (Mizzing “alue)
172 4455025352 barthel Az20 100 | (Mizsing Walue)
705 1336411777 | cost 244 195,23 4247
651 4103977868 | harthelt 0E4 a0 a5
384 2247641363 barthel 22 20 | (Mizzing walue)
839 0437454972 | harthelt A09 95 | (Missing alue)
861 QT4E101M 3 | barthelt A02 0| (Missing alue)
19 T237535360 harthel3 080 5 100
506 4391632997 | harthel2 ngs 10 100
g7 E961938294 | barthelt 094 B as
239 7315965190 barthel g2 45 | (Mizzing “alue)
887 B044244232 | harthelt 0EE 40 a5
245 0316869249 | barthelt A24 5| (Mizsing Yalue)

Reason variables are the variables that contribute the most to a case’s classification as
unusual. The primary reason variable for each anomalous case is displayed, along with
its impact, value for that case, and peer group norm. The peer group norm (Missing
Value) for a categorical variable indicates that the plurality of cases in the peer group
had a missing value for the variable.

The variable impact statistic is the proportional contribution of the reason variable
to the deviation of the case from its peer group. With 38 variables in the analysis,
including the missing proportion variable, a variable’s expected impact would be 1/38
=0.026. The impact of the variable cost on case 843 is 0.411, which is relatively
large. The value of cost for case 843 is 200.51, compared to the average of 19.83
for cases in peer group 3.

The dialog box selections requested results for the top three reasons.

» To see the results for the other reasons, activate the table by double-clicking it.

» Move Reason from the layer dimension to the row dimension.
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Figure 7-10
Anomaly case reason list (first 8 cases)
Reazan Wariakle Wariakle
Caze Reason praticd “ariakle Impact Yalue “ariakle Morm
G43 1 7540326167 | cost A1 20051 19.83
2 7540326167 barthel 076 BS | (Mizsing Walue)
3 TE40326167 rankini 044 2 | (Misging Yalue)
=10 1 0714726620 cost 20 9659 19.83
2 0714726620 | harthelt 083 a0 | (Missing Yalue)
3 0714726620 rehab 065 3 | (dlizsing Yalue)
623 1 6553808330 | cost A7s 114.01 19.83
2 E5538083530 surgery 089 2 | idiz=ing Yalue)
3 553808330 barthell 089 7O | (Mizsing Yalue)
a01 1 E4810465305 | barthell 024 80 | (Missing Yalue)
2 G461046505 retah o 3| (Missing Valug)
3 6461046505 rankini 63 1 | (Missing Value)
BO07 1 1077125668 cost 126 9511 19.83
2 1077125669 | harthelt 094 25 | (Miszing Yalue)
3 1077125669 retah a7z 3| (Missing Value)
G54 1 2260043998 | cost A38 99.73 19.83
2 2260043393 | barthelt A14 BS | (Miszing Yalue)
3 2260043995 retab 072 3| (Missing Yalue)
514 1 4030164769 | barthell nas 45 | (Miszing Yalue)
2 4030164769 rankind 085 3| (Missing Valug)
3 4030164769 rechart! 052 2 | idizzing Yalue)

This configuration makes it easy to compare the relative contributions of the top three
reasons for each case. Case 843 is, as suspected, considered anomalous because of its
unusually large value of cost. In contrast, no single reason contributes more than 0.10
to the unusualness of case 501.
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Identify Unusual Cases

Figure 7-11
Scale variable norms
Peer ID
1 2 3 Combined
Lencth of stay for hdean 16.55 1633 1591 1639
rehahilitation Ttd.
. 12.596 Luuin} 5.534 10.887
Deviation
Total treatment and hdean 42 4673 3.5089 198273 33.7641
rehahilitation costs St
in thousands Devistion | 26 45401 50997 (2047308 | 2731266
Mis=zing Proportion Mean 008 sS4 354 A34
Stdd.
Diewvistion 021 29E-016 053 REEr

The scale variable norms report the mean and standard deviation of each variable for
each peer group and overall. Comparing the values gives some indication of which
variables contribute to peer group formation.
For example, the mean for Length of stay for rehabilitation is fairly constant across
all three peer groups, meaning that this variable does not contribute to peer group
formation. In contrast, Total treatment and rehabilitation costs in thousands and
Missing Proportion each provide some insight into peer group membership. Peer group
1 has the highest average cost and the fewest missing values. Peer group 2 has very low
costs and a lot of missing values. Peer group 3 has middling costs and missing values.
This organization suggests that peer group 2 is composed of patients who were
dead on arrival, thus incurring very little cost and causing all of the treatment and
rehabilitation variables to be missing. Peer group 3 likely contains many patients who
died during treatment, thus incurring the treatment costs but not the rehabilitation costs
and causing the rehabilitation variables to be missing. Peer group 1 is likely composed
almost entirely of patients who survived through treatment and rehabilitation, thus
incurring the highest costs.
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Categorical Variable Norms

Figure 7-12
Categorical variable norms (first 10 variables)

Peer ID

1 2 3 Combined

Age category o=t Popular Category 2 3 2 2
Freguency 277 23 1 383

Percent 39.0% 278% 32.7% 36.5%

Gender Mozt Popular Category n} o 1 u]
Frequency 361 46 126 529

Percent S0.5% 51.1% 50.8% S0.5%

Physically active Mozt Popular Category 1 ] ] 0
Frequency 373 ) 139 a3

Percent 225% B1.1% 56.0% a30.7%

Ohesity Mozt Popular Category n] ] ] 0
Freguency 295 &7 178 goo

Percent 78.2% 74.4% 71.8% 7E.3%

Histary of o=t Popular Category u] o 0 0
diabetes Frequency BES &0 219 964
Percent 93.7% 55.9% 85.3% 92.0%

Blood pressure Mozt Popular Category 1 1 1 1
Frequency 445 49 138 633

Percent B2.7% 54 4% 56.0% G0.4%

Atrial firillation fiast Popular Categary 0 u] 0 0
Frequency B4 a3 *E 940

Percent a0.53% 92.2% 87.1% 89.7%

Smoker ozt Popular Categary o o 0 0
Freguency avs 2] 178 G268

Percent a1.4% TE7% 722% T8.8%

Cholesteral Mozt Popular Category 0 ul u] 1]
Frequency 406 52 136 594

Percent ST 2% a7 8% 54.8% 96.7%

History of anging | Most Popular Category u] u] 1] 1]
Fregquency 493 52 167 T2

Percernt B9.4% a7 8% B7.3% B7.9%

The categorical variable norms serve much the same purpose as the scale norms, but
categorical variable norms report the modal (most popular) category and the number
and percentage of cases in the peer group that fall into that category. Comparing the
values can be somewhat trickier; for example, at first glance, it may appear that
Gender contributes more to cluster formation than Smoker because the modal category
for Smoker is the same for all three peer groups, while the modal category for Gender
differs on peer group 3. However, because Gender has only two values, you can infer
that 49.2% of the cases in peer group 3 have a value of 0, which is very similar to the
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percentages in the other peer groups. By contrast, the percentages for Smoker range
from 72.2% to 81.4%.

Figure 7-13
Categorical variable norms (selected variables)

Peer I
1 2 3 Combined
Dead on arrival Mozt Popular Category o 1 ul u]
Frequency 710 a0 245 955
Percert 100.0% 100.0% 100.0% 91.4%
Initial Rankin Mozt Popular Category o [Miszing 5 5
SCOFE Walle)
Frequency 166 Q0 104 193
Percert 23.4% 100.0% 41 9% 18.4%
CAT zcan result | Most Popular Categary [Mliszing
o Walue) o .
Frequency BO7 a0 184 73
Percert 85.5% 100.0% 74.2% 73.59%
Clot-dissalving Mozt Popular Category 5 [Miszing o 2
drugs Walue)
Frequency 38 an 129 394
Percert 44 8% 100.0% 52.0% 37 6%
Died in hospital Mozt Popular Category 0 [Mis=zing 1 0
Walue)
Freguency 7a a0 171 a7
Percert 100.0% 100.0% G9.0% Ta1%
Treatment result | Most Popular Category 1 (Mizzing 1 1
Walue)
Frequency 524 a0 96 620
Percert 738% 100.0% 35.7% 59.2%
Post-everllt Mozt Popular Category o [Mizzing [Miz=sing o
preventative Walue) wallie)
SUrgery Freguency 323 a0 171 368
Percert 455% 100.0% 69.0% 35.2%
Post-event Most Popular Category o (Mizzing [Miz=sing o
rehakilitation Walue) “alue)
Frequency 78 90 171 314
Percert 39.2% 100.0% 69.0% 30.0%

The suspicions that were raised by the scale variable norms are confirmed further
down in the categorical norms table. Peer group 2 is composed entirely of patients who
were dead on arrival, so all treatment and rehabilitation variables are missing. Most of
the patients in peer group 3 (69.0%) died during treatment, so the modal category for
rehabilitation variables is (Missing Value).
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Anomaly Index Summary

Figure 7-14
Anomaly index summary

M in the St
Anomaly List Minirmum szimm Mean Deviation
Anomaly Index | 1.736 2837 1872 240

Minthe Anomaly List is determined by the specification: anomaly percentage is 2%

The table provides summary statistics for the anomaly index values of cases in the
anomaly list.
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Figure 7-15

Reason summary (treatment and rehabilitation variables)

Identify Unusual Cases

Qcourrence as Reason Yariable mpact Statistics

Freguency Percert Minimum Mazimum Mean Std. Deviation
Dead on atrival 1] 0%
Initizl Rankin score 0 09
CAT =can result 1] 0%
Clot-diz=salving drugs 1] 9%
Died in hospital 0 0%
Treatment result 0 0%
Post-event preventstive o 0%
SUrgery
Post-event rehabilitation 1] 9%
Rankin score st 1 manth 0 0%
Rankin scare at 3 months 1] 9%
Fankin score st 6 months 0 0% . . . .
Barthel index st 1 manth 13 61.9% 064 124 100 021
Barthel index st 3 months 1 4.8% g8 038 055
Barthel index st & months 1 4.8% 080 nan .nan
Recoded Barthel inde:x: st
1 month . %
Recoded Barthel inde:x: st
3 months . %
Recoded Barthel inde:x: st
B mornths . %
Stroke betveeen release
and 1 month . %
Stroke betvween 1 and 3 0 %
months
Stroke betvween 3 and &
mariths o %
Length of stay for
rehabiltation D %
Total treatment and
rehabitation costs in B 28.6% A20 A1 202 12
thousands
Mizsing Propaortion 0 0% . . . .
Crverall ey 100.0% 064 A1 27 078

For each variable in the analysis, the table summarizes the variable’s role as a
primary reason. Most variables, such as variables from Dead on arrival to Post-event
rehabilitation, are not the primary reason that any of the cases are on the anomaly list.
Barthel index at 1 month is the most frequent reason, followed by Total treatment and
rehabilitation costs in thousands. The variable impact statistics are summarized, with
the minimum, maximum, and mean impact reported for each variable, along with the
standard deviation for variables that were the reason for more than one case.
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Scatterplot of Anomaly Index by Variable Impact

The tables contain a lot of useful information, but it can be difficult to grasp the
relationships. Using the saved variables, you can construct a graph that makes this
process easier.

» To produce this scatterplot, from the menus choose:

Graphs
Chart Builder...
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Figure 7-16
Chart Builder dialog box
__| Chart Builder - [aJ&d
‘ariables:
Jlearthelin.. (0 Sebcolor
ilRecoded | 1
' Peer Graup ID '
dllrecoded ... R . :_% _____________ l? _______ :
dllrecoded ... D3 E o
@ Stroke be... PR o
& 5troke be... I o]
&b Stroke be. .. LOE
f Anomaly l L : (]
'y ' 1
wif : : o
fPeerGro... :__;6?__:
fpeer Gro... [v]
Categories: E@@ Reason Yariable Impact
W category § “] ! Measure 1 ' ‘Pl'h
W cateaorrz ¥ :
Chatt preview uses exanple data
Gallery Choase From:
S Favorites
Basic Elements Bar o] C Od:
Line D °
Cptional Elements Area P
—_— PiefPolar
Scatter/Daok
Hiskogram H o ©
. el b o]
Element Properties. ..
Options...
[ QK ] [ Paste ] [ Reset ] [ Cancel ] [ Help ]

Select the Scatter/Dot gallery and drag the Grouped Scatter icon onto the canvas.

Select Anomaly Index as the y variable and Reason Variable Impact Measure 1 as
the x variable.

Select Peer Group ID as the variable to set colors by.

Click OK.

These selections produce the scatterplot.
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Anomaly Index

Figure 7-17
Scatterplot of anomaly index by impact measure of first reason variable
200 Peer Group ID
| O1
(@)
3
250
2004
150 o
®
1.00 4
0504
I | T T
010 0.20 030 0.40

Reason Variable Impact Measure 1

Inspection of the graph leads to several observations:

The case in the upper right corner belongs to peer group 3 and is both the most
anomalous case and the case with the largest contribution made by a single
variable.

Moving down along the y axis, we see that there are three cases belonging to
peer group 3, with anomaly index values just above 2.00. These cases should be
investigated more closely as anomalous.

Moving along the x axis, we see that there are four cases belonging to peer group 1,
with variable impact measures approximately in the range of 0.23 to 0.33. These
cases should be investigated more thoroughly because these values separate the
cases from the main body of points in the plot.

Peer group 2 seems fairly homogenous in the sense that its anomaly index and
variable impact values do not vary widely from their central tendencies.
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Summary

Using the Identify Unusual Cases procedure, you have spotted several cases that
warrant further examination. These cases are ones that would not be identified by other
validation procedures, because the relationships between the variables (not just the
values of the variables themselves) determine the anomalous cases.

It is somewhat disappointing that the peer groups are largely constructed based on
two variables: Dead on arrival and Died in hospital. In further analysis, you could
study the effect of forcing a larger number of peer groups to be created, or you could
perform an analysis that includes only patients who have survived treatment.

Related Procedures

The Identify Unusual Cases procedure is a useful tool for detecting anomalous cases in
your data file.

m  The Validate Data procedure identifies suspicious and invalid cases, variables,
and data values in the active dataset.
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Optimal Binning

The Optimal Binning procedure discretizes one or more scale variables (referred to as
binning input variables) by distributing the values of each variable into bins. Bin
formation is optimal with respect to a categorical guide variable that “supervises” the
binning process. Bins can then be used instead of the original data values for further
analysis in procedures that require or prefer categorical variables.

The Optimal Binning Algorithm

The basic steps of the Optimal Binning algorithm can be characterized as follows:

Preprocessing (optional). The binning input variable is divided into n bins (where n
is specified by you), and each bin contains the same number of cases or as near the
same number of cases as possible.

Identifying potential cut points. Each distinct value of the binning input that does not
belong to the same category of the guide variable as the next larger distinct value of the
binning input variable is a potential cut point.

Selecting cut points. The potential cut point that produces the greatest information gain
is evaluated by the MDLP acceptance criterion. Repeat until no potential cut points are
accepted. The accepted cut points define the endpoints of the bins.

Using Optimal Binning to Discretize Loan Applicant Data
As part of a bank’s efforts to reduce the rate of loan defaults, a loan officer has
collected financial and demographic information on past and present customers in

the hopes of creating a model for predicting the probability of loan default. Several

84
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potential predictors are scale, but the loan officer wants to be able to consider models
that work best with categorical predictors.

Information on 5000 past customers is collected in bankloan binning.sav. Use the
Optimal Binning procedure to generate binning rules for the scale predictors, and then
use the generated rules to process bankloan.sav. The processed dataset can then be
used to create a predictive model.

Running the Analysis
» To run an Optimal Binning analysis, from the menus choose:

Transform
Optimal Binning...
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Figure 8-1
Optimal Binning dialog box, Variables tab

—1 Optimal Binning &

VYariables | Output | Save | Missing values | Options |

Yariables: & variables to Bin:

iILeveI of education [ed] fﬁge in vears [age]

f‘ﬁears with current employer [...
f‘fears at current address [ad...
fHousehoId income in thousan. .,
fDebt to income ratio (<1000 [...
ftredit catd debt in thousands. ..
4 fother debt in thousands [okh. ..

&) Cptimize Bins with Respect To:
4 | ¢-Previously defaulted [default]

Selected bins maximize the association between the binned variable and the

@ hoose one or more scale variables to bin and a nominal optimizer variable.
optimizer variable,

‘fou can save variables containing binned data values andfor binning rules on the
Save tab,

[ (o] 4 ] [ Paste ] [ Reset ] [ Cancel ] [ Help ]

» Select Age in years and Years with current employer through Other debt in thousands
as variables to bin.

» Select Previously defaulted as the guide variable.

» Click the Output tab.
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Figure 8-2
Optimal Binning dialog box, Output tab
rj Optimal Binning ﬁ1
Wariables TI3L|t| Save | Missing Yalues | Options |
Display

Endpaints for bins

Descripkive statistics For variables that are binned

[#]#adel entropy For variables that are binned:

[ (o] 4 ] [ Paste ] [ Reset ] [ Cancel ] [ Help ]

» Select Descriptive statistics and Model entropy for variables that are binned.

» Click the Save tab.
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Figure 8-3
Optimal Binning dialog box, Save tab

—1 Optimal Binning

variables | Qutput | 5ave | Missing Yalues | Options
Save Variables to Active Dataset
Create variables that contain binned data values

Suffix for Oukput Yarisbles: | bin

One variable is created for each variable that is binned, Mames of output variables are
created by appending an underscore and the suffix ko the name of the original variable; For
example, Age_bin.

[Ireplace existing variables that have the same name

Save Binning Rules as SPS5 Synkax

File: | ci\bankloan_binning-rules. sps

To save binning rules, specify a file, You can use the saved svntax to bin cases that are
not available when the bins are created,

[ (o] 4 ] [ Paste ] [ Reset ] [ Cancel ] [ Help

» Select Create variables that contain binned data values.

» Enter a path and filename for the syntax file to contain the generated binning rules. In
this example, we have used c:\bankloan binning-rules.sps.

» Click OK.

These selections generate the following command syntax:

* Optimal Binning.

OPTIMAL BINNING
/VARIABLES GUIDE=default BIN=age employ address income debtinc creddebt
othdebt SAVE=YES (INTO=age_bin employ_ bin address_bin income_bin debtinc_bin
creddebt_bin othdebt_bin)
/CRITERIA METHOD=MDLP
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PREPROCESS=EQUALFREQ (BINS=1000)

FORCEMERGE=0

LOWERLIMIT=INCLUSIVE

LOWEREND=UNBOUNDED

UPPEREND=UNBOUNDED

/MISSING SCOPE=PAIRWISE

/OUTFILE RULES='c:\bankloan_binning-rules.sps'
/PRINT ENDPOINTS DESCRIPTIVES ENTROPY.

m  The procedure will discretize the binning input variables age, employ, address,
income, debtinc, creddebt, and othdebt using MDLP binning with the guide
variable default.

m  The discretized values for these variables will be stored in the new variables
age_bin, employ bin, address_bin, income_bin, debtinc_bin, creddebt bin, and
othdebt _bin.

m [f a binning input variable has more than 1000 distinct values, then the equal
frequency method will reduce the number to 1000 before performing MDLP
binning.

m  SPSS command syntax representing the binning rules is saved to the file
c:\bankloan_binning-rules.sps.

®  Bin endpoints, descriptive statistics, and model entropy values are requested for
binning input variables.

®  Other binning criteria are set to their default values.

Descriptive Statistics

Figure 8-4
Descriptive statistics

Mumber
of Distinct | Mumber
i dinimLim hdimim Walues of Bins
Age in years 000 20 o5 39 2
Years with currert employer =000 0 38 34 4
YWears at current address 5000 1] k) et 3
Household income in thousands =000 1210 2481.70 1100 2
Debt to income ratio (1007 5000 s 44 B2 2060 a
Crecit card debt in thousands =000 | 139.58 000 4
Cither debt in thousands 5000 M 416,52 4999 2
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The descriptive statistics table provides summary information on the binning input
variables. The first four columns concern the pre-binned values.

N is the number of cases used in the analysis. When listwise deletion of missing
values is used, this value should be constant across variables. When pairwise
missing value handling is used, this value may not be constant. Since this dataset
has no missing values, the value is simply the number of cases.

The Minimum and Maximum columns show the (pre-binning) minimum and
maximum values in the dataset for each binning input variable. In addition to
giving a sense of the observed range of values for each variable, these can be
useful for catching values outside the expected range.

The Number of Distinct Values tells you which variables were preprocessed using
the equal frequencies algorithm. By default, variables with more than 1000
distinct values (Household income in thousands through Other debt in thousands)
are pre-binned into 1000 distinct bins. These preprocessed bins are then binned
against the guide variable using MDLP. You can control the preprocessing feature
on the Options tab.

The Number of Bins is the final number of bins generated by the procedure and is
much smaller than the number of distinct values.

Model Entropy

Figure 8-5
Model entropy

hodel Ertroprey
Age in years TE5
“ears with current emplayer Tad
Wears at current address T
Houzehold incotne in thousands B03
Debt to income ratio (x100) T
Credit card debt in thousands 76
Cther debt in thousancds any|

Emaller model entropy indicates higher predictive accuracy of
the binned variable on guide variable Previously defautted.

The model entropy gives you an idea of how useful each variable could be in a
predictive model for the probability of default.
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B The best possible predictor is one that, for each generated bin, contains cases with
the same value as the guide variable; thus, the guide variable can be perfectly
predicted. Such a predictor has an undefined model entropy. This generally does
not occur in real-world situations and may indicate problems with the quality
of your data.

®  The worst possible predictor is one that does no better than guessing; the value of
its model entropy is dependent upon the data. In this dataset, 1256 (or 0.2512) of
the 5000 total customers defaulted and 3744 (or 0.7488) did not; thus, the worst
possible predictor would have a model entropy of —0.2512 x logy(0.2512) —
0.7488 x logy(0.7488) = 0.8132.

It is difficult to make a statement more conclusive than that variables with lower model
entropy values should make better predictors, since what constitutes a good model
entropy value is application and data-dependent. In this case, it appears that variables
with a larger number of generated bins, relative to the number of distinct categories,
have lower model entropy values. Further evaluation of these binning input variables
as predictors should be performed using predictive modeling procedures, which have
more extensive tools for variable selection.

Binning Summaries

The binning summary reports the bounds of the generated bins and the frequency
count of each bin by values of the guide variable. A separate binning summary table is
produced for each binning input variable.

Figure 8-6
Binning summary for Age in years

Mumber of Cazes by Level of Previously
End Poirt defautted
Bin Lot Upper Mo Yes Total
1 s 32 1124 ] 1768
2 s | ? 2615 B17 3232
Total 3744 1256 5000

Each bin iz computed as Lower == Age in years = Upper.
a. Unhounded



92

Chapter 8

The summary for Age in years shows that 1768 customers, all aged 32 years or
younger, are put into Bin 1, while the remaining 3232 customers, all greater than 32
years of age, are put into Bin 2. The proportion of customers who previously defaulted
is much higher in Bin 1 (639/1768=0.361) than in Bin 2 (617/3232=0.191).

Figure 8-7
Binning summary for Household income in thousands

Mumber of Cases by Level of Previously
End Poirt defaulted
Bin Lower Upper Mo Yes Total
1 2 26.70 1054 513 1567
2 70 | ® 2640 743 3433
Total 3744 1256 5000

Each binis computed as Lower == Household income in thousands = Upper.
&. Unbounded

The summary for Household income in thousands shows a similar pattern, with
a single cut point at 26.70 and a higher proportion of customers who previously
defaulted in Bin 1 (513/1567=0.327) than in Bin 2 (743/3433=0.216). As expected
from the model entropy statistics, the difference in these proportions is not as great

as that for Age in years.

Figure 8-8
Binning summary for Other debt in thousands
Mumber of Cases by Level of Previoushy
End Poirt defauted
Bin Lowver Upper Mo Yes Total
1 : 244 2161 539 2700
2 219 |*® 1533 T 2300
Total 3744 1256 5000

Each kin iz computed as Lovwer <= Other debt in thouzands < Upper.

a. Unbounded

The summary for Other debt in thousands shows a reversed pattern, with a single cut
point at 2.19 and a lower proportion of customers who previously defaulted in Bin
1 (539/2700=0.200) than in Bin 2 (717/2300=0.312). Again, as expected from the
model entropy statistics, the difference in these proportions is not as great as that for

Age in years.
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Figure 8-9
Binning summary for Years with current employer
Mumber of Cases by Level of Previously
Encd Paoirt defauted

Bin Lowwer Upper Mo Yes Total
1 a 3 g29 478 107
2 3 a8 1068 461 1527
3 8 13 1471 268 1733
4 18 78 49 B27
Total 3744 1256 5000

Each hinis computed as Lower == Years with current employer = Upper.

#. Unbounded

Optimal Binning

The summary for Years with current employer shows a pattern of decreasing

proportions of defaulters as the bin numbers increase.

Bin Proportion of Defaulters
1 0.432
2 0.302
3 0.154
4 0.078
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Figure 8-10
Binning summary for Years at current address
Mumber of Cases by Level of Previously
Endl Pairt detfauted

Bin Lovwer Upper Mo Yes Total
1 3 7 1652 g2a 2451
2 7 14 1184 313 1497
3 14 |® 908 114 1022
Total 3744 1258 5000

Each bin iz computed as Lower == Years &t current address < Upper.
8. Unbounced

The summary for Years at current address shows a similar pattern. As expected
from the model entropy statistics, the differences between bins in the proportion of
defaulters is sharper for Years with current employer than Years at current address.

Bin Proportion of Defaulters
1 0.334
2 0.209
0.112
Figure 8-11
Binning summary for Credit card debt in thousands
Mumber of Cases by Level of Previoushy
End Pairt defaulted
Bin Lowver Upper Mo Yes Total
1 3 a7 2188 466 2635
2 o7 191 48 307 1155
3 191 £.05 E43 352 995
4 gos | ° 54 131 215
Tatal I744 1256 5000

Each kin is computed as Lovwer == Credit card debt in thousands = Upper.
A. Unbounded

The summary for Credit card debt in thousands shows the reverse pattern, with
increasing proportions of defaulters as the bin numbers increase. Years with current
employer and Years at current address seem to do a better job of identifying
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high-probability nondefaulters, while Credit card debt in thousands does a better job
of identifying high-probability defaulters.

Bin Proportion of Defaulters
1 0.177

2 0.266

3 0.354

4 0.609
Figure 8-12

Binning summary for Debt to income ratio (x100)

Mumber of Cases by Level of Previoushy
End Pairt defaulted

Bin Lowver Upper Mo Yes Total
1 ? 4309 a2 ] 1000
2 4389 1209 2006 437 2443
3 12.09 157 B25 386 1011
4 18.71 3100 195 303 501
] oo |® 3 42 45
Total 3744 1256 5000

Each kin is computed as Lovwer == Deht to income ratio (x1007 = Upper.

4. Unbounded

The summary for Debt to income ratio (x100) shows a similar pattern to Credit card
debt in thousands. This variable has the lowest model entropy value and is thus the best
prospective predictor of the probability of default. It does a better job of classifying
high-probability defaulters than Credit card debt in thousands and almost as good of a
job of classifying low-probability defaulters as Years with current employer.

Bin Proportion of Defaulters
1 0.088
2 0.179
3 0.382
4 0.605
5 0.933
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Binned Variables

Figure 8-13
Binned variables for bankloan_binning.sav in Data Editor
] *bankloan_binning.sav [] - SPSS Data Editor =]
File Edit View Data Transform  Analyze Graphs  Uklities  Add-ons  Window  Help
=Hd & o =h d FEBELRE % @
1: age a1 Yisible: 16 of 1k
default | age_hin |emp|0y bin| address bi|income hin|debtinc hin|creddebt bi|0thdebt bin| -
1 0 2 3 2 2 2 1 2
2 il 1 3 2 2 3 2 2
3 il 2 3 3 2 2 3 2
4 0 2 3 3 2 4 3 2
E 0 2 2 3 1 3 2 2
=} il 2 1 2 2 1 1 1
7 1 2 1 1 1 3 2 1
&3 il 2 4 2 2 3 2 2
9 il 2 3 2 2 2 2 2
1a il 2 2 2 2 2 2 2
11 il 1 1 1 1 2 1 1
12 1 2 3 2 2 4 4 2
13 ] 2 3 3 2 2 3 2
14 1 2 3 1 2 2 1 1
15 i} 1 1 2 2 2 2 1 w
4|+ \\Data View 4 Variable view [ |< »|
SP3S Pracessar is ready

The results of the binning process on this dataset are evident in the Data Editor. These
binned variables are useful if you want to produce customized summaries of the
binning results using descriptive or reporting procedures, but it is inadvisable to use
this dataset to build a predictive model because the binning rules were generated using
these cases. A better plan is to apply the binning rules to another dataset containing
information on other customers.

Applying Syntax Binning Rules

While running the Optimal Binning procedure, you requested that the binning rules
generated by the procedure be saved as SPSS command syntax.

» Open bankloan_binning-rules.sps.
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Figure 8-14
Syntax rules file

22| bankloan_binning-rules.sps - SPSS Syntax Editor =]

Eile Edit Wiew Data Transform  Analyze Graphs  Utlities Run  Add-ons
=T = R T Exbh #& » @ 7=
* OPTIMAL BINMING Rules.

window  Help

S

RECODE age
MISSING = SYSMIS)
(32 THRU HI= 2)
LOW THRU 32 =1)
INTO age_hbin.

WARIABLE LABELS
age_bin 'Binned input wariable age based on guide variable default”

FORMATS
age_bin (FB.0).

WARIABLE LEVEL
age_bin (MOMINAL).

WALUE LABELS age_bin
1 'age < 32'

232 <= gge’.

RECODE employ —
IMAISSIRG = SV SRS b

SPSS Processor is ready

For each binning input variable, there is a block of command syntax that performs
the binning; sets the variable label, format, and level; and sets the value labels for

the bins. These commands can be applied to a dataset with the same variables as
bankloan_binning.sav.

Open bankloan.sav in the \Tutorials\sample_files subdirectory of the SPSS installation
directory, then return to the Syntax Editor view of bankloan_binning-rules.sps.
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» To apply the binning rules, from the Syntax Editor menus choose:

Run
All...
Figure 8-15
Binned variables for bankloan.sav in Data Editor
& *bankloan.sav [DataSet2] - SPSS Data Editar =lo/Ed
File Edit “ew Data Transform Analyze Graphs Utlities  Add-ons  Window Help
EHE D os = T BER % @
7 o preddef2 01792557 129524596 “isible: 19 of 1
preddefd | age bin|ermploy_bin| address_hin |income_bin| debtine_bin| creddebt_bin|othdebt_bin|
1 21304 2 3 2 2 2 4 2 =
2| 43850 1 3 1 2 3 2 2
3| 14102 2 3 3 2 2 1 1
4| 10442 2 3 3 2 1 3 1
5| 43620 1 1 1 2 3 2 2
Bl 23355 2 2 1 1 2 1 1
7| 81709 2 4 2 2 4 3 2
8| 11336 2 3 2 2 1 1 1
39| 68390 1 2 1 1 4 2 2
10{ 51953 2 1 2 1 4 3 1
11 03055 1 1 1 1 1 1 1
121 13831 1 2 1 1 2 1 1
13| 22890 2 4 3 2 2 3 2
14] 40434 2 2 2 2 3 2 2
15 20866 2 4 3 2 2 3 2 ]
i+ \DataView & Variahle iew B ) |<) [ ’ 3|
SP35 Processor is ready

The variables in bankloan.sav have been binned according to the rules generated by
running the Optimal Binning procedure on bankloan binning.sav. This dataset is now
ready for use in building predictive models that prefer or require categorical variables.

Summary

Using the Optimal Binning procedure, we have generated binning rules for scale
variables that are potential predictors for the probability of default and applied these
rules to a separate dataset.
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During the binning process, you noted that the binned Years with current employer
and Years at current address seem to do a better job of identifying high-probability
non-defaulters, while the Credit card debt in thousands does a better job of identifying
high-probability defaulters. This interesting observation will give you some extra
insight when building predictive models for the probability of default. If avoiding bad
debt is a primary concern, then Credit card debt in thousands will be more important
than Years with current employer and Years at current address. If growing your
customer base is the priority, then Years with current employer and Years at current
address will be more important.
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