Installing SOLAS™ 3.0

HARDWARE REQUIREMENTS
SOFTWARE REQUIREMENTS
INSTALLATION INSTRUCTIONS
NETWORK INSTALLATION
UNINSTALLING

KNOWN ISSUES

The following paragraphs give the configuration recommended for optimization of the
performance of SOLAS™ 3.0.

Hardware Requirements

PC with a Pentium processor

CD-ROM drive

14 MB of free disk space

32 MB of RAM

V GA graphics card with compatible monitor

* & & o oo o

A mouse
Software Requirements

¢ Microsoft Windows® 9x or Microsoft Windows® NT 4.0 (Intel) with Service
Pack 3 or later.

NOTE: If you areingtaling to Windows NT 4.0 then you must have administrative rights to
that machine.

Installation Instructions

1. Insert the SOLAS™ 3.0 CD into the CD drive of your computer. Click on Run inthe
Start menu and enter x:setup (where x isthe drive for the CD).

2. You will see amessage saying that the SOLAS™ 3.0 Setup program is preparing to
install.
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Installation

Welcome E

“Welcome to the Solas Setup program. This program will install
Solas on your computer.

It iz strongly recommended that pou exit &l Windows programs
before running this Setup program.

Click Cancel to quit Setup and then close any programs you have
running. Click Mext to continue with the Setup progran.

‘WARNING: This program is protected by copyright law and
intemnational treaties.

Unauthorized reproduction or distribution of this program, or any
partion of it, may result in severe civil and criminal penalties, and
will be prosecuted ta the maximum extent possible under law.

< Back Cancel |

3. The Welcome message reminds you to exit from all programs. It also offers a chance to
exit from the SOLAS™ 3.0 installation. You can click on the Cancel button any time
you wish to cancel theinstallation. Click on the Next button to continue.

Solas 2.0 License Agreement E
g Pleaze read the following licensze agreement.
STATISTICAL SOLUTIOMS LICENSE AGREEMENT. -

THIS DOCUMENT SETS FORTH THE TERMS AND COMDITIONS OF THE LICENSE
AMD THE LIMITED WARRANTY FOR STATISTICAL SOLUTIONS. PROCEEDING
WITH THIS INSTALLATION CONSTITUTES YOUR ACCEPTANCE OF THIS LICENSE
AGREEMENT WITH RESPECT TO SUCH DISKS AWD ALL ACCOMPANYING
SOFTWARE RECEIVED By OU. IF vOU DO NOT ACCEPT THIS AGREEMENT,
YOU MaY RETURN THIS SOFTWARE UNDAMAGED ‘WITHIM 10 DAYS OF RECEIPT
AND YOUR MONEY WiILL BE REFLINDED

1. GRAMT OF LICEMSE. In consideration of payment of the LICEMSE fee,
which iz part of the price you paid for this product, Statistical Solutions as LICENSOR,
grants to you, the LICENSEE, a non-exclusive right to use this copy of SOLAS LI

Do you accept these terms™?

< Back ez No |

4. The Statistical Solutions License Agreement is displayed. Scroll and read through
the agreement. If you do not agree with the terms of the license, click on the No
button, and you will go to an exit dialog. If you do agree with the terms of the
license, click on the Y es button to continue.
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User Information E

Please enter your name. the name of the company for wham you
waork. and the product serial number.

LCompany: ISlat\sticaI Solutions Lid.

Serial: I

< Back I Tent> I Cancel |

5. TheUser information formis displayed. Enter your name, company, and the serial
number (which is on the Solas™ 3.0 box) for your copy of the system. After entering the
information, click on the Next button to continue. If you enter an incorrect serial
number, you will be prompted to enter the correct number.

NOTE: It isrecommended that you record the serial number for your copy of Solas™ 3.0in a
safe place.

Choose Destination Location E

Setup will install Solas 2.0 in the Following falder.
To install to this folder, click Next.

Toinstall to a difterent folder. click Browse and select anather
folder.

You can choose not to ingtall Solaz 2.0 by clicking Cancel ta exit
Setup,

CiA AStatistical Solutions\Solas 2.0

" Destination Folder

< Back I Mext » I Cancel |

6. The Destination Location screen provides a default directory (C:\Program
Files\Statistical Solutions\Solas 3.0). Click on the Browse button to choose a different
folder. After specifying afolder, click on the Next button to continue.
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Select Program Folder [X]

Setup will add program icans ta the Progiam Flder listed below
“ou may ype a new folder name, or select ane fram the existing
Falders list. Click Next ta cantinue.

Pr Folders;

Esisting Foldeis:

Accessores

dobe Acrobat 4.0

SICLEAR 4.0

4R Cserve Client Agent for Windows 35

DemeShield &4

EquivTest 1.0 Demonstration

EquivTest 100

HP Laserlet |

<Back [ New> | cancel |

7. Inthe Select Program Folder screen, the default Program Folder nameis Solas 3.0. You

may type a new Program Folder name or select one from the existing Program Folder list.
Click on the Next button to continue.

Check Salas 2.0 Information <]

Setup has enaugh informatian to begin the fle transfer operation.
IF paut want ta review or change any of the settings, click Back. If
you are satistisd with the settings click Neat ta begin copying
fies

Current Settings:

User Informatior: =
Peter Bennett
Stalistical Solutions Ltd
ahc123

Sourcs Directory: D4

Target Directary: C:\Salas 2.0

Solas 2.0 willtaks up 12ME of diskspace

Proaram Folder: Solas 2.0

o are installing from & CDFiar drive ta 5 hard diive.

: o

Cancel |

Use the Check SOLAS 3.0 Information screen to confirm that the information is correct.
If you are satisfied, click Next to continue.

When the installation is complete, you are given the choice of reading the README file
or not. Click Yesto read thefile, click No to continue without reading it.

Setup has completed installing Solas 2,0, Before pau can use the
program, you must restart your computer,

" No. | will restart my computer later

Remove any disks fiom their diives. and then click Finish to
et setup.

10. Thefinal screen tells you that you have finished installing SOLAS™ 3.0. Y ou must
restart your computer before using SOLAS™ 3.0, so choose Yesif you are ready to use
the program. Click on the Finish button to continue.
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Network Installation

If you have alicenseto install soLAS™ 3.0 on more than one client computer, then you can
install SOLAS™ 3.0 on a network and have each end user install from there.

Installing SOLAS™ 3.0 over the network is atwo step process:

1. Theadministrator creates the administrative installation point by installing the
SOLAS™ 3.0 ingtallation and program files to the server.

2. Usersinstall SOLAS™ 3.0 by running Setup from the administrative installation point.

The same Setup.exe is used for each of these steps, athough in two different modes. To avoid
confusion in the discussion below, these two modes will be referred to as follows:

Administrative Installation
To create the Administrative Installation Point, you run Setup.exe from the SOLAS™ 3.0 CD.

Before doing the administrative installation of SOLAS™ 3.0, make sure that the destination
folders are empty. If aprevious version of SOLAS™ exists, delete all of it.

Client Installation

To perform aclient installation, a user runs Setup.exe from the administrative installation point.

Administrative Installation
Toinstall SOLAS™ 3.0 on the Administrative Installation Point:

1. Run Setup.exe from the SOLAS™ 3.0 CD. Setup.exe must be run from a workstation
with write access to the server, not directly on the server itself.

2. When you get to the Destination Location screen choose a network drive |etter. The
server volume to which you choose to install SOLAS™ 3.0 must be mapped to a drive
letter (e.g. X:\); you cannot specify a UNC path (e.g. \\server\share).

3. Setup will copy all the SOLAS™ 3.0 installation and program files to the
administrative installation point.

4. After theinstallation is complete, share the folder to which you installed SOLAS™ 3.0
on the network.

Client Installation

Toinstall SOLAS™ 3.0 on the client computers, users will:
1. Connect to the main SOLAS™ 3.0 folder on the administrative installation point.
2. Run Setup.exe.

This setup will install the SOLAS™ 3.0 sample files and certain shared DLLs necessary to run
SOLAS™ 3.0. Then the user will accessthe SOLAS™ 3.0 program files from the network.

It is recommended that users have a read-only connection to the server SOLAS™ 3.0.
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Uninstalling

OR

Click on the uninstall icon in the Solas 3.0 program group.

Go to Add/Remove Programs in the Control Panel, click on Solas 3.0 and then click on
the Add/Remove button.

Known Issues

If SOLAS™ 3.0 failsto install or failsto run after the installation, the following is alist of
known issues that may be the source of the problem:

1.

To do asingle-user installation of SOLAS™ 3.0 you must have a CD-ROM drive on
your machine. Y ou cannot perform a shared CD installation of SOLAS™ 3.0; i.e., you
cannot access another CD-ROM drive over the network to install SOLAS™ 3.0. Also,
you cannot copy the contents of the SOLAS™ 3.0 CD from another computer to your
hard disk or to a network volume and then attempt to run the installation from either of
these locations. Y ou must run the SOLAS™ 3.0 installation directly from the target
machine's CD-ROM drive to its hard disk.

If you areinstalling to Windows NT 4.0 then you must have administrative rights to
that machine. If you do not have administrative rights to the machine that you are
installing to, then the installation may not be ableto install all of the files necessary to
run SOLAS™ 3.0.

Anti-virus programs that have been configured to prevent executable files from being
copied to the hard disk will interfere with an installation. If the installation appeared to
run normally but did not transfer the application to the hard drive, virus protection may
be the problem. Therefore the solution to the problem is to disable your anti-virus
software and then run the installation again.
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SOLAS" Version 3.0

MISSING DATA

SINGLE IMPUTATION

MULTIPLE IMPUTATION

ANALYZING MULTIPLY-IMPUTED DATA SETS

APPENDICES

About this Manual

This manual deals with the problem of analyzing data sets in which data are missing. We first
explain how to run SOLAS™ so you can begin your analyses. We then provide some general
information about handling variables and casesin SOLAS™, and thisis followed by overviews
of the Single and Multiple Imputation techniques that are available in the new SOLAS™ 3.0,
followed by examples using Single Imputation.

Multiple Imputation is then discussed in more detail with a description of the method SOLAS™
uses to sort Monotone and Non-monotone missing data and displays the data patterns. Then the
Predictive Model Based Method and Propensity Score Methods are described, and a description
of the way in which SOLAS™ imputes Monotone and Non-monotone missing datais given.
Thisisfollowed by two short examples, one using the Predictive Model Based method, and one
using the Propensity Score method.

Several worked examples are provided next. These examples demonstrate how each of the
available methods for Single and Multiple Imputation are used.

Finally, several appendices are given that detail formulae and methods, and give referencesto
literature.

NOTE: Thismanual isintended as a user reference for SOLAS™ and as a guide to using the
various distinct methods of imputation that SOLAS™ 3.0 provides. It isnot meant asa
textbook for missing data, nor isit intended as a comprehensive description of multiple
imputation. For this, the user should consult the references given in Appendix F.
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Enhancements to SOLAS™ Version 3.0

Thefollowing isalist of enhancementsin the new SOLAS™ Version 3.0:
¢+ A new Predictive Model Based Multiple Imputation technique has been added.
¢+ A new Predicted Mean Single Imputation technique has been added to the system.
¢+ The Propensity Score Based Multiple Imputation functionality has been extended.

¢ The Missing Data Pattern window has been extended to allow viewing of Monotone
and Non-Monotone missing data patterns before imputation. An Imputed Data Pattern
window has been added.

+ A new Combine function is available for the Multiple Imputation output. Combined
results are computed automatically for each data page.

¢ Script language to support non-interactive access to the file handling, data
management, and Multiple Imputation functionality. Thiswill be available in version
2.1

+ All text output windows are upgraded to produce MSWord 7.0 compatible outpuit.
¢ Multiple selection of variables using “drag-and-drop”.
¢ SOLAS™ 3.0isa32-hit application.

Descriptions of al of these enhancements are included in this manual.

Missing Data

Missing data are a pervasive problem in data analysis. Missing values lead to less efficient
estimates because of the reduced size of the database, also standard complete-data methods of
analysis no longer apply. For example, analyses such as multiple regression use only cases that
have complete data, so including a variable with numerous missing values would severely
reduce the sample size.

When cases are deleted if one or more variables has missing values, the number of remaining
cases can be small even if the missing datarate is small for each variable. For example, suppose
your data set has 5 variables measured at the start of study and monthly for six months. You
have been told, with great pride, that each variable is 95% complete. If each of these 5
variables has arandom 5% of the values missing, then the proportion of cases that are expected
to be complete are 1-(.95)"35=0.834. That is, only 17% of the cases would be complete and
you would lose 83% of your data.

Missing data also cause difficulties in performing Intent-to-Treat analyses in randomized
experiments. Intent-to-Treat (IT) analysis dictates that all cases - complete and incomplete, be
included in any analyses. Biases may exist from the analysis of only complete cases if there are
systematic differences between completers and dropouts. To select avalid approach for
imputing missing data values for any particular variable, it is necessary to consider the
underlying mechanism accounting for missing data. Variablesin a data set may have values that
are missing for different reasons.

8 Imputation User Manual



A laboratory value might be missing because:

- It wasbelow the level of detecti

on.

Imputation

- The assay was not done because the patient did not come in for a scheduled visit.
- Theassay was not done because the test tube was dropped or lost.
- Theassay was not done because the patient died, or was lost to follow-up, or other

possible causes.

Getting Started

After performing the Setup described earlier in this manual, clicking on the SOLAS™ 3.0 icon
displays the Main window shown below:

« S0LAS 02.00
File Yiew Window Help

\-ﬁolus .

Select File and then Open from the Main window menu-bar displays an Open window. In this
window you can browse the directories/folders on your system for alist of the stored data sets

which you want to analyze.

Open 2]
Look i | ‘4 Samples =l & e ==
[« JRIRFOLL EFLE2 EIM_TRIAL
=] AIRFOLL2 [=]FILE
[ cams Filex
=] FATHESS [=] FISHER:
<] FIDELL [£] FIsHmIsE
=] FILE1 [=] LonGLEY
Flename: | Dpen |
Files of type: [ Solas - Datashest [ mdd] =l Cancel
™ Dpen as jead-oriy Help L,
)

The datasheets in the “ Samples’ folder shown in the Open window above can be used as datato
perform some example analyses which will familiarize you with the system. Several of these
examples are discussed later in this manual. Alternatively, you may want to create a new
datasheet, in this case you would select New from the File menu in the Main window.
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Type of file:

ndd]
Solas - Frequency Table [*.mdf]

Murnber ars: |1 Mumnber Cases: |1
I ame For file: IFiIe‘I

QK I Eancell Help |

Y ou can also set preferences for your output options from the Main window View menu System
Preferences menu.

Using the data fields in this window you can create a datasheet or a frequency table with the
required number of variables and cases, or rows and columns. Start in one of the following
ways:

»  Enter the criteriafor your new datasheet, then press the OK button.
Or

e Select an existing datasheet from your file system using the Open window, then press the
Open button.

Whether you create a new datasheet or open an existing datasheet, you will see a window
similar to the window shown below with its menu bar.

atasheet : MI_TRIAL
File Edit ‘arasbles Usze Analyze Plot Format View ‘window Help

21 vars 0BS SYMPDUR AGE Heasn_#@ -
50 cases
1 1.000800000 1.37 57 177

a 1 a2 4. 9n 7o 44C

KN A7

Selecting Analyze, then Single | mputation or M ultiple Imputation displays one of the menus
shown below.

Edt Vapadder Uos | gasios Pt Foms Vew Sidos Heb

Bl 0 st azhent - M81_TFiLAL

Bie Ed Vigahisy Use | dnaion B0 Fomst Wew mindes Bep B

it o T oo weasnsl| e, L =l
— === b el 7 - ] e okl B Hednt T
i S| T
Darerivn Staizica ol it - Detsoruive Siaieics S Bty Yoo Motinl y
2 B i - 1 2 B . 78 165 1
3 Tl L3l wn 2} a T L3 m n
Eand Tesin. 3 fand Teutz -
A L 53 78 FH a froting 53 274 5
s Frun BMDF Jarse s s o " Fhun BMDF Dlaise » e "
] & LR 7 108 = o ] LR ] 198 =
7 T 0.62 [T 187 E ] 847 a9 1.7
[] 1 1.58 a7 a1 S [ [] 1.58 [ a =
[ 9 1.8 [5 213 3 [ [] 1.88 [ 213 F3
1 " ] a7 278 E3 1" 1 P &7 276 3
" " [ED n s My " i ®. 15 Ll 5 G |
(311 | BT O

From one of the menus shown above, you can select the method of imputation that you want to
use, and a specification window will be displayed where the selected method can be setup.
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General

The following subsections provide general information about variables, (grouping, variable
selection/de-selection, and defining case selection.

Grouping variables can be selected for al of the imputation methods. If agrouping variableis
specified, then the sorting of missing data patterns and the generation of multiple imputationsis
carried out for each group of cases having the same observed value as the specified grouping
variable.

More detailed information about variablesis given in Chapter 1 of the Systems Manual — Data
Management, and the sections “ Specifying Variable Attributes’, and “Defining Variables.”

Variable Selection/De-selection

There are several options regarding the variables of a data set that isto be analyzed. These
options can be displayed from the datasheet Use menu as shown below:

tasheet - MI_TRIAL

11
sssss

Remove
Use AllVariatles

Use Al Cases

) Define Case Selection
5

d

Y ou can select and de-select variables by using the datasheet View menu and selecting Missing
Data Pattern (described later) to display the Missing Data Pattern window shown below. To
de-select avariable, right-click at the top of any column in the missing pattern to highlight the
variable, then choose Omit Highlighted Variable from the Use menu.

3 Missing Value Pattem: MI_TRIAL

iew Window Help
able

Cases
(50)

Define case selection

Case selection can be applied in two ways: Systematic or User-defined by choosing Define
Case Selection from the Use menu in a datasheet. Depending on the selection, one of the
windows shown below is displayed:
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Specify Case Use =]
Condition on Case:
[Measa 1> 180 AND Measa 1< 240 |
Variables:
Sel .
FASE - Case -
MISSING | & Use Dnly Cases Meeting Condition
0BS
SYMPDUR " Use All But Cases Mesting Condition
Systematic Case Selection .  Add Cases Meeting Condition to Use List
MeasA_1 _| " Remove Cases Meeting Condition from
- Meash_2 Use List
Uze Every EI th Caze Starting at Case I:I MeasA_3
MeasB 0 ¥
ok | Cancel | Help | 0K | | Concel | | Clear | Help |

For Systematic case definition, numerical selection can be applied. For User-defined case
specification, conditional and logical operators can be applied to selected cases within variables
as shown in the right-hand window above. A table showing the operators, their meanings, and
their keyboard entriesis given in Chapter 1 of the System Manua — Data Management.

Multiple Drag and Drop

Multiple variables can be “dragged” by holding down the <Ctrl> key and selecting
(highlighting) variables. The"Drag Variable" controls will not be enabled. If some of the
variables being dragged into a data field are inappropriate for that data field, the system will
display a message, and those variables will not be placed in the field. The remaining variablesin
the multiple selection will be moved as intended.

Vasiable(s) to Impute:
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Overviews of Imputation in SOLAS™

Imputation is the name given to any method whereby missing valuesin a data set are filled-in
with plausible estimates. The goal of any imputation technique is to produce a complete data
set that can be analyzed using compl ete-data inferential methods. The following describes the
Single and Multiple imputation methods available in SOLAS™ 3.0 that are designed to
accommodate a range of missing data scenarios in both longitudinal and single-observation
study designs.

Single Imputation Overview

SOLAS™ 3.0 provides four distinct methods by which you can perform Single Imputation —
Group Means, Hot-deck Imputation, Last Vaue Carried Forward, and Predicted Mean
imputation.

The Single Imputation option provides a standard range of traditional imputation techniques
useful for sensitivity analysis.

Group Means

Imputed values are set to the variable's group mean (or mode in the case of categorical data.)

Hot-deck Imputation

Imputed values are selected from responders that are similar with respect to a set of auxiliary
variables.

Last Value Carried Forward (LVCF)
The last observed value of alongitudinal variable isimputed.

Longitudinal variables are those variables intended to be measured at several pointsin time,
such as pre and post test, measurements of an outcome variable made at monthly intervals,
|aboratory tests made at each visit from baseline, through the treatment period, and through the
follow-up period.

For example: if the blood pressures of patients were recorded every month over a period of six
months, we would refer to this as one longitudinal variable consisting of six repeated measures
or periods.

Linear interpolation is another method for filling in missing valuesin alongitudinal variable. If
amissing value has at |east one observed value before, and at least one observed value after, the
period for which it is missing, then linear interpolation can be used to fill in the missing value.
Although this method logically belongs in the LV CF option, for historical reasonsit isonly
available as an imputation method from within either the Propensity Score Based Method, or the
Predictive Model Based Method. For further details see the Bounded Missing section.
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Predicted Mean

Imputed values are predicted using an ordinary |east-squares multiple regression algorithm to
impute the most likely value when the variable to be imputed is continuous or ordinal. When
the variable to be imputed is a binary or categorical variable, a discriminant method is applied
to impute the most likely value.

Multiple Imputation Overview

SOLAS™ 3.0 provides two distinct methods for performing Multiple Imputation:
- ThePredictive Model Based Method.
- Propensity Score Based Method.

Using either method, each missing valueis replaced by M (M = 2) imputed values to create M
complete data sets. Multiple Imputation has the following properties:

¢ Once the multiple imputations are generated, the resulting data sets can be used by
any complete statistical analysis.

¢ The extra uncertainty due to missing data is taken into account by imputing two or
more different values per missing data entry.

Predictive Model Based Method

The models that are available at present are an Ordinary Least Squares (OLS) Regression, and a
Discriminant Model. When the data are continuous or ordinal, the OL S method is applied.
When the data are categorical, the discriminant method is applied.

Multiple imputations are generated using a regression model of the imputation variable on a set
of user-specified covariates. The imputations are generated via randomly drawn regression
model parameters from the Bayesian posterior distribution based on the cases for which the
imputation variable is observed.

Each imputed value is the predicted value from these randomly drawn model parameters plus a
randomly drawn error-term. The randomly drawn error-term is added to the imputations to
prevent over-smoothing of the imputed data. The regression model parameters are drawn from
aBayesian posterior distribution in order to reflect the extra uncertainty due to the fact that the
regression parameters can be estimated, but not determined, from the observed data.

Propensity Score Method

The system applies an implicit model approach based on Propensity Scores and an Approximate
Bayesian Bootstrap to generate the imputations. The propensity score is the estimated
probability that a particular element of datais missing. The missing dataarefilled in by
sampling from the cases that have a similar propensity to be missing. The multiple imputations
are independent repetitions from a Posterior Predictive Distribution for the missing data, given
the observed data.
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Single Imputation in SOLAS™

Single Imputation is the method in which each missing value in a data set isfilled in with one
value to yield one complete data set. This allows standard compl ete-data methods of analysis to
be used on thefilled-in data set.

Group Means

Missing values in a continuous variable will be replaced with the group mean derived from a
grouping variable. The grouping variable must be a categorical variable that has no missing
data. Of courseif no grouping variable is specified, missing valuesin the variable to be
imputed will be replaced with its overall mean.

When the variable to be imputed is categorical, with different frequenciesin two or more
categories (providing a unique mode), then the modal value will be used to replace missing
valuesin that variable. Note that if there is no unique mode, i.e. if there are equal frequenciesin
two or more categories, then if the variable is nominal, a value will be randomly selected from
the categories with the highest frequency.

If the variable is ordinal, then the ‘middle’ category will be imputed. If the variable has an even
number of categories, avalue israndomly chosen from the middle two.

Group Means [0 Example

This example uses the Fisher (1936) Iris data, FI SHER.M DD, containing measurements, in
centimeters, of sepal length and width, as well as petal |ength and width, on 50 samples from
each of three species of Iris (1=Setosa, 2=Versicolor, 3=Virginica).

Thefile FISHM1SS.M DD isacopy of the original file, created after deleting six values. In this
example, we will use Group Means imputation to replace the missing values in the data set.

1. Openthefile FISHMISS.MDD located in the SAM PL ES subdirectory.

2. To perform Group Means Imputation, from the datasheet menu bar select Analyze
=>»Single Imputation, then choose Group Means...

Multiple selection of variables (using drag-and-drop) is supported and is described earlier in this
manual.

3. Select the variable(s) you want to impute (SEPALWID and PETALLEN) by
dragging and dropping the variable(s) from the Variableslist to the Variablesto
Imputefield.

4. Dragand drop your grouping variable from the Variable list to the Grouping
Variablefield. If you have chosen a grouping variable that has not been previously
categorized, the system warns you that you must group the variable. If you do not
specify agrouping variable, the overall mean for the variable will be imputed.

For this example, the variables we want to impute are SEPALWID and PETALLEN, so drag
and drop them from the Variables list to the Variables to Impute field. Our grouping variable
isthe variable SPECIES, so this should be dragged to the Grouping Variable field.
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Specify Group Means - Single Imputation

Wariables: “Wariables to |mpute:

SERPALLEN SERPALWID
PETALWID PETALLEM

Longitudinal
Wariables : Grouping Variable:

[SPECIES

[rag ariatls:
Type:
# Missing:

o | [ Canee ] Hep |

5. When you are satisfied with your choice, click OK. Theimputed data set is
displayed with the imputed values appearing in pink. Thisimputed data set can be
saved for later analysis, or exported to various other statistics packages (see Chapter
1 — Data Management in the Systems Manual).

Hot-Decking

This method sorts respondents and non-respondents into a number of imputation subsets
according to a user-specified set of covariates. Animputation subset comprises cases with the
same values as those of the user-specified covariates. Missing values are then replaced with
values taken from matching respondents (i.e. respondents that are similar with respect to the
covariates). If thereis more than one matching respondent for any particular non-respondent,
the user has two choices:

1. Thefirst respondent’s value as counted from the missing entry downwards within
the imputation subset is used to impute. The reason for thisisthat the first
respondent’s value may be closer in time to the case that has the missing value. For
example, if cases are entered according to the order in which they occur, there may
possibly be some type of time effect in some studies.

2. A respondent’s value is randomly selected from within the imputation subset.

If a matching respondent does not exist in the initial imputation class, the subset will be
collapsed by one level starting with the last variable that was selected as a sort variable, or until
amatch can be found. Note that if no matching respondent is found, even after all of the sort
variables have been collapsed, three options are available:

- Re-specify new sort variables
The user can specify up to five sort variables.
- Perform random overall imputation

Where the missing value will be replaced with a value randomly selected from the
observed values in that variable.

- Do not impute the missing value

SOLAS will not impute any missing values for which no matching respondent is
found.
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Hot-Decking [0 Example
This example also uses the data set FISHM 1 SS.M DD.

1. Openthefile FISHMISSMDD.

2. To perform Hot-deck Imputation, from the datasheet menu bar select Analyze
=>»Single Imputation, and Hot Deck...

3. Again, the variables we want to impute are SEPALWID and PETALLEN, so drag
them into the Variablesto Imputefield.

For this example we will use SPECIES and SEPALLEN as our sort variables. The order in
which the Variablesfor Sort are specified isimportant, because if no matching respondent is
found in the initial imputation class, the class will be collapsed by one level according to the last
variable specified in the Variablesfor Sort field.

4. Since we would expect irises of the same species to be similar with respect to the
various measurements, we select SPECIES as our primary sort variable, and then
select SEPALLEN as the secondary sort variable.

Specify Hot-deck - Single Imputation

Waiiables: Wariables to Impue: Variables for
PETALWID SEPALWID it

<o
PETALLEN SPECIES
SEPALLEN

Note: Sarting wil be
performed in the order

earance of
wariables in thig list

& Select
© Randomly select fro

alching respondents

"F\u\e 1 apply when more then one matching respondent is and—‘

" Resper
" Peifam

Do nat impute the missing value

"Rue ta appy when no matehing respordent is found 0K

5. Under Ruleto apply when more than one matching respondent is found, choose
Randomly select from matching respondents.

6. Under Ruleto apply when no matching respondent is found, choose Re-specify
new sort variables.

7. When you are satisfied with your choice, click OK. Theimputed values are
displayed in the color orange.

The system sorts the data set in ascending order, so SPECIES is sorted first, and SEPALLEN
issorted next. Then, for each missing value, the system finds all respondents with matching
values for these two variables. Thus, case #96 (which ismissingin SEPALWID) has
SPECIES=1 and SEPALLEN=5.0. There are 7 respondents in thisimputation class (cases #1,
#42, #55, #56, #68, #73 and #108), with matching values for SPECIES and SEPALLEN, and a
randomly selected respondent is used to impute the missing value.

Imputation User Manual 17



Imputation

NOTE: If your sort variables are continuous variables with significant decimal places, exact
matches may not occur. You could use the Transform feature to take the integer value
of variablesthat you want to use for sorting.

Thisimputed data set can be saved for later analysis or exported to any other statistics package.
(See Chapter 1 - Data Management in the Systems Manual.)

Last VValue Carried Forward

The Last Value Carried Forward (LV CF) technique can be used when the data are longitudinal
(i.e. repeated measures have been taken per subject). The last observed value is used to fill in
missing values at alater point in the study. Therefore one makes the assumption that the
response remains constant at the last observed value.

This assumption can be biased if the timing and rate of withdrawal is related to the treatment.
For example, in the case of degenerative diseases, using the last observed value to impute for
missing data at a later point in the study means that a high observation will be carried forward,
resulting in an overestimation of the true end-of-study measurement.

LVCF OO Example
This example usesthe dataset M1_TRIAL.MDD (located in the SAM PLES subdirectory).

Define Longitudinal Variables

Since LV CF can only be performed on longitudinal variablesin SOLAS™, our first step will be
to define the Longitudinal Variablesin the data set.

1. OpenthefileM| TRIAL.MDD.
2. Fromthe Variables menu, select Define Variables =»L ongitudinal...

3. The system assigns the default name L Var 1 to the first longitudinal variable. Just
type M easA into the Name field to replace the default name.

4. Click on the variable name in the Elements listbox to enable the I nitialize From
Variable Name button, then press this button to include all the “MeasA” variablesin
the Elementsin Variablefield.

5. The system automatically assigns a period value of zero to the first element, and the
remaining elements will be assigned period values of 1, 2, etc. Y ou can change these
values by typing in new values.

For example, you might want to change the default period values if your repeated measurement
were taken at baseline monthl, month6, and month8, i.e. at unequal time intervals. By setting
the period valuesto 1, 6, and 8, you will ensure that linear interpolation of bounded missings
will be correct. Here the measurements were taken at month1, month2, and month3, so the
default values do not need be changed.

6. Click on New Variable to define the elements of our second longitudinal variable.

7. A dialog box appears, asking if you want to save your changes to the longitudinal
variable MeasA. Click Yes.
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8. Typethe name MeasB in the name field, then click on the variable name in the
Elementslistbox to enable the I nitialize From Variable Name button, then press
this button to include all the “MeasB” variablesin the Elementsin Variablefield.

9. When you are satisfied that you have defined your longitudinal variable correctly,
click OK to finish.

Define Longitudinal Yariable

Longtudinal Varicbles: Name:
Meas
Meask
Elements in Yariable
Element___ Peiiod
Elemerts Meash 0 |0 =
085 -
SYMFDUR Meast 1|1
AGE Meash_2 |2
soMeas_2 =
Meash_§ M

Transti
Varl6 Il Delete Variatie | [Newvaratie
Type
Roke

Initialize: from Wariable Name

i3 Cancel Hebp

LVCF Imputation

1. To perform LVCF Imputation, choose Single Imputation =» Last Value Carried
Forward from the datasheet Analyze menu.

2. Thetwo longitudinal variables that we created appear in the Longitudinal Variables
list. Drag and drop the variables M easA and M easB from the L ongitudinal
Variableslist into the Variablesto I mpute field.

Specify Last ¥alue Camied Forward - Single Imputation

Langitudinal X
‘anables Wariables to Impute:
Measd
Meask
[ | {Cancel | Help |

3. When you are satisfied with your choice, click OK. Theimputed data set is
displayed with the imputed values appearing in Blue/Grey.

The value from the last observed period is carried forward to fill in for missing valuesin later
periods. For example; case #7 has a baseline value of 147 for MeasA, but is missing for all
subsequent periods. Thisvalue of 147 is carried forward to fill in for these missing periods.
Thisimputed data set can be saved for analysis later, or exported to any other statistics package
(see Chapter 1 — Data Management in the Systems Manual).
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Predicted Mean Imputation

Predicted Mean Imputation is performed using an Ordinary L east-Squares Regression or a
Discriminant analysis. A general description of these methods s given below.

Ordinary Least Squares

Using the L east-squares method, missing values are imputed using predicted values from the
corresponding covariates using the estimated linear regression models. This method is used to
impute all the continuous variablesin a data set.

Discriminant

Discriminant Multiple Imputation is amodel based method for binary or categorical variables.
For each missing data entry, the category with the largest conditional probability given the
values of the selected covariatesisimputed. More detailed information can be found in
Appendix D — Discriminant Multiple Imputation.

Predicted Mean Imputation — Example
This example usesthe dataset MI_TRIAL.MDD (located in the SAM PLES subdirectory).

1. Openthedatasheet MI_TRIAL.MDD, select Analyze = Single Imputation, and the
Predicted M ean option to display the Specify Predicted Mean window.

2. Dragthe variablesto be imputed, the chosen Covariates, and the Grouping Variable
between the Variable(s), the Variable(s) to Impute, and the Covariate(s) listboxes,
and Grouping Variable datafield.

3. For this example we have chosen the Variables to be imputed as M easA_1 and
MeasA_2, the variable MeasA_0 asthe Covariate.

NOTE: You cannot drag variables that do not contain missing values into the “Variable(s) to
Impute’ listbox.

4. When the required variables have been selected, press the OK button to display the
Specify Predicted Mean window shown below:

Specify Predicted Mean - Single Imputation

ariable(s). “ariable(s) to Impute: Covariate[s})

Meazs_1 Meast_0
Meash_2

Transfl ﬂ
Grouping Variable:
= DraafEratle
Type: |
# Missing:
oK LCancel I

5. After pressing the OK button, new datasheet window is displayed where the imputed
values are displayed as green text, and an I mputation Report (shown in part below)
can be selected from the View menu:
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1| Single Imputation - Predicted M ean: Imputation Report :RMI_TRIALmodified

Fl Edt Yiew Fomat Window Help
il =fe = e z]ufT= ' Single Imputation - Linear Regression: |mputation Report :RMI_TRIA
Al He Edt View Fomst Window Hep
il o = Blz|u[[E
|
DIAGNOSTICS
1 SPECIFICATION Imputation Variable
Date of Analysis: Wednesday, November24, 1999 at 16:25:52 teash_1
ataset: Ml TRIALmodified Cases included in imputation model.
Analysis: Single Prodicted Mean Imputation - Total Tncluded Tncluded with | Included with
: imputation imputation
Imputation variable(s) and selected covariates. variable variable missing
observed
Variables © Covariate Covariate Information Meash 1 0 0 EC] 1
Impute ) )
[Wiewh 1 [WiewsA [Complets | Imputation Variable
[Messh 2 [Meash 0 [Complete ] Moash 2
Cases included in imputation model.
Total included included with | Included vath
imputation imputation
variable | variable missing
PROCEDURE ariable, _
Imputation Variable Wisash 7 0 il 5 T
Moasa 1
Equation for imputing missing values
Meash 1 = - 25.0222 + 1.0665 * Meask O
Imputation Variable Jid) I Y I B
NUM ol 37 | Lner 6 | Page: 1 [ NUM  [CaPs Cob O [Line: 101 | Page:r 1

NOTE: There are no missing values in the variable chosen as the Covariate in this example,

Then:
1.

NOTE:

but if there were, the following window would be displayed:

The covariate you have chosen has missing vales.

& Use hot-deck imputation to imputs the covariate. The variable
to be used for hat-deck imputation is: [ogs B

 Include a missingness indicator variable for this cavariate in
regression pool.

© Exclude the cases that have missing values in this covariate
fiom the analysis

[ | Cancel Help

If the Use hot-deck imputation option is chosen, you must select avariablein the
dropdown listbox that will be used to impute the missing values in the Covariate. The
dropdown list contains alist of al of the variables in the data set, in the same order as
they appear in the datasheet. If more than one matching respondent is found, avalueis
randomly selected from within the imputation class. If no matching respondent is
found, the respondent is selected at random from all the used cases.

If the Include a missingnessindicator is chosen for a covariate X, then the
independent variable X is changed into R,* X and the intercept is adjusted by adding
the independent variable 1 - R, to the regression model, where R, isthe response
indicator vector for the incomplete covariate X. See Appendix C — Multiple
Imputation — Predictive Model Based Method.

If the Exclude option is chosen, all of those cases that are missing in the Covariate are
excluded, and no missing values will be imputed for these cases.

Unless another Covariate is chosen, the Covariate with missing val ues discussed above
will be used in al subsequent steps of the imputation.

And:

4.

If anominal variable(s) is chosen as the Covariate(s) you will be prompted to create
design variables and these will be used in the regression analysis.
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If there are no groupsin the variable chosen as a grouping variable, you will be
prompted to group the variable.

NOTE: There are no missing values in the variable chosen as a grouping variable for this
example, but if there were, the following window would be displayed:

5.

Incompletely Dbserved Grouping Variable

The grauping varable you have chosen has missing values.

Yo may:
= Use hot-deck imputation to impute the grouping variable. The var
o be used for hat-deck imputation s [gps =

riable

s that have missing values in this grouping variable:

" Exclu
from the: analysis.

Concel | tep |

Then:
If the Use the hot-deck option is chosen, you must select a variable in the dropdown
listbox that will be used to impute the missing values in the grouping variable. The
dropdown list will contain alist of all of the variablesin the data set, in the same order
as they appear in the datasheet.
If more than one matching respondent is found, a value is randomly selected from
within the imputation class. If no matching respondent is found, the respondent is
selected at random from all of the used cases.
If the Exclude option is chosen, all of those cases that are missing in the grouping
variable are excluded, and no missing values will be imputed in these cases.
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Multiple Imputation in SOLAS™ 3.0

Multiple Imputation replaces each missing value in the data set with several imputed values
instead of just one. First proposed by Rubin in the early 1970's as a possible solution to the
problem of survey non-response, the method corrects the major problems associated with single
imputation (see Appendix F, references[1] to [5]). Multiple Imputation creates M imputations
for each missing value, thereby reflecting the uncertainty about which value to impute.

— imputations

7 e
T .
T f"fc- o

’- e f,{

Thefirst set of the M imputed valuesis used to form the first imputed data set, the second set of
the M imputed values is used to form the second imputed data set, and so on.

Inthisway M imputed data sets are obtained. Each of the M imputed data sets is statistically
analyzed by the complete-data method of choice. Thisyields M intermediate results. These M
intermediate results are then combined into afinal result, from which the conclusions are drawn,
according to explicit formulae (see Appendix A). The extrainferential uncertainty dueto
missing data can be assessed by examining the between imputation variance and the following
related measures:

- Therelative increases in variance due to non-response ( Ry, ) and the fraction of
information missing due to missing data ( y/y, ).

General

Before the imputations are actually generated, the missing data pattern is sorted as close as
possible to a Monotone missing data pattern, and each missing data entry is labeled as either
Monotone missing or Non-monotone missing, according to where it fits in the sorted missing
data pattern.

Missing Data Pattern

The Missing Data Pattern window displays missing data patterns from your data set before and
after imputation. Y ou can display the Specify Missing Data Patter n window (shown below)
from the View menu of a datasheet. Using this window you specify which variables should be
used to determine a missing data pattern. Y ou can also specify a grouping variable, in which
case separate patterns will be generated for each group
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Specify - Missing Data Pattern

Wariables: “Wariable(s) to Display:
OBS = Grouping
SYMPDUR Wariable: I
AGE
Meast,_0
Meash,_1
Meash,_2 Bounded Missing
Meast,_3
MeasE D =] I | izl rermofete
Longitudinal
Wariables:
(95 Use Al
Lancel
Drag Yariable
Type:
Help
H# Missing:

After specifying the variables to use and pressing the OK button, aMissing Data Pattern
window is displayed (below left) with the missing pattern before imputation. From the View
menu of aMissing Data Pattern window you can display the M onotone pattern (below right).
Y ou can also display alegend from which you can easily identify the missing data type(s).

[F] Missing Data Pattern: Health_Example1  [Mi[=] 3 [ ] Missing Data Pattern: Health_Example1  [HI[=] E3

File Use “iew Rewn “Window Help File Use “iew HReun ‘Window Help
Varlables (4) Wariables {4}
Yy - Joa | |
| Present | Present
Kl | Missing 4 2 Non-tMonotane
= Monotane

Cases Cases

25 3 (29

[FEEEFEEERHER R FEE

From the View menu of aMissing Data Pattern window you can display Pairwise
Missingness/Presence. These display a matrix that contsins the number of cases that are
missing/present in each pair of variables.

If you right-click on any of the cellsin the missing pattern, a new panel will display the case
number, the variable name, and its status. Also from the View menu, you display an Options
window which allows you to choose between various options to use in the display.

Missing Data Pattern - Options

Girid Size:
(Pixels IT:I K I

Pairwize Reparts Cancel |
&+ Counts

" Percentages el |
 Propartions
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The third view of your data set is displayed from the View menu of the Output pages after you
have performed the imputation (see Multiple Imputation - Output later in this manual). You can
also use the View menu L egend option to display a colored legend that identifies the method of
imputation used for the missing data.

Monotone Missing Data Pattern

A monotone missing data pattern occurs when the variables can be ordered, from left to right,
such that avariable to the |eft is at |east as observed as all variablesto the right. For example, if
variable A isfully observed and variable B is sometimes missing, A and B form a monotone
pattern. Or if A isonly missing if B isalso missing, A and B form a monotone pattern. If A is
sometimes missing when B is observed, and B is sometimes missing when A is observed, then
the pattern is not monotone (e.g. see Little and Rubin, 1987, Section 6.4, and References [6] and
[7] in Appendix F.)

We also distinguish between a missing data pattern and alocal missing data pattern:

¢ A missing data pattern refers to the entire data set, such as a Monotone missing data
pattern.

¢ A loca missing data pattern for a case refers to the missingness for a particular case of
adata set.

¢ Aloca missing data pattern for a variable refers to the missingness for that variable.

NOTE: If two cases have the same sets of observed variables and the same sets of missing
variables, then these two cases have the same local missing data pattern.

A Monotone pattern of missingness, or a close approximation to it can be quite common. For
example, in longitudinal studies, subjects often drop out as the study progresses so that all
subjects have time 1 measurements, a subset of subjects have time 2 measurements, only a
subset of those subjects have time 3 measurements, and so on.

SOLAS™ sorts variables and casesinto a pattern that is as close as possible to a Monotone
pattern. Monotone patterns are attractive, because the resulting analysisis flexible. The resulting
imputation is completely principled since only observed/real data are used in the model to
generate the imputed values. See Rubin, 1987, Chapter 5.

Example of Sorting into a Monotone Missing Data Pattern

In SOLAS™ 3.0, finding a Monotone missing data pattern consists of three main processes. The
first process sorts the variables in a datasheet from the most observed to the least observed.
Thisis demonstrated using a simple datasheet and the Variables List window. By selecting the
View menu in a datasheet window, you can display the Missing Data Pattern, and from the
View menu in the Missing Data Pattern window you can display the Variable List windows as
shown in this example. The datasheet, the unsorted data in the Missing Data Pattern window
and the unsorted Variable List window are shown below:
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Wariables (B)

Analyze Plot Format View Window Help
bl L e O Variable List

] g Gases 7 :

2 89.00 34.00 56.00 1200 57.00 78.00 (53] Variable Mo | Varisble Name
; ww | wn [ T i i Vaitle_]

) I N I B G z Varsbe2
| wm | ww | wm i H e 2

6 1200 78.00 g Varisble_5

7 300 7800 3 Yariable_§

The new pattern (after sorting) can be viewed in the Missing Pattern window and in the Variable
list window. Missing cases are represented by the darkened squares. All variables with the same
local missing data pattern are adjacent. After sorting the variables from most observed to least
observed in the first process, we have the following result.

Variables (B)

Variable List
Varizhle No_| Yariable Name |
Vatiable_6

Vaiiable_2
Variatle_4
Variatle_3
Variable_1
Vaiiable_5

o e

The second process rearranges the cases. Starting with the least missing variable (#6), cases
with the most missing values are moved towards the bottom of the sort order, and this processis

repeated for the next least missing variable (#5) as shown in the left and right-hand images
below:

Variahles (6) Variahles (6)
@ Watiable Mo | Variable Name 1 @ Wariabls No_| Variable Name |
1 Vaiiable_G 1 Vaiiable_b
2 Vaiiable_2 2 Vaiiatle_2
3 Vaiisble_4 3 Yaiiable_4
4 Variable_3 4 Yaiable_3
5 Vaiisble_1 5 Variatle_1
B Vaiiable_5 6 Yaiiatle_5

The same processis continued for variables #4, #3, and #2 as shown in the left-hand image
below. All cases with the same local missing data pattern are adjacent.

Finally, an additional scan is performed to determine whether any of the variables that lie
outside the Monotone pattern can be moved in order to include more missing valuesin the
Monotone pattern. In this example, swapping the first two variables results in extra missing

values being included in the Monotone pattern. The result of this processis shown in the right-
hand image below

wariables (B) Yariahles (B)
RUARER =felolololel Y
cases 1 ™ Variable List Casss T ™ I |
@ Vaiiable No_| Variable Name @ 4 Watiable Mo | Wariable Name
1 Variable_& 1 Vaiiable_2
2 Variable_2 4 2 Variable_&
3 Yariable_4 m 3 Vaiable_#
4 Waisble_3 4 Valisble_3
5 Variable_1 5 Vaiablz_1
B Yariable_5 3 Variable_&

The right-hand image above displays the final result in constructing an approximate Monotone
pattern for the example datasheet shown earlier. The missing valuesin the lower right corner are
labeled as Monotone missing, and the others as Non-monotone missing.
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Predictive Model Based Method

If Predictive Model Based Multiple Imputation is selected, then an ordinary least-squares
regression method of imputation is applied to the continuous, integer, and ordinal imputation
variables, and discriminant multiple imputation is applied to the nominal imputation variables.

Ordinary Least-squares Regression

The predictive information in a user-specified set of covariatesis used to impute the missing
valuesin the variables to be imputed. First, the Predictive Model is estimated from the
observed data. Using this estimated model, new linear regression parameters are randomly
drawn from their Bayesian posterior distribution. The randomly drawn values are used to
generate the imputations, which include random deviations from the model’ s predictions.
Drawing the exact model from its posterior distribution ensures that the extra uncertainty about
the unknown true mode! is reflected.

In the system, multiple regression estimates of parameters are obtained using the method of least
squares. If you have declared a variable to be nominal, then you need design variables (or
dummy variables) to use this variable as a predictor variable in a multiple linear regression. The
system’s multiple regression allows for this possibility and will create design variables for you.

Generation of Imputations

Let Y be the variable to be imputed, and let X be the set of covariates. Let Y5 be the observed
valuesinY, and Y,s themissing valuesin Y. Let X5 be the units corresponding to Yops

The analysisis performed in two steps:

1. TheLinear Regression Based Method regresses Y,s 0n X t0 Obtain a prediction
equation of the form: Y s =a+bX pjs.

2. A random element is then incorporated in the estimate of the missing values for each
imputed data set. The computation of the random element is based on a posterior
drawing of the regression coefficients and their residual variances.

Refer to Appendix C for more detailed information about the analysis that is performed for
Multiple Imputation using the Predictive Model Based Method.

Posterior Drawing of Regression Coefficients and Residual
Variance

Parameter values for the regression model are drawn from their posterior distribution given the
observed data using non-informative priors. In thisway, the extra uncertainty due to the fact
that the regression parameters can be estimated, but not determined, from Yous and Xoys IS
reflected.

Using estimated regression parameters rather than those drawn from its posterior distribution
can produce improper results, in the sense that the between imputation variance is under-
estimated. For more detailed information see Appendix C — Multiple Imputation — Predictive
Model Based Method.
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Discriminant Multiple Imputation

Discriminant multiple imputation is amodel based method for imputing binary or categorical
variables.

Leti,...,sbethe categories of the categorical imputation variabley. Bayes Theorem is used to
calculate the probability that a missing value in the imputation variable y is equal to itsj™
category given the set of the observed values of the covariates and of y.

For more details see Appendix D — Discriminant Multiple Imputation.

Propensity Score

The system applies an implicit model approach based on Propensity Scores and an Approximate
Bayesian Bootstrap to generate the imputations. The underlying assumption about Propensity
Score Multiple Imputation is that the non-response of an imputation variable can be explained
by a set of covariates using alogistic regression model. The multiple imputations are
independent repetitions from a Posterior Predictive Distribution for the missing data, given the
observed data.

Variables are imputed from left to right through the data set, so that values that are imputed for
one variable can be used in the prediction model for missing values occurring in variablesto the
right of it. The system creates atemporary variable that will be used as the dependent variable
inalogistic regression model. Thistemporary variable is aresponse indicator and will equal 0
for every case in the imputation variable that is missing and will equal 1 otherwise.

The independent variables for the model will be a set of baseline/fixed covariates that we think
arerelated to the variable we are imputing. For example, if the variable being imputed is period
t of alongitudinal variable, the covariates might include the previous periods (-1, t-2, ...).

The regression model will allow usto model the “missingness’ using the observed data. Using
the regression coefficients, we calcul ate the propensity that a subject would have a missing
valuein the variable in question. In other words, the propensity score is the conditional
probability of “missingness’, given the vector of observed covariates.

Each missing data entry of the imputation variable y isimputed by values randomly drawn from
a subset of observed values of v, i.e. its donor pool, with an assigned probability close to the
missing data entry that is to be imputed. The Donor Pool defines a set of cases with observed
values for that imputation variable.

Defining Donor Pools Based on Propensity Scores

Using the optionsin the Donor Pool window, the cases of the data sets can be partitioned into ¢
donor pools of respondents according to the assigned propensity scores, where ¢=5 is the default
value of c. Thisisdone by sorting the cases of the data sets according to their assigned
propensity scoresin ascending order.
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The Donor Pool page gives the user more control over the random draw step in the analysis.
You are able to set the sub-set ranges and refine these ranges further using another variable
known as the Refinement Variable that is described below.

Three ways of defining the Donor Pool sub-classes are provided:

1. You candivide the sampleinto c equal sized subsets; the default will be 5. If the value
of ¢ resultsin not more than 1 case being available to the selection algorithm, ¢ will
decrement by 1 until such time asthereis sufficient data. The final value of c used is
included in the Imputation Report output described later in this manual .

2. You can use the subset of ¢ casesthat are closest with respect to propensity score.
This option alows you to specify the number of cases before and after the case being
imputed that are to be included in the sub-class. About 50% of the cases will be used
before, and 50% of the cases are used after. The default ¢ will be 10 and cannot be set
to avaluelessthan 2. If lessthan 2 cases are available, avalue of 5 will be used for c.

3. You can use the subset of d% of the cases that are closest with respect to propensity
score. This option allows you to specify the number of cases before, and after the case
being imputed. Thisisthe percentage of “closest” cases in the data set to be included
in the sub-class. The default for d will be 10.00 and cannot be set to a value that will
result in less than 2 cases being available. If lessthan 2 cases are available, ad value
of 5will be used.

Refer to Appendix E — Propensity Score Multiple Imputation for more detailed information.

Refinement variable

Using the Donor Pool window, a refinement variable w can be chosen, and can be applied to
each of the three Donor Pool options described above.. For each missing value of y that isto be
imputed, a smaller sub-set is selected on the basis of the association betweeny and w. This
smaller sub-set will then be used to generate the imputations.

For each missing value of y, the imputations are randomly drawn according to the Approximate
Bayesian Bootstrap method from the chosen sub-set of observed values of .

Using this method (also described in Rubin, (1987) Multiple Imputation for Nonresponse in
Surveys, referenced in Appendix F [1]), arandom sample (with replacement) is randomly drawn
from the chosen sub-set of observed values to be equal in size to the number of observed values
in this sub-set. The imputations are then randomly drawn from this sample.

The Approximate Bayesian Bootstrap method is applied in order to reflect the extra uncertainty
about the predictive distribution of the missing value of y, given the chosen sub-set of observed
values of y. This predictive distribution can be estimated from the chosen sub-set of observed
values of y, but not determined. Drawing the imputations randomly from the chosen sub-set of
observed values rather than applying the Approximate Bayesian Bootstrap, would result in
improper imputation in the sense that the between imputation variance is underestimated.
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Bounded Missing

This type of missing value can only occur when avariableislongitudinal. It isamissing value
that has at least one observed value before, and at |east one observed value after the period for
which it is missing. The following table shows an example of bounded missing values. The
variables Monthl to Month6 are a set of longitudinal measures.

Patient Month 1 Month 2 Month 3 Month 4 Month 5 Month 6
101 10 * * 20 * 50

102 20 40 * 30 * *

103 30 * * * * 50

* = missing, shaded = bounded missing

Linear interpolation can be used to fill in missing values that are longitudinal variables. So for
example, using linear interpolation, patient 101’'s missing values for months 2, 3, and 5 would
be imputed as follows:

10 E/‘ 4
o 1 1

o 1 2 3 4 5 &
MONTH

So the imputed value for month 2 will be 13.33, the imputed value for month 3 will be 16.67,
and for month 5 will be 35.

Generating the Multiple Imputations

After the missing data pattern is sorted and the missing data entries are either labeled as Non-
monotone missing or Monotone missing, the imputations are generated in two steps.

1. The Non-monotone missing data entries are imputed first.

2. Then the Monotone missing data entries are imputed using the previously imputed data
for the Non-monotone missing data entries.

The Non-monotone missing data entries are always imputed using a Predictive Model Based
Multiple Imputation. The Monotone missing data entries are imputed by the user-specified
method, which can be either the Propensity Score method or the Predictive Model Based
method.

Covariates that are used for the generation of the imputations are selected for each imputation
variable separately. For each imputation variable, two sets of covariates are selected. One set of
covariatesis used for imputing the Non-monotone missing data entries and the other set of
covariatesis used for imputing the Monotone missing data entries in that variable. After the
missing data pattern is sorted, the missing data entries are labeled as Non-monotone or
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Monotone. For both sets of selected covariates for an imputation variable, a special subset is
the fixed covariates.

Fixed covariates are all selected covariates other than imputation variables and are used for the
imputation of missing data entries for Monotone and Non-monotone missing patterns. Thisis
only the case for fixed covariates.

Imputing the Non-monotone Missing Data

The Non-monotone missing data are imputed for each sub-set of missing data by a series of
individual linear regression multiple imputations (or discriminant multiple imputations) using as
much as possible observed and previously imputed data. Information about Linear Regression
and Discriminant Multiple Imputation in SOLAS™ 3.0 can be found in Appendix C - Multiple
Imputation — Predictive Model Based Method.

First, the leftmost Non-monotone missing data are imputed. Then the second leftmost Non-
monotone missing data are imputed using the previously imputed values. This process
continues until the rightmost Non-monotone missing data are imputed using the previously
imputed values for the other Non-monotone missing data in the same sub-set of cases.

The user can specify, or add, covariates for use in the Predictive Model for any variables that
will be imputed. More information about using covariatesis given in the example below.

Imputing the Monotone Missing Data

The Monotone missing data are sequentially imputed for each set of imputation variables with
the same local pattern of missing data. First the leftmost set isimputed using the observed
values of this set and its selected fixed covariates only. Then the next set isimputed using the
observed values of this set, the observed and previous imputed values of the first set, and the
selected fixed covariates.

This continues until the Monotone missing data of the last set isimputed. For each set, the
observed values of this set, the observed and imputed values of the previously imputed sets, and
the fixed covariates are used. If multivariate propensity score multiple imputation is selected for
the imputation of the Monotone missing data, then this method is applied for each subset of sets
having the same local missing data pattern.
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Short Examples

These short examples use the dataset M1_TRIAL.M DD (located in the SAMPLES
subdirectory). This data set contains the following 11 variables measured for 50 patientsin a
clinical trial:

- OBS- Observation number.

- SYMPDUR - Duration of symptoms.

- AGE - The patient’s age.

- MeasA_0,MeasA_1, MeasA 2, and MeasA_3. The baseline measurement for the
response variable MeasA and three post-baseline measurements taken at month 1,
month 2, and month 3.

- MeasB 0,MeasB 1, MeasB 2, and MeasB_3. The baseline measurement for the
response variable MeasB and three post-baseline measurements taken at month 1,
month 2, and month 3.

The variables OBS, SYMPDUR, AGE, MeasA_0, and MeasB_0 are all fully observed, and

the remaining 6 variables contain missing values. To view the missing pattern for this data set,
do the following:

1. From the datasheet window, select View and Missing Data Pattern.... In the Specify
Missing Data Pattern window, press the Use All button.

2. Fromthe View menu of the Missing Data Pattern window, select View M onotone
Pattern to display the window shown below:

[Z] Missing Data Patten: MI_TRIAL
File Use Wiew Rewn Window Help

Variables (21) j

Cases
(50

|

Note that after sorting the data into a Monotone pattern, the time structure of the longitudinal
measures is preserved, so the missing data pattern in this data set is Monotone over time.

3. Toclosethe Missing Data Pattern window, select File and Close.
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Predictive Model Based Method - Example

We will now multiply impute all of the missing values in this data set using the Predictive
Model Based Method by executing the following steps:

1. Fromthe Analyze menu, select M ultiple Imputation and Predictive M odel Based
Method.

2. The Specify Predictive Model window is displayed. The window opens with two
pages or tabs: Base Setup and Advanced Options. As soon as you select avariable
to be imputed, a Non-M onotone tab and a M onotone tab are a so displayed.

Base Setup

Selecting the Base setup tab allows you specify which variables you want to impute, and which
variables you want to use as covariates for the predictive model.
Base Seup | Non Monotane | Monsione | Advanced Uptions |

Varisbles: Vaiiablels) o Impute:
[ Meash_1

Mumnber of Imputed Datasets ﬂ

Giouping
Variable:

Bounded Missing

Longitudinal
Varisbles: Fixed covariatels)

= | Lrearylntemps Hte

0K | Concd | Hep |

1. Usingthe datasheet MI_TRIAL ,drag-and-drop the variablesM easA_1, MeasA_2,
MeasA _3,MeasB 1, MeasB_2, MeasB_3 into the Variables to Impute field.

2. Dragand drop the variables SYMPDUR, AGE, MeasA 0, and MeasB_0 into the
Fixed Covariatesfield.

3. Asthereisno Grouping variable in this data set, we can leave this field blank.

Non-Monotone

Selecting the Non-monotone tab allows you to add or remove covariates from the predictive
model used for imputing the non-monotone missing values in the data set. (These can be
identified in the Missing Data Pattern mentioned earlier.)

Y ou select the + or - signs to expand or contract the list of covariates for each imputation
variable.
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Based Method - Multiple Imputation

ane | Advance d Options |
S Vars_to_Impule| Covarialefs) | Forced | & . Click on the +/- sianin
SYMFDUR front of a variable nai
£ Meast_1 to expand/contract i
Measd_0 [re— To add additional
Meash_1 covariates to 3 variable's
Measd_2 Meash_3 regression pool, diag t
Meash 3 [P cavariale into the list of
Mok D easB_ cavariates column
o) MewE_2 besids the variable.
M333373 MeasB_3 Toadda riate
- al of the 1egression
pools. drag 5 variable
name onto the title of the:
Cowariatels) column.
' To toagle all of the
=Dz Waritle : : = x| selections in the Forced
Type column, cick on the
e covaislesfioi——————  colu
& e ner
¥ Missing Al fime periads
15 arllprevious b periods
0K | Gl | Hep |

For each imputation variable, the list of covariates will be made up of the variables specified as
Fixed Covariatesin the Base Setup tab, and all of the other imputation variables. Variables can
be added and removed from thislist of covariates by simply dragging and dropping the variable
from the covariate list to the variables field, or vice versa. Even though a variable appearsin

thelist of covariates for a particular imputation variable, it might not be used in the final model.

The program first sorts the variables so that the missing data pattern is as close as possible to
monotone, and then, for each missing value in the imputation variable, the program works out
which variables, from the total list of covariates, can be used for prediction.

By default, al of the covariates are forced into the model. If you uncheck a covariate, it will not
be forced into the model, but will be retained as a possible covariate in the stepwise selection.
Details of the models that were actually used to impute the missing values are included in the
Output Log that can be selected from the View menu of the Multiply-Imputed Data Pages.
These data pages will be displayed after you have specified the imputation and pressed the OK
button in the Specify Predictive Model window.

Monotone

Selecting the M onotone tab allows you to add or remove covariates from the predictive model
used for imputing the monotone missing values in the data set. (These can be identified in the
Missing Data Patter n mentioned earlier.)
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Specify Predictive Model Based Method - Multiple Imputation [x]
Base Setup | NonMonotone {IEREHAE | advanced Options |
Variatle[s):
085 Vars_to_mpute| Covariate(s] | Forced | &) - Clisk on the +/- signin
SYMPDUR front of a variable name
AGE T Meash_l o expand/coniract it
Measd_0 Fa—— . To add addtianal
Meast,_1 covariates 0  valisble's
ueaﬁ,g + Meash 3 regression pool, diag the
ea P —— covaiale inta the list of
MeazB_0 - covariates colurin
migzg% T MesB2 beside the variable
MeasE_3 T MesE 3 Ta sdd 3 covaiate to
- all of the regression
pocks, diag  vaiiable
name onto the title of the.
Covariste(s] column
. Talogge al of the

& bk periods

# Missing:
451 Wse ol preyious bine perads

= Dregifarable : : > | selections in the Farced
Type: column, click on the
llse covarates flom=———————— column title.

0K | Concd | Hep |

Again, you select the + or - signs to expand or contract the list of covariates for each imputation
variable.

For each imputation variable, the list of covariates will be made up of the variables specified as
Fixed Covariatesin the Base Setup tab, and all of the other imputation variables. Variables can
be added and removed from thislist by simply dragging and dropping. Even though a variable
appearsin thelist of covariates for a particular imputation variable, it might not be used in the
final model. The program first sorts the variables so that the missing data pattern is as close as
possible to monotone, and then uses only the variables that are to the left of the imputation
variable as covariates. Details of the models that were actually used to impute the missing
values are included in the Output L og.

Advanced Options
Selecting the Advanced Options tab displays a window that allows you to choose control
settings for the regression/discriminant model.

Base Setup | NonMonotone | Monotone  Advanced Options |

Randomizati Outpu
( Main Geed Value: ‘ ( ¥ OutputLog
Least Squares Reg;
Tolerance Stepping Citeria

Tokrarnce:  [n000700 2 Fiofrier 01000 2
FtoRemove  [0.1500 ﬂ

K| Cence Help
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Randomization
Main Seed Value

The Main Seed Valueis used to perform the random selection within the propensity subsets.
The default seed is 12345. If you set thisfield to blank, or set it to zero, then the clock timeis
used.

Output Log

The Output Log is a comprehensive list of regression equations etc. that have been calculated
for the imputed variable(s).

Least Squares Regression
Tolerance

The value set in the Tolerance datafield controls numerical accuracy. Thetolerance limitis
used for matrix inversion to guard against singularity. No independent variable is used whose
R? with other independent variables exceeds (1-Tolerance). Y ou can adjust the tolerance using
the scrolled datafield.

Stepping Criteria

Here you can select F-to-Enter and F-to-Remove values from the scrolled datafields, or enter
your chosen value. If you wish to see more variables entered in the model, set the F-to-Enter
valueto asmaller value. The numerical value of F-to-remove should be chosen to be less than
the F-to-Enter value.

When you are satisfied that you have specified your analysis correctly, click the OK button. The
multiply-imputed datapages will be displayed, with the imputed values appearing in Red or
Blue. Refer to “Analyzing Multiple Imputed Data sets” for further details of analyzing these
data sets and combining the results.

Propensity Score Method [0 Example

We will now multiply impute al of the missing values in the data set using the Propensity Score
Based Method.

1. Fromthe Analyze menu, select M ultiple Imputation and Propensity Score M ethod.

2. The Specify Propensity M ethod window is displayed and is a tabbed (paged)
window. The window opens with two pages or tabs: Base Setup and Advanced
Options. As soon as you select a variable to be imputed, a Non-M onotone tab, a
M onotone tab, and a Donor Pool tab are also displayed.

Base Setup

Selecting the Base Setup tab allows you specify which variables you want to impute, and which
variables you want to use as covariates for the logistic regression used to model the missingness.
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Specify Propensity Method - Multiple Imputation [x]

B3se Setup | Hon Manotone | Manotone | Donor Pool | Advanced Dptions |

Wariables:

VYariablefs) to Impute

0BS

Longitudinal
Wariables:

Fired covariatels)

Drzg ezl
Type:
# Missing

Measd_1
Meash_2 Number of Imputed Datasets: |E_ﬂ
Meast 3 =
Grouping
vaiable: [
SYMPOUR Bounded Missing
a6E
MeasB_0 = | Litiear il itemolete:
Measd_0

o]

Cancdl | Help

1. Drag-and-drop thevariablesMeasA_1, MeasA 2, MeasA_3, MeasB_1, MeasB_2,
MeasB_3into the Variables to Impute field.

2. Dragand drop the variables SYMPDUR, AGE, MeasA_0, and MeasB_0 into the

Fixed Covariates field.

3. Asthereisno Grouping variable in this data set, we can leave this field blank.

Non-Monotone

Selecting the Non-monotone tab allows you to add or remove covariates from the logistic
model used for imputing the non-monotone missing values in the data set. (These can be
identified in the Missing Data Pattern mentioned earlier in the Predictive Model example.)

Y ou select the + or - signs to expand or contract the list of covariates for each imputation

Specify Propensity Method - Multiple Imputation [x]
Base Selup | Monatane | Donor Pool | Advanced Dptions |
Variatle[s):
5 Vars_to_mpute| Covariate(s] | Forced | &) - Clisk on the +/- signin
SYMPDUR front of & wariable name:
£ T Meash_| to expand/cantract it
Measd_0 Fa—— . To add addtianal
Meast,_1 covariates 0  valisble's
Meash_2 + Meash_3 regression pool, diag the
Meast,_3 P —— covaiale inta the list of
MeazB_0 - covariates colurin
migzg% T MesB2 beside the variable
MeasB_3 N To add a covariate to

= Dbl
Tupe.
# Hissing

MeasE_3

r~Us= coyariates fiom
& bk periods

451 Wse ol preyious bine perads

4l o the regressian
pools, chag a variable
name onto the title of the
Covariatels] calumn

- Totogdle 4l of the
selections in the Forced
column, click on the
colum title.

o |

Cancel | Hep

Thelist of covariates for each imputation variable will be made up of the variables specified as
Fixed Covariatesin the Base Setup tab, and all of the other imputation variables. Variables can
be added and removed from thislist of covariates by simply dragging and dropping the variable
from the covariate list to the variables field, or vice versa. Even though a variable appears in the
list of covariates for a particular imputation variable, it might not be used in the final model.
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The program first sorts the variables so that the missing data pattern is as close as possible to
monotone, and then, for each missing value in the imputation variable, the program works out
which variables, from the total list of covariates, can be used for prediction.

By default, all of the covariates are forced into the model. If you uncheck a covariate, it will not
be forced into the model, but will be retained as a possible covariate in the stepwise selection.
Details of the models that were actually used to impute the missing values are included in the
Output log that can be selected from the View menu of the Multiply-Imputed Data Pages.
These data pages will be displayed after you have specified the imputation and pressed the OK
button in the Specify Predictive Model window.

Monotone

Selecting the M onotone tab allows you to add or remove covariates from the logistic model
used for imputing the monotone missing values in the data set. (These can be identified in the
Missing Data Patter n mentioned earlier.)

Specily Propensity Method - Multiple Imputation

Bass Setup | Mon Monotane { Wonoions | Donor Pool | Advanced Dptions

Variablefs)

085 Vars_to_lmpute| Covanatels) | Forced | ] . Click on the +/- sign in
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e
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Again, you select the + or - signs to expand or contract the list of covariates for each imputation
variable.

Thelist of covariates for each imputation variable will be made up of the variables specified as
Fixed Covariatesin the Base Setup tab, and all of the other imputation variables. Variables can
be added and removed from thislist by simply dragging and dropping the variable from the list
of covariates, to the variablesfield, or vice versa. Even though avariable appearsin thelist of
covariates for a particular imputation variable, it might not be used in the final model.

The program first sorts the variables so that the missing data pattern is as close as possible to
monotone, and then uses only the variables that are to the left of the imputation variable as
covariates. Details of the models that were actually used to impute the missing values are
included in the Output L og.
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Donor Pool

Selecting the Donor pool tab displays the Donor Pool page that alows more control over the
random draw step in the analysis by allowing the user to define Propensity Score sub-classes.

Specify Propensity Method - Multiple Imputation

Basa Setup | Hon Monotone | Monotone: { 05n1 Fol ] advanced Dptions

~ Propersity Scor
¥ Divide propensity score into. |3 subsets.
© Use |10 closest cases,

 Use [10.00 % of the dataset closest cases.

- Refinement Varishl;

Vaiiables
0BS - Wariable[s)_to_Impute] Refinement_Variable| MN* a
SYMPDUR
AGE Meash_1
Meash_0
Meash_1 Hessh 2
Meash_2 Meash_3
Meash_3 —
MeasB_01 2asB_
Meash 1 =l

MeasB_2

Dra¥ariath — _l;|

Type: hl 3

# Mizsir 0 * Specify the number of iefinement variable casesto be
used inthe selection posl

0K | Cawd | Hep |

The following options for defining the Propensity Score sub-classes are provided:
- Divide propensity scoreinto ¢ subsets. The default is 5.

- Usecclosest cases. This option allows you to specify the number of cases before and
after the case being imputed that are to be included in the subset.

- Used% of the data set closest cases. This option allows you to specify the number of
cases as a percentage.

NOTE: See Defining Donor Pools Based on Propensity Scores earlier in this manual.

Y ou can use one Refinement Variable for each of the variables being imputed. Variables can be
dragged from the Variables listbox to the Refinement Variable column. When you use a
refinement variable, the program reduces the subset of cases included in the donor pool to
include only cases that are close with respect to their values of the refinement variable.

Y ou can also specify the number of refinement variable cases to be used in the donor pool. For
this example, we will use all of the default settings in this tab.

Advanced Options

Selecting the Advanced Options tab displays the Advanced Options window that alows the
user to control the settings for the imputation and the logistic regression.
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Specify Propensity Method - Multiple Imputation

Base Setup | Mon Monotone | Monotone | Donor Pool  Advanced Dptiors |

[ — Dutput
’V Main SeedValue: :ll ‘ ’VFDulpulLog
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[ Stepping Criteria

Fto-Enter 0.1000 j
|
|

Tolerance

o.ooo100 =
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Randomization
Main Seed Value

The Main Seed Valueis used to perform the random selection within the propensity subsets.
The default seed is 12345. If you set thisfield to blank, or set it to zero, then the clock timeis
used.

Output Log

The Output Log is a comprehensive list of regression equations etc. that have been calculated
for the imputed variable(s).

Least Squares Regression

Tolerance

The value set in the Tolerance datafield controls numerical accuracy. Thetolerance limit is
used for matrix inversion to guard against singularity. No independent variable is used whose
R? with other independent variables exceeds (1-Tolerance). You can adjust the tolerance using
the scrolled datafield.

Stepping Criteria

Here you can select F-to-Enter and F-to-Remove values from the scrolled datafields, or enter
your chosen value. If you wish to see more variables entered in the model, set the F-to-Enter
value to asmaller value. The numerical value of F-to-remove should be chosen to be less than
the F-to-Enter value.

Logistic Regression Options

The Logistic Regression options are as follows:

Model Tolerance

Controls the numerical accuracy. Computations are performed in double precision. Use avalue
that is greater than .000001 but lessthan 1.0. The default is .0001.
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Tail area probabilitiesto control entry or removal of terms from the model

Specifies the limits for the tail area probabilities (p-values) for the appropriate x* and F values
used to control the entry and removal of terms.

Entry

During forward stepping, the term with the smallest p-value less than the entry value is
entered first. If no term in the model has a p-value less than this limit, then the term
with the largest p-value greater than the removal value is removed.

Removal

During backward stepping, the term with the largest p-value greater than the removal
value is removed first. Then any terms with entry p-values less than the entry limit are
entered. Again, for the purposes of this example, we will run the analysis with the
default settings.

Maximum Likelihood Criteria

M aximum iter ations to conver gence

Specifies the maximum number of iterations to maximize the likelihood function. The
default is 10.

Likelihood function convergencecriterion

Specifies the convergence criterion for the likelihood function. A relative improvement
less than this value is considered no improvement. The default is.00001.

Parameter estimates convergencecriterion
Specifies the convergence criterion for the parameter estimates. The default is .0001.

When you are satisfied that you have specified your analysis correctly, click the OK button. The
multiply-imputed datapages will be displayed, with the imputed values appearing in Red or
Blue. Refer to Analyzing Multiply-Imputed Data Sets for further details of analyzing these data
sets and combining the results.

Multiple Imputation Output

The Multiple Imputation output, either Propensity Score or The Predictive Model Based
Method comprises five (default value) Multiple Imputation Data Pages. From the View menu
of the Data Pages you can select either: Imputation Report, Output Log, Imputed Data
Pattern, or Missing Data Pattern.

When other analyses are performed from the Analyze menu of a data page (see the example
Analyzing Multiply-Imputed Data Sets later in this manual), a Combined tab is added to the
data page tabs. Selecting this tab displays the combined statistics for these data pages. The
combined statistics that are displayed are given in Appendix B — Combined Statistics.

Data Pages

The Multiple Imputation output displays five data pages with the imputed values shown in a
color that contrasts with the observed values. These five pages of completed dataresults are
displayed and allow the user to examine how the combined results are calculated. The first data
page (Page 1) for the above example is shown below:
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[E] Multiple Imputation Data Pages: MMI_TRIAL [_[O]x]
File Edit ‘Varisbles Use Analyze Plot Fomat | View 'Window Help
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50 cases — — —
Output Log
1 177 wy - — = 1.00
Imputed Data Patiem
2 165 150 Missing Data Pattem |+ %8
3 278 248 5.08
Legend
L 276 276 297 J87u0. 008
5 306 294 297 [3820p9.08
6 198 228 162 26244 .08
7 147 288 279
8 31 kral 336 (12896.00
9 213 213 261 |40401.00
18 276 216 252 |53584.008
11 285 288 297 [3820p9.08
12 303 383 279 |F7841.08
13 273 285 237 [36169.08
1% 279 276 -
4 o »
T4 4] TP oatasst 1 £ Dataset2 j batasets j Datasetd J, bataseis 7

From the View menu, you can select Imputation Report and Output L og (examples of both
are shown below) or Imputed Data Pattern and Missing Data Pattern.

W Imputation Report: MMI_TRIAL [_[ox]
Fie Edit View Fomat Window Help
[ocial =0 = Blz|ullE
|
SPECIFICATION
Date of Analysis: Wednesday, November24, 1999 at 11:18:20
Dataset: ML_TRIAL -
(Analysis: Multiple Imputation - Propensity Method
Non-monotone Imputation variableis) and selected covariates.
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AGE Com plete Yes
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Meash_3 Variable to impute Yes
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MeasB_3 Variable 1o impute Yes
Weash 2 SYMPOUR Com plete Yes
AGE Complete Ves
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MeasB_0 Com plete Yes
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MeasA_3 Variable 1o impute Ves
MeasB_1 Variable 1o impute Yes
\easB_3 Variable 1o impute Ves
WieasA 3 SYMPOUR Complete Ves
AGE Complete Yes
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The Imputation Report and the Output Log (shown in part above), summarize the results of the
logistic regression, the ordinary regression, and the settings used for the multiple imputation.

Imputation Report

The imputation report contains a summary of the parameters that were chosen for the Multiple
Imputation. For example, the seed value that was used for the random selection, the number of
imputations that were performed etc, are all reported. The report shows:

— Anoverview of the Multiple Imputation parameters.

In the specification section there are tables of the variables and selected covariates for non-
monotone and monotone patterns, number of imputed pages, random seed etc.

— Diagnostic information that can be used to judge the quality and validity of the
generated imputations. The options chosen for the least squares and logistic regression
options as well as sub-classing of propensity scores.
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— Thediagnostic section also gives a detailed breakdown of the number of cases
available initially and numbers excluded for various reasons. Further conclusions
about the statistical analysis can be drawn from the combined results (see Analyzing
Multiply- Imputed Data Sets later in this manual).

Output Log

The Output Log provides details of the regressions carried out for all the imputed values on the
imputed data sets. Information is given for the variables and cases involved in local patterns
and the variables and cases involved in the regressions used. For propensity method propensity
scores are given. For predictive model the equations used to estimate and generate the imputed
values along with their error terms are given.

Imputed Data Pattern and Missing Data Pattern windows

The Missing Data Pattern window can be selected from the View menu of the your datasheet
before the imputation is performed. Y ou can also display a colored legend from the View menu
that identifies missing data and data that is present in the data set. TheImputed Data Pattern
window can be selected from the View menu of the your datasheet after the imputation is
performed. Y ou can also display a colored legend from the View menu that identifies
Monotone and Non-monotone patterns. Examples of this window are given below:

| |

Analyzing Multiply-Imputed Data Sets [1 Example

This section presents a simple example of analyzing multiply-imputed data sets. It will show
how the results of the repeated imputations can be combined to create one repeated imputation
inference. For reference see Appendix A — Analyzing Multiply-Imputed Data Sets, and
Appendix F, [1] and [2].

After you have performed a Multiple Imputation on your data set, you will have M complete
data sets, each of which can be analyzed using standard compl ete-data statistical methods.

If you select Descriptive Statistics, Regression, t-test, Frequency Table from the Analyze
menu of any data page, the analysis will be performed on all 5 data sets. The analysis generates
5 pages of output, one corresponding to each of the imputed data sets, and a Combined page
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that givesthe overall set of results. The tabs at the bottom of the page allow you to display each
data set.

This example uses the imputation results from the dataset M1_TRIAL.M DD that was used in
the Propensity Score example earlier. Part of data page 1 for that example is shown below:

2] Multiple I mputation Data Pages: MMI_TRIAL

Fie Edt Vaisbles | fnaee Plot Fomat View Window Help
eivas Tea  Descriptive Statisics » [qieasa_z P
Begession » L
1 1232160
3 A 6502500 |
¥ 276 297 | 88209.60
5 294 297 8820900
6 228 162 26244060
7 228 162
8 321 336 112896 .00
9 213 201 40461060
10 216 252 63504.00
11 288 297 8820900
12 303 279 77841060
13 285 237 56169.00
14 276 237
FTD) 578 T an a0 I

1. From the data page Analyze menu select t- and Nonparametric Teststo display the
Specify t-test Analysis window.

Tworgroup, paited and ane-graup comparisans of means

e Oriegrous
e Variable 1 arzble
[ [Mease_1
GrouEina Ve Variable 2
Meash_2
Type. Hiulfyzotiesis Null hypathesis il ypttiests
Aok ez dif = mean dif, = ez =
000 0.00 0.00

Teres) Clear Help

2. Dragand drop the variablesMeasA_1 and MeasA_2 to the Variable 1 and
Variable 2 datafiel ds respectively.

3. Pressthe OK button to display the data pages, then press the Combine tab to display
the combined statistics from the five imputed data pages as shown below.
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7% Paired t and Non-param Tests : MMI_TRIALmodified - MeasA_1 and MeasA_2
Fle View Options Fomat Window Help
il EEE DR EEEE
SPECIFICATIONS |
Date: Wednesday, November 24, 1999 at 16:43:23
Data Set: MMI_TRIAL modified
Imputed Datasets: i
Analysit Combined paired i of mean
WVariables: MeasA_1* vs. MeasA_2*
Null Hypothesis: Difference of Mean = 0.0000
COMBINED DESCRIPTIVE STATS
Mean Standard Standard Error
Deviation
Measd 1 250.2840 60.7864 8.6204
Measd 2 2440847 71.8085 10,1547
Measd 1- Meash 2 61993 261225 3.78561
4| | o]
A [P T Datasst1 b Datasei= ) Dalssets )y Datasetd J\ Datazats A Combined /
UK | Cot O [Lre: 57 [ Page: 1

The statistics that are calculated for each analysis selected from the Analyze menu and
displayed in the Combined page are given in Appendix B — Combined Statistics.
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DEFINITIONS

Bounded missing

Covariate

Fixed Covariate

Forced Covariate

Hot-deck imputation

Imputation

Intent-to-treat

Last value carried forward

A missing value (in alongitudinal variable) which
has at |east one observed value before and at least
one observed value after the period for which it is
missing.

A variable which is selected as covariate for all
selected variables to be imputed. Except for
discriminant imputation, this variableis an
independent variable in the corresponding
regression model.

A variable which is selected as covariate for all
selected variables to be imputed.

A covariate that has been forced into aregression
model, i.e. will not be removed from the model

during stepping.
A method of imputation in which missing values
are replaced with values taken from matching

respondents (i.e. respondents that are similar with
respect to variables observed for both).

A procedure whereby missing valuesin a data set
are filled-in with plausible estimates, to produce a
complete data set which can then be analyzed using
complete-data inferential methods.

Intent-to-treat (IT) analysis dictatesthat all cases,
both complete and incomplete, be included in any
analyses, and treatment effects should be measured
with subjects assigned to the treatment to which
they were randomized, rather than to the treatment
actually received.

A method of imputation for replacing missing
valuesin longitudinal studies using the last
observed value.
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Longitudinal variable

M ean imputation

Multipleimputation

Possible Covariate

Propensity score

Random imputation

Combine

Imputation variable

Glossary

A variable that is made up of a set of repeated
measurements over time.

The sample mean of avariableis used to replace
any missing data for that variable. This mean can
be an overall mean of all the cases, or awithin
group or class mean.

Each missing value is replaced by two or more (M)
plausible estimatesin order to create M complete
data sets.

A covariate that has not been forced into a
regression model, and so can be entered or
removed during stepping.

Is the conditional probability of missingness
computed from a vector of observed covariates.

A respondent is chosen at random from the total
respondent sample for a variable, and the missing
value for a non-respondent is replaced by the
respondent’s value.

The procedure for combining the set of M results
into one overall set of results.

A variable that has values that need to be imputed.

Imputation User Manual 47



Appendix A: Analyzing Multiply-
Imputed Data sets

ESTIMATED PARAMETERS

Definitions of Estimated Parameters

The following shows how M complete data analyses can be combined to create one repeated
imputation inference. See Rubin and Schenker, 1991. Multiple Imputation in Health-Care Data
Bases: An Overview and Some Applications, Statistics in Medicine, 10, 585-598, and Rubin
D.B. (1987), Multiple Imputation for Non-response in Surveys, New Y ork: John Wiley.

For each of the M complete data sets, let Om,M=1,..,M,beM complete-data estimates for
aparameter ©,and U, m=1, ..., M, betheir associated variances.
Combined Estimate of Parameter

The combined estimate of any multi-dimensional parameter of interest ©, for a particular
variable is simply the mean of the estimates from each of the M imputed data sets. For example,
the combined estimate of the mean for a specific group, or a particular regression coefficient in
amodel, is simply the mean of the estimates for that parameter across the M computed data sets:

0=30,,/M
— 1y
The general formulafor combining point estimates = — z
" m? =

In some cases, point estimates are combined in a dightly different way:

— Standard deviation
—  Seria correlation and Pearson r.

Where m = number of imputations and Qi corresponds to the point estimate calculated from the
i datasheet.

exp(2*z) -1 1
exp(2*z)+1° m4%<

Pooled correlation =

A

Q. = Correlation for the "™ imputed data set.
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1& A A
The pooled Standard Deviation = —Z Q. where m= number of imputations and Q,
miz

corresponds to the variance cal culated from the i datasheet.

Standard Errors and Confidence Intervals

To estimate the variance of the combined parameter estimate, we combine the corresponding
variance that is estimated from the combined parameter estimates from within each imputed data
set, with the variability of the estimate across mimputed data sets. The standard error of a
combined parameter estimate can be found by taking the square root of the variance of a
combined parameter estimate.

The pooled standard error of a point-estimate = SE6m =41,

_ _ _ 1™
To=U, +(@+m*Y)*B whee U_ :—z U, isthe within imputation variance,
i=1

where U; = [ the standard error of the point-estimate from the i data set ]2

and:

1 &2 =
Bm= —Z:(Qi —-Q,,)? isthe between imputation variance,

e
where Q. = corresponding point-estimate cal culated from the i" data set.

— _ o —
The pooled confidence interval for the point-estimate= Q,, £ t(V,,,1— E) * SEQ,,

whered correspondsto a (1—a)100% C.l.and 956,“ is the pooled standard error of the
point-estimate as shown above.

N -1

~ 1-[Ym/(m+D] v

Vm = Vcom[ T +—Com
1-Vm Vm

See John Barnard and Donald B. Rubin, Biometrika, Small sample degrees of freedom with

multiple imputation, December 1999, Volume 86, No. 4.

wherev,,, = degrees of freedom used in case of complete data and where:

. (@+mh*B,
j, =M ) By
=

m

and:

Imputation User Manual 49



Appendices

Bn= iZ(@i -Q,) andT,=U_+@+m™")*B_
m-14=

and:

L+mh*B,

v, =(Mm-D*@Q+r )’ adr, = and U, :lz v}
miz

m

where U; = [ the standard error of the point-estimate from thei™ data set ]°.
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Appendix B: Combined Statistics

STATISTICS

Combined Statistics for Imputed Data sets

Pressing the Combined tab in a data page displays the statistics computed using the results of
the M analyses. Each statistic isfirst combined acrossthe M results. Each displayed statistic is
then followed by a series of diagnostics useful in ng the effect of the missing data on the
statistical result.

For example, if the mean is computed in a Descriptive Statistics output, the associated combined
statistics for the mean include:

- Theaverage of the M computed means, its total variance T,,,, and its total
standard error /Ty, -

The Diagnostics include:

- The between imputation variance (B,,), the between imputation standard error
(sart(Bn)), the relative increase in variance due to missing data(r,,,), sart(r.,), and
the fraction of information missing due to missing data y .

The statistics that are combined for each analysis are listed below.

Descriptive Statistics

- Mean, C.I. for mean, Standard deviation, Standard error of mean, Variance
- Cosfficient of variation, Skewness, Kurtosis, Median, Quartiles

- Interquartile range, Proportion

- Seria Correction

t and Non-parametric Tests

Descriptive Statistics

- Means

- Standard deviations

- Standard errors of the means

- Confidenceintervals for the means

Two-group

- Pooled Variance t-test including t- value, df and p-values
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Paired
- Matched t-test including t- value, df and p-value

One-group
- Pooled Variance t-test including t- value, df and p-value

Frequency Table

Tables

- Row percentages
- Column percentages
- Totd percentages

Associated Measures

Odds-ratio including In Odds ratio
- Kappadtatistic

- CramersV

- Phi

Test Statistic
- Likelihood ratio chi-square

Multiple Regression

Regression Statistics

- Squareroot of Residual Mean Square
- Multiple Correlation
- Multiple Correlation Squared

Analysis of Variance

- F-Vvaue
- p-vaue

Regression coefficients

- Partia Correlation

- Estimate of coefficient

- Standard error of coefficient

- Standardized coefficient

- t-value of coefficient

- Confidenceinterval of coefficient

- Pooled Multiple Linear regression Equation
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Appendix C: Multiple Imputation —
Predictive Model Based Method

COMPLETELY OBSERVED COVARIATES

INCOMPLETELY OBSERVED COVARIATES

Definition of Methods

The following gives a detailed explanation of the methods used to analyze situations with
completely and incompletely observed covariates for Linear Regression Based Multiple
Imputation.

Completely observed covariates

Let y be one imputation variable and let x4,..., X, be the fully observed covariates for y. Let Yous
and Y,,s be the observed and missing datafor vy, respectively. Let X be the data matrix for xi,...,
Xo- Thefirst column of X consists of 1'sto adjust for the intercept term and the second until the
last column contains the observations for x, ..., X,. Let Xqps and Xris be the rows of X
corresponding to Yqus and Yyis, respectively. The underlying statistical model of linear
regression imputation is given by:

y=Bo* BiXy et Bp X, € where &~ N(0,o?)

Let q be equal to p+1. The parameter g equals the number of regression coefficients including
theintercept. Each imputation Y ,;s* for Y s iSsindependently generated in the following steps:

1. Let ,fS’andﬁz be the least squares estimators of = (B, B1,-.., Bp) and of o? from Y abs
and X gps.

Let V bethe inverse of the matrix [X ObS]T[X Obj , and V2 be a square root of V that can be
obtained viathe Choleski decomposition of V.

Let P be the matrix of eigenvectors of V and A be the diagonal matrix with Aj; equal to the
eigenvalue of V corresponding to the eigenvector of V given by thei-th columnin P.

The square root V2 of V isthen given by v¥2 =P AY2 with AY2 with the diagonal matrix
containing the square roots of A;; asits diagonal elements.

2. Drawa )(ﬁobs_q random variable g.

3. Let 0*2=32(nops=0)/ 9 -
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4. Draw g independent random variables Z;,...,Zq from N(O,1), and let Z=(Z;,...,Z).
5. Let gr=pB+o*vY2z7.
6. Draw ny,sindependent variables zl,...,znmisfrom N(0,1), and let

e=g*z withz= (21""'anis)'

7. Let Yhs=XpisB +e”,

In steps 1 to 5, the parameter values for the regression model are drawn from its posterior
distribution given the observed data using non-informative priors. For reference see Appendix
F, [1] and [2].

In this way, the extra uncertainty due to the fact that the regression parameters can be estimated,
but not determined, from Yo,s and X isreflected. Using estimated regression parameters
rather than those drawn from its posterior distribution resultsin improper imputation, in the
sense that the between imputation variance is under-estimated. In steps 6 and 7, the parameters
drawn from its posterior distribution are used together with the covariates X.,s to generate the
imputation Y* ;.

Incompletely observed covariates

Let y be an imputation variable, and let x,, ..., X, be the incompl etely observed covariates for y.
Let Ry be the response indicator for X;.

The variable R; is defined by:

{1 if x;jisobserved

RiZl0 it xjisnot observed

Theindicator method is based on the following statistical model for y:
y = B+ Boy(L- Ry)+-- +,80p(1— Rp)+ BiRuxat++ By Rpxp+e; with s ~ N(O,az)
In this model, the term:
,Bj R, X; is zero when x; ismissing and is equal to,BJ. Xj When x; is observed.
When x; is missing, the intercept term is adjusted by the term:
B -R)
If a covariate x; is completely observed, then the corresponding term ,QJJ. (l— R) disappears.

By adjusting the data matrix X, the algorithm in shown in “Completely Observed Covariates’
can be applied.
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Let ¢ be the number of incompletely observed covariates and i(1),...,i(c) be the index number of
these covariates. Let X be the adjusted data matrix constructed as follows:

1. Thefirst column of X consistsof 1's;

2. Thej+1-th column of X, with 1<j<c, consists of 1'sand O's such that the v-th entry of this
column equals 0 when the v-th data entry of X is observed, and is equal to 1 when this
entry ismissing;

3. For the c+1+j-th column of X, thei-th entry is equal to the i-th entry of x; when this entry is
observed, and is equal to 0 when this entry is missing.

Let Yous and Yy,is be the observed and missing data for y respectively. Let X,us and X,s be the
rows of X corresponding to Yo,s and Y5, respectively. Each imputation Yy,s* for Ypsis
independently generated according to the same algorithm described in “ Completely Observed
Covariates’ above.
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Appendix D: Discriminant
Multiple Imputation

DISCRIMINANT MULTIPLE IMPUTATION

Discriminant Multiple Imputation

This appendix describes the method used to impute binary and categorical variables for
Discriminant Multiple Imputation.

Discriminant Multiple Imputation is a model based method for binary or categorical variables.
The detailed imputation method is described in the following:

Let 1,...,sbethe categories of the categorical imputation variabley. By applying Bayes
Theorem, the statistical model of discriminant imputation is given by the following equation:

p(y: j |x): qu)(XI,uj;zj)m v =1,...,SInthisequaIionP(y= | |x) isthe
delljv;zV)n—V
v=l

probability that the imputation variabley is equal to itsj-th category given the vector x of the
observed values of the covariates of y and :

o 1uz)

is the density of the multivariate normal distribution with mean p and covariance matrix: 3.
M and 3

are the conditional mean and covariance matrix of the covariates of y given that y is equal to its
j-th category, and TT; isthe apriori probability that y is equal to itsj-th category.

The imputation scheme for discriminant multiple imputation is given by:
Q) Let n; be the number of observed values of y equal to the j-th category of y and let

a;=1/2+n;, for j=1...,s;

(ii) Draw @,...,0. from the standard Gamma distribution with parameters given by
ais...as,
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(iv)

v)

(vi)

(vii)

Appendices

Let 77, =9’}/(29§J.f0r ji=1...,s
v=1

For j =1...,S,daw ,u*j from the multivariate normal distribution with mean and
covariance matrix given by ,[lj and Sj/nj , Where /flj and S; arethe sample mean

and covariance matrix of the covariates of y calculated from the caseswherey is
observed and equal to itsj-th category.

L = Sqo(xiT Iu];sj)n’]-
Zzllco(xiT LS\,

Jfori=1,...,nms andfor j =1,...,S.

The function @is the probability density function of the multivariate normal
distribution given by:

x| ;5) = Wexp(—%( X— ,u)T s (x- ﬂ)j

Theindex i refersto the i-th missing values of y, k is the number of covariates used for
imputation variable y, |Z| isthe determinant of 2, and xiT isthe row vector of
observed values for the covariates of y corresponding to the i-th missing value of y.

Let y; equal toj with probability p; for i =1,...,nys andfor j =1,...,s. Thisis

realized by drawing u from the standard uniform distribution and setting y: equa to |
. J_l * J *
if: Z piv<usz Piv

v=1 v=l

Impute yi* for thei-th missing dataentry of yfor i =1,..., Nmis

In steps (i) to (iii) the probabilities m are drawn from a Diriclet distribution, which isthe

posterior distribution of these probabilities with non-informative prior as described in chapter 4
of “Development, Implementation and Evaluation of Multiple Imputation Strategies for the
Statistical Analysis of Incomplete Data sets’, Brand J.P.L.

In step (iv), the means /fj are randomly drawn from its normal posterior distribution. The

estimated covariance matrices S; are used in step (iv) instead of the covariance matrices drawn

from a posterior distribution. Drawing the covariance matrices from their inverted Wishart
posterior distribution is relatively expensive computationally.

Imputation User Manual 57



Appendices

In predicted mean single imputation, for each missing data entry the category with the largest

conditional probability given the observed values of the covariates isimputed. The imputation

scheme for discriminant single imputation in case of predicted mean imputation is obtained

from the imputation scheme for discriminant multiple imputation as follows:

In step (v); /fj isreplaced by 1, U, isreplaced by [, 71; isreplaced by n;/nops. 77, is

replaced by n,; / Nobs » ad pIJ isreplaced by P - where Ny iS the number of observed values

of the imputation variable.

Step (vi) isreplaced by “Let )7i be equal to the category | , which maximizes the probability
p,forv=1...,s"

In step (vii); y: isreplaced by Y, .
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Appendix E: Propensity Score
Multiple Imputation

PROPENSITY SCORE MULTIPLE IMPUTATION

DIVIDE PROPENSITY SCORE INTO C QUANTILE
SUBSETS

USE C CLOSEST MATCHING CASES

USE D% CLOSEST MATCHING CASES

Propensity Score Multiple Imputation

Animplicit model approach based on Propensity Scores and an Approximate Bayesian
Bootstrap is used to generate the imputations. The multiple imputations are independent
repetitions from a Posterior Predictive Distribution for the missing data, given the observed
data.

The imputation scheme is described below:

0] The regression coefficient b of the logistic regression model of the response indicator
Ry of theimputation variable y on the selected covariates including the intercept term
are estimated.

(i) To each case, a propensity scoreis assigned which is equal to xiT b, withi theindex

number of thiscaseand X[ arow vector with itsfirst element equal to 1 and the other
element containing the observed values of the selected covariates of thei-th casg, is
assigned.

(iii) The casesin the data set are sorted according to their propensity score in ascending
order.

(iv) For each missing data entry of y, a subset of observed values of y (its donor pool) is
found such that their assigned propensity scores that are close to the assigned
propensity score of the missings to be imputed.

This subset of observed values can be defined in different ways depending on the
selected option. Possible options are:

- Divide propensity score into ¢ quantile subsets
- Usecclosest matching cases

- Use d% closest matching cases

- Usearefinement variable.
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These options are described later in this Appendix.

(V) For each missing value of y, the imputations are generated from its donor pool
according to the Approximate Bayesian Bootstrap Method.

The estimated probability that avalue of y is missing from the logistic regression model isa
Monotone non-increasing function of the propensity score given by:

exp(propensi ty - score)

p(y Ismiss ﬂg) =1- 1+ exp(propenSi ty- score)

Thisimpliesthat if instead of assigning the propensity scores to the cases, the estimated
probabilitiesthat y is missing are assigned to the cases. The resulting imputation method is
equivalent to the one described above. That the propensity scores are used rather than these
estimated probabilitiesis for reasons of numerical stability.

Divide propensity scores into ¢ Quantile subsets

Using the optionsin the Donor Pool window, the cases of the data sets can be subdivided into ¢
subsets according to the quantiles of the assigned propensity scores, where c=5 is the default
value of ¢. Thisisdone by sorting the cases of the data sets according to their assigned
propensity scores in ascending order, as shown by the following:

n,_ .
Thei-th sub-set will consist of the cases from the{— * (I - l) +1/ 2} + 1-th case until the
c

n,. .
{—*I +1/ 2} -th casein the sorted data set for 1 =1,...,C, where [X] isthe integer part of x.
Cc

For each missing data entry of y, the set of observed values of y used to generate the imputations
are the observed values of the sub-set of cases where this missing data entry belongs.

Use c Closest Matching Cases
For each missing data entry:

(i)
ymis

where theindex i refersto the i-th missing data entry of y. The subset of observed values used
for generating the imputations for the missing entry are the:

[C/ 2] observed values before, and the [C/ 2+1/ 2] observed values of y,

after the missing value to be imputed (after sorting on propensity). Theinitia values of y are
the observed values with an assigned propensity score closest to, and lower than, the propensity
score assigned to:

(i)
ymis '
Then the:

[C/ 2+1/ 2] observed values of y after Y

mis
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are the observed values of y with an assigned propensity score closest to, and higher than the
propensity score assigned to the missing data entry.

If less than: [c/ 2]

observed values have an assigned propensity score smaller than the assigned propensity score,
then only these values are used as the observed values of y in the imputation.

Similarly, if less than:
[c/2+1/2]

observed values of y have an assigned propensity score larger than the assigned propensity
score, then only these values are used as the observed values of y in the imputation.

Use d% Closest Matching Cases

The same as for “c Closest Matching Cases”, where c is equal to [(d /2100) * Nl » and where
Nobs 1S €qual to the number of observed values of y. There must be at least two valuesin each
sub-group.
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