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DISCLAIMER

• This presentation is based on publicly available information (including data 
relating to non-Cognizant products or approaches).

• The views presented are the views of the presenter, not necessarily those of 
Cognizant.

• These slides are intended for educational purposes only and for the 
personal use of the audience. These slides are not intended for wider 
distribution outside the intended purpose without presenter approval.

• The content of this slide deck is accurate to the best of the presenter’s 
knowledge at the time of production. 
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Agenda.

 Types of missing data
 How to deal with missing data
 What is Multiple Imputation
 Why Multiple Imputation
 Implementation of  PROC MI procedure in ADLB   
 Imputation diagnostics 
 Concerns in MI
 Take home message 
 Questions & Answers 
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Types of Missing Data Patterns 

This is one of the most important considerations in planning imputation    
Model for missing data



© 2017 Cognizant C3 Protected5

Types Of Missing data Mechanisms 

Defined in order of severity, Rubin (1976)

 Missing completely at Random (MCAR)
 Missing at Random (MAR)
 Missing not at Random (MNAR)

We never really know for sure about the true nature of missing data, 
but we can make assumptions on how to treat datasets with missing 
data.
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Causes of missing data 

More Generally, Missing observations can arise due to

 Missed clinical appointments 
 Equipment failures 
 Data Entry 
 Lost-to- Follow up
 Discontinue from the study
 Other circumstances that disrupt the intended measurements 
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How to Deal with Missing Data

 List wise Deletion
 Pairwise Deletion

 Single Imputation
Mean Substitution
Median Substitution
LOCF ( Last Observation carry forward )
BOCF ( Baseline Observation carry forward)

 Multiple Imputation
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What is Multiple Imputation?
Multiple imputation involves creating multiple predictions for each missing value
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MI 
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Steps in MI

Step 1: Imputation

Step 2: Analysis 

Step 3: Pooling



© 2017 Cognizant C3 Protected11

Why Multiple Imputation ?

 It's so righteous dude! 

 Minimize the bias

 Multiple imputation (MI) is an effective and responsible way to 
handle data which is missing at random (MAR)

 It gives more accurate Standard errors 
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MI Method recommendations
Choosing method depends on missing data pattern & Imputed variable type
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Syntax: MI Procedure

PROC MI DATA=      OUT=      SEED=   NIMPUTE= ;
BY variables;
CLASS variables;
EM <options>;
FCS <options>;
FREQ variable;
MCMC <options>;
MNAR options;
MONOTONE <options>;

TRANSFORM transform (variables</options>) <…transform (variables</options>)>;
VAR variables;

RUN;
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Implementation of MI in ADLB
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Implementation of MI in ADLB – Continued 
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Implementation of MI in ADLB – Continued 
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The MIANALYZE Procedure
(Variance Information )

rdization
 Regular team and study meetings

 Frequent interaction with the client

 Pro-active communication
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Relative Efficiencies

Lambda=% of missing ness
m=Number of imputations
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The MIANALYZE Procedure
(Parameter Estimates)

rdization
 Regular team and study meetings

 Frequent interaction with the client

 Pro-active communication
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Imputation Diagnostics
It is important to examine the output from proc mianalyze

Variance Information Parameter Estimates

Variance Between (VB)                                    Estimate                                 
Variance Within (VW)                                        Std Error
Variance Total (VT)                                           95 % CI
Degrees of Freedom (DF)                                DF
Relative Increases in Variance (RIV/RVI)        Minimum
Fraction of Missing Information (FMI)              Maximum
Relative Efficiency                                           Theta0
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Concerns !

 Is there any better method available other than MI
 Isn’t MI just making up data
 How to select the number of imputations
 What by variables should be used 
 Options, Statements in MI
 Should I include dependent variables, auxiliary variables in model
 How much missing can I have and still get good estimates using MI
 Which stat programs should be used 
 The type of imputation 
 How to justify for choosing a particular imputation method
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Take home message !

 MI is effective and is always superior to any of the single imputation
 There are several decisions to be made before performing a MI
 MI is one of the best tools for researchers to address the very common 

problems of missing data 
 Produce unbiased estimates 
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