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OBJECTIVES
• Effects of missing data
• Pattern of missing data
• Missing data mechanisms
• Prevention of missing data
• Methods to handle missing data
• Multiple imputation: Case study
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EFFECTS OF MISSING DATA
• Power
• Variability
• Bias
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PATTERN OF MISSING DATA

• Monotonic
• Arbitrary
• Matrix sampling 
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MISSING DATA MECHANISMS

• Missing completely at random (MCAR)
• Missing at random (MCR)
• Missing not at random (MNAR)
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PREVENTION OF MISSING DATA
• Trial outcomes
• Minimizing dropouts
• Data collection for dropouts
• Actions for Investigators and site personnel
• Targets for acceptable rates of missing data
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METHODS TO HANDLE MISSING DATA
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• Complete case analysis
• Single imputation
• Inverse probability weighing
• Likelihood based analysis
• Event time analysis
• Non-responder imputation
• Multiple imputation



MULTIPLE IMPUTATION
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Multiple imputation (MI) is a method for obtaining estimates 
and correct inferences for statistics ranging from simple 
descriptive statistics to the parameters of complex 
multivariate models.
Three steps:
• Independently impute missing values in the original 

dataset M times.
• Analysis of M imputed datasets.
• Combining the output results from above steps, to 

generate final estimates, standard errors and confidence 
intervals.



WHY MULTIPLE IMPUTATION
• Model-based
• Multivariate
• Multiple independent repetitions
• Robust
• Very usable
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HOW MANY MULTIPLE IMPUTATION 
REPETITIONS ARE NEEDED?

Rate of missing Repetitions to achieve minimum 95% of 
statistical efficiency

< 20% M=5 to M=10

30% to 50% M=20 to M=30
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METHODS FOR MULTIPLE IMPUTATION
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Missing Data Pattern Variable Type Method PROC MI Statement in SAS 

Monotone Continuous Linear regression
predictive mean matching
propensity score

MONOTONE REG 
MONOTONE REGPMM 
MONOTONE PROPENSITY 

Binary Logistic regression MONOTONE LOGISTIC 
Nominal Discriminant function MONOTONE DISCRIM 

Arbitrary Continuous With continuous covariates: 
MCMC monotone method
MCMC full-data imputation

MCMC 
IMPUTE=MONOTONE
MCMC IMPUTE=FULL 

Continuous With mixed covariates: 
FCS regression
FCS predictive mean matching

FCS REG 
FCS REGPMM 

Binary FCS logistic regression FCS LOGISTIC 
Nominal FCS discriminant function FCS DISCRIM 



CASE STUDY
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Report with complete case analysis



CASE STUDY (Cont..)
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SAMPLE ADPRO ANALYSIS DATASET 



CASE STUDY (Cont..)
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RESTRUCTURING ANALYSIS DATASET    

proc transpose data=adpro out=adpro_t prefix=y;
by usubjid trt01pn trt01p STRATA1 paramcd param;
id avisitn;
var aval;

run;



CASE STUDY (Cont..)
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CHECKING THE MISSING DATA PATTERN
proc mi data=adplda_t nimpute=0 simple;

class paramcd trt01pn;
fcs;
var y1-y5 paramcd trt01pn;

run;



CASE STUDY (Cont..)
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proc mi data=adpro_t out=adpro_mi seed=3475 nimpute=50 
minmaxiter=1000 minimum=. 0 0 0 0 0 maximum=. 100 100 100 100 100; 

by paramcd trt01pn; 
class STRATA1;
FCS REG (y1-y5); 
var STRATA1 y1-y5; 

run;

MODEL BASED MULTIPLE IMPUTATION (Step 1)



CASE STUDY (Cont..)

17

BACK TO ADAM BDS STRUCTURE 
proc transpose data=adpro_mi out=adpromi;

by _imputation_ trt01pn trt01p usubjid STRATA1 parcat2 paramcd
paramn param;

run;



CASE STUDY (Cont..)
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ANALYSIS WITH MULTIPLE IMPUTED DATASET (Step 2)

proc mixed data= adpromi;
by _imputation_;
class avisitn usubjid STRATA1N;
model aval=avisitn STRATA1N v2t1 v3t1 v4t1 v5t1 / ddfm=kr;
repeated avisitn / subject=usubjid type=un R;
estimate "P1: Week 24; TRT: 1" avisitn -1 0 0 0 1 v5t1 1 /  
divisor=1 cl alpha=0.05;
estimate "P1: Week 24; TRT: 2" avisitn -1 0 0 0 1/
divisor=1 cl alpha=0.05;
estimate "P2: Week 24; TRT: 1 - 2" v5t1 1 / cl alpha=0.05;

run;

proc means data= adpromi MEAN STD median min max q1;
by _imputation_ trt01pn trt01p;
var aval base;

run;



CASE STUDY (Cont..)

19

Results from PROC MIXED

Results from PROC MEANS



CASE STUDY (Cont..)
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proc mianalyze data=est_sum;
by _trtnam;
modeleffects estimate meanb meanv;
stderr stderr stdb stdv;
ods output ParameterEstimates=est0sum;

run;

POOLING THE RESULTS (Step 3)

proc mianalyze data=est_comp;
modeleffects estimate;
stderr stderr;
ods output ParameterEstimates=est0comp;

run;



CASE STUDY (Cont..)
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Report with multiple imputation



CASE STUDY (Cont..)
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Comparison



CONCLUSION
• As explained in our case study, the pattern of the missing data is 

identified as ‘Arbitrary’ using PROC MI and we decided to use 
the FCS REG imputation method since variable type is 
‘continuous’ and has mixed covariates. 
• Report created with multiple imputation could be used as a 

supporting report as part of the sensitivity analysis, which can be 
requested by the submission agencies or the internal 
committees. 
• As per our case study results, we observe that the statistical 

inferences in report with MI are close to the statistical inferences 
from the main analysis Report (complete case analysis).
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THANK YOU



Q & A
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