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Missing Data Patterns

Monotone missing pattern

• If a variable is missing for an 

individual, all subsequent variables 

in that order are also missing.

Arbitrary missing pattern

• No specific pattern or sequence;

data may be missing anywhere.

SUBJID BASE V1 V2 V3

1001 X X X Missing

1002 X X Missing Missing

1003 X Missing Missing Missing

SUBJID BASE V1 V2 V3

1001 X Missing X X

1002 X X Missing X

1003 X Missing X Missing



Missing Data Mechanisms

MCAR (Missing Completely at Random)

• Missingness is unrelated to any observed or unobserved 

data.

MAR (Missing at Random)

• Missingness is related to observed variables but not to the 

value of the missing data.

MNAR (Missing Not at Random)

• Missingness is related to the unobserved (missing) data 

itself.



Steps in Multiple Imputation



Imputation Methods in SAS (PROC MI)



MI implementation in SAS

Step 0: Examine missing data pattern
/* Transpose input data to be in a horizontal format */

PROC TRANSPOSE DATA= adeff 

 OUT= indset;

 BY usubjid trt;

 ID avisit;

 VAR aval;

RUN;

/* Examine missing data patterns */

 PROC MI DATA = indset NIMPUTE = 0;

   VAR baseline wk_12 -- wk_72;

 RUN;

** The output indicates missing data pattern is Arbitrary



MI implementation in SAS

Step 1: Imputation – assuming missing values are MNAR

/* MCMC method to impute intermediate missing to produce 5 datasets with 

monotone missing pattern */

  PROC MI data= indset OUT = indset_mono SEED=12345 NIMPUTE = 5

    MINIMUM = . 0 0 0 0 0 0 MAXIMUM = . 36 36 36 36 36 36;

    BY trt; 

    MCMC CHAIN = multiple IMPUTE = monotone; 

    VAR baseline wk_12 wk_24 wk_36 wk_48 wk_60 wk_72; 

  RUN;



MI implementation in SAS

Step 1: Imputation – assuming missing values are MNAR (cont’d)

/* Impute missing ending data using monotone regression using CCMV assuming       

that missing values are MNAR */

  PROC MI DATA= indset_mono OUT=imp_indset_monoreg NIMPUTE = 1 seed = 12345

    MINIMUM = . 0 0 0 0 0 0 MAXIMUM = . 36 36 36 36 36 36;

    BY _IMPUTATION_;

    MONOTONE REG;

    MNAR MODEL (wk_12 wk_24 wk_36 wk_48 wk_60 wk_72/ modelobs = CCMV);

    VAR baseline wk_12 wk_24 wk_36 wk_48 wk_60 wk_72;

  RUN;



MI implementation in SAS

Step 2: Analyze the multiple imputed datasets

/* Perform MMRM analysis for each imputation independently */

  PROC MIXED DATA = indset1; 

    BY _IMPUTATION_;

    CLASS usubjid trtn avisitn; 

    MODEL chg_imp = trtn base avisitn age trt*avisitn / SOLUTION; 

    REPEATED avisitn/TYPE=UN SUBJECT=usubjid;

    LSMEANS trtn*avisit / DIFF = control(‘0’) cl; 

  RUN;



MI implementation in SAS

Step 3: Pooling Results 

/* Combine estimates of each imputation using Rubin’s Rule */

  PROC MIANALYZE parms = lsdiffs;

    CLASS trtn;

    MODELEFFECTS estimate;

    STDERR stderr;

    ODS OUTPUT parameterestimates=lsdiffs_out;

  RUN;



MI implementation in R (MICE package)

Step 0a: Load and explore the data 
  #Install and Load the Required Package

  > install.packages(c("mice", "mmrm", "emmeans"))

  > library(mice) # for multiple imputation pooling

  > library(mmrm) # for MMRM analysis

  #Import the dataset

  > indset <- read_sas("../ADaM/adeff.sas7bdat")

  



MI implementation in R (MICE package)

Step 0b: Examine missing data pattern

  # Using mice for visualizing missingness pattern

  > md.pattern(wide_data)



MI implementation in R (MICE package)

Step 1: Impute Missing Data
  #Perform Multiple Imputation

  > imp <- mice(wide_data, 

  m=5,

  method = "pmm", 

  seed = 12345)  

  #Check imputation methods used in each variable

  > imp$method

  ** Customize imputation methods for individual variables

 method=c("", "logreg", "", "pmm", "pmm", "pmm", "pmm", "", "" )

  

  

Variable type Imputation Method

Continuous Predictive mean matching (pmm)

Binary Logistic regression (logreg)

Nominal Polytomous Regression (polyreg)

Ordinal Proportional Odds Logistic Regression 

(polr)



MI implementation in R (MICE package)

Step 2: Analyze Imputed Data
  # MMRM Analysis for each imputed dataset

  > model_fit <- with(imp_long_data, 

 mmrm(formula=chg_imp ~ TRTA + BASE + AVISITN + TRTA * AVISITN 

  + us(AVISITN | USUBJID)))

  > summary(model_fit)



MI implementation in R (MICE package)

Step 3: Pool Results
  # Combine results of each analysis

  > pooled_results <- pool(model_fit)

  > summary(pooled_results)



Summary and Conclusion

• Always examine missing data patterns before applying imputation.

• Choose suitable imputation methods based on missing pattern and 

variable type.

• Use sufficient imputations to improve stability.

• MINIMUM= and MAXIMUM= options to specify logical lower and 

upper bounds for imputed values.

• Analyze each imputed dataset independently using BY 

_IMPUTATION_ statement in the statistical procedure. 

• Combine each parameter estimates and standard errors using 

Rubin’s rules.



Thank you!

Karthick Jayaraman

Karthickj@sensanbio.com
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