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Missing data is a problem

Loss of information, efficiency or 
power due to loss of data
Problems in data handling, 
computation and analysis due to 
irregularities in the data patterns and 
non-applicability of standard software
Serious bias if there are systematic 
differences between the observed and 
the unobserved data.

Types of missing data

Missing completely at random 
(MCAR)
When there are no systematic differences 
between complete and incomplete records.

For example, a cancer registry has incomplete 
records with the variable stage missing, because 
two hospitals failed to collect this information.

Missing at random (MAR)
Incomplete data differ from cases with complete 
data, but the pattern of data missingness is 
traceable from other observed variables in the 
dataset.

A typical example of MAR, was presented by 
(Van Buuren, 1999), in a study on imputation of 
missing blood pressure in survival analysis. 

He found that probability of missing BP depends 
on survival. 

Short term survivors have more missing BP 
data. 
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Missing not at random (MNAR)

When the pattern of data missingness is non-
random, and is not predictable from other 
variables in the data set.

An example of MNAR could be that the 
variable stage was unobserved (not recorded)  
for patients with late cancer stage, i.e. 
probability of missingness is related to the 
incomplete  variable stage.

What to do about Missing Data
Analyse complete records (complete case 
analysis)

Impute a number
- run complete case analysis

Multiple imputation
- Generate m imputations
- run complete case analysis
- combine estimates and standard errors

Complete case analysis
The easiest solution of handling missing data is to 
exclude all records (cases) that are incomplete.
This method can be a reasonable solution when 
the incomplete cases comprise only a small 
fraction (5% or less) of all cases.
The main advantage of this method is simplicity
Doesn't compensate for the sampling bias due to 
the loss of data
Loss of substantial amount of  data – thus loss of 
statistical power 

Single imputation
Mean substitution

Indicator method

Regression methods

Hotdeck imputation

Multiple Imputation
A simulation based approach to the analysis of 
incomplete data

Assumes the mechanism of missingness to be at 
least MAR

Replace each missing observation with m>1 
simulated values

Analyze each of the m datasets in an identical 
fashion

Combine  results (Rubin’s Rules)

Multiple imputation

Incomplete 
data

M completed data 
sets

Analysis

M analysis results

Pooling

Final results

Imputation
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Imputation model
The most difficult part of this method is how to 
generate the values to be imputed.

A very simple model, might not reflect the data 
well. 

A too complex model, can be extremely difficult 
to implement and program. 

How many imputations are 
needed ?

λ  
 

m 
0.1 0.3 0.5 0.7 0.9 

3 97 91 86 81 77 
5 98 94 91 88 85 

10 99 97 95 93 92 
20 100 99 98 97 96 

 

Rubin (1987, p. 114) shows that the efficiency of an 
estimate based on m imputations is approximately 

Where      is the fraction of missing informationλ
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What if there are more than one incomplete 
variables in the dataset?

Condition on one variable
Multiple imputation by chained equations

Multiple imputation by chained 
equations (Van Buuren, 1999).

Assume a multivariate distribution exist without 
specifying  its form.

Assume Missing at random (MAR).

Imputation model include all variables in the 
analysis model.
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Fill in each missing value with a starting value (mode for 
categorical variables, mean for continuous variables).

Discard the filled-in values from the first variable.

Regress x1on x2,….,xn.

Replace missing values on x1.

Repeat for x2,….xn on the other x’s (1 iteration).

The same procedure is repeated for several (in this case 
10) iterations. This generates one completed dataset. 

For m completed datasets, repeat the procedure m times 
independently. 

Imputation models
Logistic regression for binary 
variables.
Linear regression for continuous 
variables.
polytomous logistic regression for 
categorical variables.

The chain of the Gibbs sampling should be 
iterated until it reaches convergence. 

There  is no need for burn-in stage (the initial 
iterations of the Markov Chain that are discarded 
because they are usually influenced by the 
starting distribution.

There is no definite method to assess that the 
algorithm has converged.

The main aim would be to choose sufficient 
number of iterations to stabilize the distribution 
of the parameters.

Usually 10 iterations are sufficient.

Software
ICE: STATA implementation of multiple 
imputation by Chained equations (By Patrick Royston)

MICE: S-PLUS software for flexible generation of 
multivariate imputations (By Stef van Buuren).

IVEWARE: SAS-based application for creating 
multiple imputations (By Raghunathan, Solenberger and 
John Van Hoewyk). 

SOLAS: a commercial software for multiple 
imputation by Statistical Solutions Limited. 

Multiple imputation in STATA

• localised colon carcinoma (15,564 
patients).

• The data sets contain all cases diagnosed 
in Finland (population 5.1 million)

• during 1975–94 with follow-up to the end 
of 1995.

• Information on sex, age, stage, subsite, 
year of diagnosis, suvival time, vital status.

Finnish colon cancer data
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• We forced missing values on the two variables 
stage and subsite .

• For stage missing values were generated 
depending on age at diagnosis 

• For subsite missing values were generated 
depending on year of diagnosis.

• Use mvpatterns command to see the pattern of 
missing data 

• The cmd option specefies the type of 
prediction model

• Our incomplete variable stage has 4 
ordered categories.

• By default ice will treat this variable as 
unordered, therefore mlogit (is used in the 
prediction model).

• We can change this using cmd to use 
ordinal logistic regression instead

Multiple imputation in stata using ICE

• We choose m=10 to create ten completed 
datasets

• Each completed dataset was generated 
using 10 iterations

ice sex age  surv_yy status subsite_miss stage_miss
year8594 using "colon_imp", cmd(stage_miss:ologit)m(10)
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• All completed data sets  are saved in one 
file specified by the variable _ j

• This was then split into 10 separate 
completed datasets

• Ran strs on each completed dataset to  
estimate relative survival using actuarial 
methods.

strs using popmort, br(0(1)10) mergeby(_year sex _age) 
by(sex year8594 agegrp stage_miss subsite_miss) 
save(replace)

• Strs creates two output data files:
1. Individ.dta contains one observation for 

each patient and each life table interval
2. grouped.dta contains one observation for 

each live table interval
• Ten versions of each was created.
• This was then appended to one large 

completed individ.dta and one large 
completed grouped.dta dataset 

• We can now fit a Poisson regression on 
individ.dta using  micombine

• Individ.dta is large (595,520 records)
• Grouped data could not be used, as each 

completed data set had a different size

2,382group82,381group4

2,427group72,445group3

2,419group62,394group2

2,404group52,438group1

The STATA command mim can also 
combine multiply imputed data set. Results 
below are very similar to micombine
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We can now compare the previous MI 
results to  glm results on the complete 
observed dataset

Conclusions & discussion
Data are valuable - should not be wasted.
Doing nothing, i.e. ‘complete case analysis’
should not be an option.
Missing at random (MAR) crucial to avoid bias, 
but often un-testable.

Great care should be taken in the choice of 
imputation models.

1. How  many predictors can we include?
2. Vital status
3. Survival time
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