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Abstract
Propensity score (PS) is a popular method to control for covariates in observational 

studies. A challenge in PS analyses is missing values in covariates. This study aims to 
investigate how different imputation methods of handling missing values of covariates 
in a PS analysis can affect average treatment on the treated (ATT) estimates. In this study, 
missing data imputation methods were evaluated using different data sets, whose covariates 
were low, medium, and high (r=0.10, 0.50, 0.85) correlated with each other, for n=200 units 
and 1000 times running simulation. Missing data structures were created according to the 
missing at random (MAR) mechanism and different missing rates. Different datasets were 
obtained after having imputed the missing values separately by eight imputation methods 
including mean, median, mode, hot deck, last observation carried forward (LOCF), next 
observation carried backward (NOCB), regression and predictive mean matching (PMM). 
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Then the PS nearest neighbor matching was implemented and ATT scores were obtained 
using the imputed data sets. The predictive performance of imputation methods was 
compared according to ATT scores by hierarchical cluster analysis with Euclidean distance 
complete linkage. ATT scores of regression and PMM methods were closer to each other and 
these methods showed the best predictive performance. Additionally, when there were larger 
amounts of missing data, the PMM was the best method of choice. Ignoring missing values 
on covariates for PS analyses causes information loss significantly and this information loss 
becomes greater as the rate of missing data increases. PS analyses might be biased if missing 
data on covariates are also ignored. To prevent this information loss and bias, PS analyses 
should be performed after solving the problem of missing data with MAR mechanism on 
covariates by regression and PMM methods, which showed statistical superiority compared 
to other methods in this study.

Subject Classification:  62B15, 62D10, 62H30.

Keywords: Missing data, Imputation, Simulation, Propensity score, Hierarchical clustering.

1.  Introduction
Missing data is a big problem in the application of statistical analysis. 

In statistics, missing values occur when observation values for a variable 
cannot be obtained for various reasons. The presence of missing data 
that can significantly affect the data analysis process is a common fact 
in clinical research. Missing data cause biased results as well as a loss of 
statistical power and precision [12, 28].

The propensity score (PS) is used to balance the treatment and control 
groups for covariates and to reduce the systematic error in estimating 
treatment effects. For estimating the PS values covariates are generally 
included in the model. For this reason the covariates with missing 
values could be in the data. One of the essential unresolved trouble in 
PS estimation is how to handle missing values in covariates [6, 8, 18, 22]. 
Therefore, it is important to deal with the missing data problem. In order 
to overcome this problem, many approaches have been proposed in the 
literature. Missing data imputation methods are often used to deal with 
missing data [5, 28].

The principal focus of this study was on comparing the performance 
of eight missing data imputation approaches including mean, median, 
mode, hot deck, last observation carried forward (LOCF), next observation 
carried backward (NOCB), regression and predictive mean matching 
(PMM) to implementing in a PS matching for incompletely observed 
covariates with missing at random (MAR) mechanism to estimate average 
treatment effect on the treated (ATT) following missing value imputation. 
Further, hierarchical clustering with Euclidean distance complete linkage 
was used to identify imputation methods with similar performance in our 
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study. Clustering is one of the most successful methods that group similar 
objects into different groups according to some defined distance measure [20]. 

2.  Material and methods
2.1. Imputation methods for dealing with missing data

Imputation is the process of substituting missing data by optimal 
values. Some data analysis techniques are not robust to missingness, and 
require to impute  the missing data. Depending on why the values are 
missing, imputation methods can deliver reliable results at reasonable 
level. Various missing data imputation methods are used to deal with 
missing data [16, 27]. The imputation methods used in our study are 
explained below.

Mean/Median/Mode imputation
These imputations are such methods that the mean/median/mode 

of the observed values for each variable is obtained and the missing data 
for that variable is imputed by this mean/median/mode. They can be 
preferred because of their fast and practicality [14, 21].

Hot deck imputation
A widely-used method is that the missing value is imputed from 

a randomly selected similar record. All observations in the data set are 
divided into groups according to similar characteristics. A random 
observation is chosen from the group containing the data to be imputed 
missing data. The value in this selected observation is imputed to the 
missing data [16, 21].

Last observation carried forward (LOCF)
Another popular approach handling missing data is the LOCF. This 

method has been widely used in clinically experimental studies. The last 
observed non-missing value is used to fill in missing values at a later point 
in the data set [9, 24].

Next observation carried backward (NOCB)
NOCB is a similar method to LOCF. However this method processes 

opposite way from LOCF and it takes the first observation after the missing 
values and carries it backward [9, 15].

Regression imputation
It is based on replacing missing values by predicted scores from a 

linear regression by using data from the complete variables. Suppose 

https://en.wikipedia.org/wiki/Data_analysis
https://en.wikipedia.org/wiki/Imputation_(statistics)
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there is a variable x1 that has some cases with missing data and a variable 
x2 (with no missing data) that are used to impute x1 [12, 16].

x1 = (x11, …, x1i, …, x1j, …, x1n) where x1i refers to missing subjects and 
x1j refers to no missing subjects.

x2 = (x21, …, x2i, …, x2j, …, x2n). All subjects of x2 are complete. 
Using no missing subjects on x1, a linear regression is applied for 

calculate and and x1i is estimated by 1 0 1 2
ˆ

i ix b b x= +  [12, 16].

Predictive mean matching (PMM)
PMM is a robust method to do imputation for missing data, especially 

for imputing quantitative variables. PMM assumes that the missing data 
are MAR. Following steps are applied for PMM method [1, 25, 29]:

1.	� For no missing subjects on x1 (x1j), estimate 1
ˆ  jx from a linear 

regression 1 0 1 2
ˆ .j jx b b x= +

2.	� Draw randomly from bivariate normal distribution as being 
* * *

0 1( , )b b=b ~ ( , )N bb Σ  where b = (b0, b1) and bΣ  covariance matrix of b.

3.	 Calculate * *
1 0 1 2

ˆ .i ix b b x= +

4.	 For each 1
ˆ

ix  find 1 1
ˆ| .ˆ |i

j ix x∆ = −  

5.	� Randomly sample one value from 1 2 3( , , )∆ ∆ ∆  where 1 2,∆ ∆  and 
3∆  are the three smallest elements in ,i∆ respectively, and take the 

corresponding x1j as the imputation.

2.2. Propensity score
PS is a method used especially in observational studies to correct 

or eliminate the systematic error in the variables studied. The PS method 
is used to balance the treatment and control groups for covariates and 
to reduce the systematic error in estimating treatment effects. In a data 
set of n units with no missing observations, PS value of the subject i is 
the conditional probability of assigning a specific treatment (Ti = 1) to the 
control group (Ti = 0) according to the observed covariate vector xi and, 
expressed as following [2, 7, 27]:

( ) ( 1| )i i i ie x P T X x= = =

Under the assumption that Xi and Ti are independent with respect to 
e(xi), expressed as follows [2]:
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1 ( )
11 1              ( , , | , , ) ( ) {1 ( )}i it tn

ii n n i n n i iP T t T t X x X x e x e x −
== … = = … = = −∏

Since the prediction scores obtained from logistic regression show the 
probability of subjects to obtain the relevant treatment, it varies between 
0 and 1. Subjects whose PS values are equal or close to each other have a 
similar chance of being assigned to the treatment group [7, 10].

The PS matching method is expressed as 1:1 matching if a subject in 
the treatment group is matched with only one subject from the control 
group. Using nearest neighbor matching (NNM) approach, each treated 
subject is matched to the untreated subject whose PS value is closest to 
that of the treated subject [3]. Each untreated subject is matched at most 
once. At the end of the process, there are no mismatched subjects in the 
treatment group [7, 10].

Many statistical methods have been proposed to estimate ATT. 
The ATT is an estimation of the average treatment effect for the group 
who actually participated in the treating program. To estimate the ATT, 
PS matching is first performed using a 1:1 NNM without replacement 
algorithm [4, 11, 30].

[( (1) (0)| 1)]i i iATT E Y Y T= − =

Here Yi(1) is the expected score for subject i that treated, Yi(0) is the 
expected score for subject i that untreated.

2.3. Simulation methods
It was aimed to generate three different complete data sets to 

examine the performance of imputation methods under MAR missing 
data mechanism. The only difference between these data sets were the 
relationship between the covariates in the data generation phase. Following 
simulation algorithm detailed below was applied for n = 200 subject and 
was conducted with R Statistical Software version 4.0.3.

2.3.1. Simulation algorithm

1.	� Two covariates (x1 and x2) with low, medium and high correlated 
(0.10, 0.50, 0.85) were derived from bivariate standard normal 
distribution as being 1 2( , ) ( , ).x x N= ∼ µ ∑X

2.	� The value of T was assigned from Binomial distributions as being 
( , )T B n p∼  where n=200 and p (the probability of treatment 

assignment) defined as a linear function of x1 and x2 from inverse 
logit function. The function that forms p were determined such that 
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approximately 20% of the sample size was assigned to the treatment 
group (T = 1) and 80% of the sample size was assigned to the control 
group (T = 0).

3.	� Potential outcomes 0 0~ ( ,1)Y N µ  and 1 1~ ( ,1)Y N µ  where 0µ  and 1µ  

to be polynomial function of X and 1 0µ µ>  were generated.
4.	 Observed outcome (Y) was determined as follows:

1

0

,    1
,    0

Y T
Y T

Y  =


=
=

5.�	� Missing data sets with MAR mechanism were constituted by 
deleting data on x1 depending on x2 in different ratios (5%, 15%, 25% 
and 40%). 

6.	� Then these datasets were completed by eight different data 
imputation methods including mean, median, mode, hot deck, 
LOCF, NOCB, regression and PMM methods. 

7.	� Matching on the logit of the PS using NNM [1:1] was performed 
using the complete (reference) and imputed data sets and ATT was 
estimated by PS matching. ATT scores obtained from complete data 
sets were named as reference.

8.	� Steps 1. – 7. were repeated 1000 times and means and standard 
deviations of ATT scores were obtained.

Hierarchical clustering with Euclidean distance complete linkage was 
applied to results separately according to each missing rate and correlation 
structure. These methods were clustered according to the means of ATT 
scores and performance evaluation was made according to the clustering 
status of other scores around the reference score.

Means of ATT scores were edited such that references and imputation 
methods were observations and missing rates were variables and 
hierarchical clustering was applied immediately after, then in a different 
way, edited again such that references and imputation methods were 
observations and correlation structures were variables and hierarchical 
clustering was applied again. 

3.  Results
ATT scores obtained from complete and imputed datasets for each 

missing rate and correlation structure were approximately normally 
distributed. Descriptive statistics of ATT scores were specified as mean 
± standard deviation (Table 1). The clustering results were shown by 
dendrogram graphs (Figure 1 and 2).
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As a general inference, it can be explained that the methods were 
basically divided into 2 clusters. Regression and PMM methods tended 
to cluster around the reference category for first cluster (red line). Other 
methods that form the second cluster (black line) were also clustered 
within themselves and these were further away from the reference. Second 
cluster divided into two groups also. First group contained mean, median 
and mode methods, second one contained hot deck, NOCB and LOCF 
methods. For 5% and 15% missing rate, regression method was closer to 
reference than PMM method. As the rate of missing increased, the PMM 
method got closer to the reference category than the regression method 
(Figure 1).

As shown in Figure 2, the methods were clustered similar to inference 
that was made according the missing rate. There were clearly two very 
distinct groups. First group (red line) contained reference, regression 

Figure 1 
Dendrograms of ATT scores according to missing rates.
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and PMM methods, while the other one (black line) contained remaining 
methods. When the correlation was low, the PMM method was closer to 
the reference than the regression method. However, as the correlation 
relationship increased, the regression model became closer to the reference.

4.  Discussion
Although many techniques are used for imputation of missing 

values, it is difficult to decide which technique should be preferred and in 
which case. The optimal strategy may vary depending on the missing rate 
and data structure [6, 26]. Therefore, in this study, it was investigated how 
different imputation methods dealing with missing values with MAR 
mechanism in a PS analysis might affect ATT estimates and how these 
estimates change according to the correlation structure of covariates and 
missing rates. 

Figure 2
Dendrograms of ATT scores according to correlation structures.
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On Result of examination of literature, it is seen that some studies to 
deal with missing data are noteworthy. Mitra and Reiter (2016) reported 
that the choice of imputation model affected treatment effect estimates for 
PS analyses with missing values. Mayer and Puschner (2015) conducted 
a simulation study with different missing rates (5%, 20%, 50%) and MAR 
mechanism based on an observational study data. Their analysis model 
that comprised a PS-adjusted treatment effect estimation and missing 
values were evaluated using different imputation approaches, as well as 
mean and regression imputation. The regression imputation approach 
showed slightly better results than other methods. But they didn’t suggest 
a general superiority of any method in the considered analysis model. 
However, they reported that all point estimators of the applied methods 
fell within the 95% CI of the original treatment effect, which arose from 
the complete data set. Jochen et al. (2013) conducted a simulation study 
and reported that the more missing data were introduced, the lower 
the precision of the estimates became. They recommended substituting 
no more than 40% of the missing data in studies consisting of n = 200 
observations. We also applied for our study for n = 200 units and set 
the missing data rate to be 5%, 15%, 25% and 40%. Jadhav et al. (2019) 
reported that the performance of data imputation methods independent 
of the dataset and percentage of missing values in the dataset. Liu et al. 
(2020) conducted a study on the effect of missing data rate on classification 
success. He has found that the higher the missing data rate, the lower the 
correct classification rate. Mattei (2009) compared the PMM method with 
two different methods commonly used. They suggested that the PMM 
approach appeared perform the best among the three alternatives. For our 
study, as the missing rate increased, the performance of the imputation 
methods decreased and as the correlation between covariates increased, 
the performance evaluation ratings of the methods changed. Besides 
PMM method performed pretty well.

In our study showed which methods can be used to handle missing 
values in covariates of a PS model and it is suggested to choose the most 
suitable imputation method according to missing rates and correlation 
structures of the dataset. It was focused on this study missing values 
in covariates, because while in routinely collecting data on patient 
characteristics, missingness of recorded data more generally occurs.

5.  Conclusion
This study has special importance because it contains multiple 

features in comparison to the health field. Ignoring missing values on 
covariates for PS analyses causes information loss significantly and this 
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information loss becomes greater as the rate of missing data increases. PS 
analyses might be biased if missing data on covariates are ignored also. To 
prevent this information loss and bias, PS analyses should be performed 
after solving the problem of missing data with MAR mechanism on 
covariates by regression and PMM methods, which showed statistical 
superiority compared to other methods in this study. 

Additional
Presented as an oral presentation at the “2nd International Applied 

Statistics Conference (UYIK 2021) Tokat / Turkey,” on June 29 - July 02, 2021.
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