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Abstract— Missing values cause critical problems on training a 
prediction model. Various missing data imputation methods have 
been introduced to settle down the problem. However, the 
imputation accuracy obtained by the methods is insufficient to 
validate performance of prediction models. Thus, in this study, 
we compare (1) imputation accuracy from various imputation 
methods as well as (2) the effects of imputation methods on 
prediction accuracy, investigating a relationship between 
imputation accuracy and prediction accuracy. For the 
comparison, we use water quality data composed of the latest 
actual observational multi-sensor data from Daecheong Lake. 
We conduct several experiments to compare seven imputation 
methods including a state of the art method, and their effects on 
three distinct prediction models. Through quantitative 
comparison and analysis, we proved that it is necessary to 
consider both imputation accuracy and model prediction 
accuracy when choosing an imputation method.  

 
Keywords— missing values, missing data, incomplete data, 
imputation methods, linear interpolation, mean imputation, knn 
imputation, svd imputation, randomforest imputation, mice 
imputation, amelia imputation, model performance 

I. INTRODUCTION1 

Missing values denote empty and unobserved values in an 
arbitrary dataset. They have been a cumbersome problem in 
diverse research areas, such as Biology [1] and Medicine [2] 
because it causes information loss followed by a model 
performance degradation. The simplest way to deal with 
missing values is to discard every instance of data that contain 
at least one missing value. However, it reduces the amount of 
data used in training a model and causes a time discontinuity 
in time series data.  

To alleviate the problem, previous studies [3]-[8] have 
introduced statistical or mathematical methods of 'missing 
values imputation' [9]-[11], whose aim is to substitute each 
missing value while preserving characteristics of the data.  
Because there are various methods of missing values 
imputation, several studies [12]-[14] have reported a 
quantitative comparison between diverse imputation methods, 

                                                 
* These authors contributed equally. 

providing a guideline to choose a proper method for a given 
task.  

The high imputation accuracy, however, does not guarantee 
the high prediction model accuracy. To be concrete, due to the 
fact that there is no ground-truth for missing values in real 
data, most of the methods discard every instance containing 
missing values in the first place. Second, arbitrary values from 
the remaining data are removed. Third, the imputed data are 
used for evaluation on imputation accuracy. However, the 
generated data may contain different patterns from the original 
ones, so that the imputation accuracy may not be proportional 
to model prediction accuracy. 

In this study, we quantitatively compare (1) imputation 
accuracy from diverse imputation methods as well as (2) their 
effects on the prediction accuracy. We demonstrate an 
importance of a prediction accuracy when choosing an 
imputation method. Specifically, our work covers major 
statistical imputation methods, namely linear interpolation 
imputation [3], mean imputation, k-nearest neighbor (KNN) 
imputation [4], singular value decomposition (SVD) 
imputation [5], random forest (RandomForest) imputation [6] 
and multiple imputation by chained equations (MICE) 
imputation [7], including a state-of-the-art imputation method, 
Amelia imputation [8]. To evaluate their effects on prediction 
models, we implemented three regression models for 
comparison: Linear regression, RandomForest regression and 
artificial neural net (ANN) regression. 

II. METHODS 

In this section, we describe previously developed and 
studied imputation methods and regression models that are 
used in this work. 

A. Imputation Methods 
There are various ways to deal with missing values in 

incomplete dataset. The simplest approach to solve this 
problem is to discard the observations that contain at least one 
missing value. However, this approach can cause a significant 
amount of information loss, which degrades the performance 
of the model. Hence, in general, when there are missing values 
in dataset, we apply imputation methods. Imputation is to 
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replace missing values with plausible values. Through this 
work, we can convert an incomplete dataset into a completed 
dataset that does not contain missing values. The followings 
are prior studies related to imputation methods. 

1)  Linear interpolation imputation method:  Linear 
interpolation is a mathematical method that uses linear 
polynomials to estimate unknown values within the range of 
known values. Missing values are estimated and imputed by 
the last known value before the missing value and the first 
known value after the missing value [3]. For example, if the 
value of January 1st is known as 1 and the value of January 3rd 
is known as 7, the missing value of January 2nd can be 
imputed as 4 through this method.  

2)  Mean imputation method:  This method simply 
calculates a mean value of each variable ignoring missing 
values. Missing values are replaced with the mean value of the 
corresponding variable. This method is comparatively easy to 
use but it does not perform well in almost all cases. For 
example, if the value of January 1st is known as 1, the value of 
January 3rd is known as 7, the value of January 4th is known as 
10, then the missing value of January 2nd can be imputed as 6 
through this method. 

3)  KNN imputation method:  As its name suggests, this 
algorithm assumes that a specific missing value can be 
predicted from the values of other similar observations, 
chosen based on other variables that do not include the 
variable occurred by the missing value [4]. The number of 
neighbors (K) is hyperparameter. Setting a low K leads to high 
variance and low bias and a high K leads to low variance and 
high bias. Therefore, hyperparameter K should be chosen 
carefully.  

4)  SVD imputation method:  Before applying the SVD 
algorithm, this method fills missing values using mean 
imputation method. Then, the method implements a low rank-
K approximation of the completed dataset. Missing values are 
replaced with the estimated values. We repeat SVD 
imputation a certain number of times with the imputed value 
[5]. Low rank-K less than full-rank is a hyperparameter. 
Because low rank-K which is smaller than full rank is used for 
approximation and imputation, this approach is called as 
truncated SVD. 

5)  RandomForest imputation method:  This approach is 
based on tree-based ensemble model called RandomForest [6]. 
This method starts by replacing missing values with variable 
medians. Then, RandomForest algorithm is used to calculate 
proximity matrix with the completed dataset. Proximity is the 
closeness between pairs of observations. For example, if two 
observations are allocated to a same terminal node through 
one tree, their proximity is increased by one. After all trees are 
constructed, the proximity matrix is made and used for 
imputation. For continuous variables such as sensor data, 
missing value is imputed by a weighted average of non-
missing observations.  

6)  MICE imputation method:  This method dose not 
implement imputation only once but multiple times [7]. 
Through this process, it creates multiple completed datasets 
and multiple predictions for each missing value using an 
imputation process with a random component. Then, it 
analyzes each completed dataset and combines the results. 
Because missing value is estimated and imputed by multiple 
predictions, this method can solve the problem of less 
standard errors of statistics based on imputed values than 
actual values.  

7)  Amelia imputation method:  Although Amelia method 
is based on multiple imputation approaches, it is different 
from traditional multiple imputation methods. Amelia assumes 
that the data follow a multivariate normal distribution, so that 
it uses a joint modeling approach whereas MICE imputes data 
on variable by variable basis [8]. Amelia can reflect time 
trends in the process of imputation by incorporating 
polynomials of time into the model which makes this method 
powerful in the time series data. After Amelia version 2, 
Bootstrap-based EM algorithm is used to impute missing 
values in this method.  

B. Regression Models 
Regression models are widely used in prediction and 

forecasting. These models focus on finding relationship 
between a dependent variable and one or more independent 
variables. Unlike a classification model which predicts 
categorical labels, a regression model is about predicting a 
quantity. Therefore, if dependent variable is continuous 
quantity variable, regression models are employed. The 
performance of regression models can be evaluated by root 
mean square error (RMSE). We describe three popular models 
in the following. 

1)  Linear regression model:  This model is simple and 
widely applied approach in prediction task. Linear regression 
is a linear approach to find the relationship between a 
continuous quantity dependent variable and one or more 
independent variables. If only one independent variable is 
used for model building, it is called as simple linear regression, 
and if more than one independent variables are used in the 
model, it is called as multiple linear regression.   

2)  Randomforest regression model:  RandomForest is 
powerful ensemble model in both classification and regression 
problems. This model builds multiple decision trees and 
merges them. This model gives randomness to variable 
selection as well as observation selection. Through this 
process, the model can improve accuracy and stability. The 
model makes integrated prediction by calculating the average 
of the predictions across the trees. 

3)  ANN regression model:  This model is based on deep 
learning. Because of the fact that this model can approximate 
non-linear relationships between a dependent variable and 
independent variables, it can solve more complex problems 
that cannot be solved by the traditional regression models. 

 

593

International Conference on Advanced Communications Technology(ICACT)

 
ISBN 979-11-88428-03-8

 
ICACT2019 February 17 ~ 20, 2019



III.  EXPERIMENTS AND RESULTS 

In fact, water quality data of Daecheong Lake also contain a 
lot of missing values that interfere with the prediction task. 
Even though, our goal is to predict the amounts of blue-green 
algae by chlorophyll-a variable to prevent negative effects of 
large amounts of blue-green algae, but we cannot use the data 
directly because of missing values. To select a proper 
imputation technique for our task, we tried to evaluate not 
only the performance of the missing values imputation method 
but also its effects on the prediction performance of the model. 

Many studies of imputation methods focus on evaluating 
the performance of imputation methods themselves. For 
performance evaluation, they remove some data points and 
predict the missing values with several imputation methods. 
Then, they measure the difference between the actual values 
and imputed values. 

However, this approach may not be appropriate in some 
cases. As verified in the following experiments, the 
performance of imputation method is not proportional to the 
performance of the prediction model with the imputation 
method. When selecting an imputation method, we should 
consider the purpose of data analysis then carefully choose 
one. In other words, imputation is just a means and a process, 
not a goal to achieve. Our goal is to fit our target model which 
can be used for a statistical testing task or classification task or 
regression task in a better way. Therefore, the criteria of 
selecting imputation method should be set to increase the 
performance of our target model, not to improve the 
performance of the imputation method itself. Furthermore, the 
influence of the imputation method may vary depending on 
the task and data. Hence, it is dangerous to choose a certain 
imputation method simply because it has been reported to 
have excellent performance in previous studies including our 
study, without a reliable experiment. 

Dataset we used is about water quality complex sensor 
observations. This data is observed at Daecheong Lake in 
Daecheonghosu-ro Daedeok-gu Daejeon, in republic of Korea. 
The specific detail of the dataset can be found in Table 1.  

TABLE 1. DATASET SPECIFICATION 

Number of 
instances 

Number of 
variables 

Type of 
variables 

Data collection 

1705 9 Continuous 
Variables 

Data collected on 
a daily basis from 

2012 to2018 

A. Experiments with Non-missing Dataset 
The overall process of experiments is shown in Figure 1.  

Similar to the previous studies, these experiments were 
implemented by generating arbitrary missing values in the 
complete dataset, then applying several imputation methods to 
the incomplete dataset. Furthermore, based on the completed 
dataset made by the imputation method, we conducted several  
experiments to evaluate the performance of the model that 
predicts chlorophyll-a. 

1)  Data pre-processing:  Of the nine water quality 
variables, the total phosphorus variable was removed because 
it contained too many missing values as a matter of the sensor. 
In these experiments, as all instances including at least one 
missing value must be removed, we used this preprocessing 
step to prevent instances of the complete dataset from getting 
too small. After this process, all instances that contained at 
least one missing value were removed. Through these 
processes, we could construct a complete dataset. In addition, 
standardization was conducted to each variable to make the 
influence of each variable on the evaluation criteria (RMSE) 
the same. 

 

 
 

Figure 1.  Experimental process 

2)  Experimental design:  This experiment was based on 
the complete dataset without missing values because all 
missing values were removed through the previous data pre-
processing steps. We randomly assigned missing values 
according to various probability range and filled the missing 
values by applying several imputation methods. Then we 
measured the difference between the filled values and actual 
values. We also conducted another experiment to measure the 
performance of prediction model. Since we have the actual 
observations in hand, we could build the baseline models that 
predict chlorophyll-a variable using actual data. Based on 
these baseline models, we proceeded experiments to measure 
the performance of the prediction models using the completed 
datasets made by several imputation methods. The 
hyperparameters of imputation methods and the prediction 
models we used in these experiments are shown in Table 2 
and Table 3. 

TABLE 2. HYPERPARAMETERS OF IMPUTATION METHODS 

Imputation Method Hyperparameter(s) 

Linear Interpolation Nothing 

Mean Imputation Nothing 
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KNN Imputation Number of neighbors = 5  

SVD Imputation Low rank = 5 

RandomForest Imputation Number of trees = 100 

MICE Imputation Multiple times = 10 

Amelia Imputation Multiple times = 10, 
Polytime = 3 

TABLE 3. HYPERPARAMETERS OF PREDICTION MODELS 

Regression Model Hyperparameter(s) 

Linear Regression Nothing 

RandomForest Regression Number of trees = 500 

ANN(1) Regression 

Hidden_dim=30,  
Hidden layers_num = 2,  
Activation_fun = RELU, 

Epoch=50, 
Learing_rate=0.05,  
Dropout_rate = 0.2, 

Batch_size = 30 

ANN(2) Regression 

Hidden_dim=60,  
Hidden layers_num = 2,  
Activation_fun = RELU, 

Epoch=80, 
Learing_rate=0.02,  
Dropout_rate = 0.2, 

Batch_size = 30 

3)  Evaluation criteria:  The evaluations were made by 
averaging 10 simulation results. For the model performance 
evaluation, each simulation was conducted with 4-fold cross 
validation [15]. We used RMSE, which is the most commonly 
used measure of performance in both imputation and 
prediction model in the similar studies [16]. It measures the 
difference between actual (true) values and predicted (imputed) 
values (See Eq. (1)). The lower the RMSE, the better the 
performance. 

 

  
(1) 

4)  Experiment results:  The detailed results of two types of 
experiments are shown in Table 4 and Table 5. Overall, 
imputation performance decreases as the percentage of 
missing values increases. Linear interpolation method shows 
the best performance regardless of the percentage of missing 
values. Except for this imputation method, the RandomForest 
imputation and Amelia imputation showed the excellent 
performance. Based on these results, we set a specific 
percentage of missing values and conducted an experiment to 
evaluate the model performance using the completed datasets, 
which are generated by the top three imputation methods. As 
shown in Table 5, linear interpolation method, which provided 
the best performance in the imputation error, showed worse 

performance in prediction accuracy, compared to those of 
Randomforest imputation and Amelia imputation. In this way, 
we found that the performance of imputation itself is not 
directly related to the performance of prediction model. We 
interpreted the linear interpolation imputation as having the 
unusually high performance in the case of imputation 
performance because of following reasons. As the daily 
variation of sensor data is very small, linear interpolation 
method is the most conservative and safest approach to predict 
the missing value by using information only from the 
immediately preceded observation and the immediately 
followed observation on the corresponding variable. For 
example, in a situation where daily fluctuations are not large, 
filling the missing January 2nd data with the average value of 
January 1st and January 3rd data could be a safer strategy to 
lower RMSE than filling the missing value using more 
observations and inter-variables information.  

TABLE 4. IMPUTATION PERFORMANCE 

Imputation 
Methods 

RMSE according to  
Specific percentages of missing values 

10% 20% 30% 70% 

Linear 
Interpolation 

0.11434 0.13605 0.13984 0.21281 

Mean 
Imputation 0.76450 0.79850 0.77135 0.80628 

KNN 
Imputation 0.31595 0.41208 0.52240 0.79405 

SVD 
Imputation 0.64674 0.70929 0.65852 0.78589 

RandomForest 
Imputation 

0.21287 0.24206 0.25319 0.62360 

MICE 
Imputation 0.52086 0.54354 0.6221 0.80734 

Amelia 
Imputation 

0.14657 0.16876 0.19840 0.35514 

TABLE 5. MODEL PERFORMANCE 

Baseline 
+ 

Imputation 
Methods 

RMSE 
Percentage of missing values = 20% 

Linear 
Regress

ion 

Random 
Forest 

Regress 
ion 

ANN(1)
Regress 

ion 

ANN(2)
Regress

ion 

Baseline
(Original 
Dataset)

0.47904 0.26152 0.24211 0.23871

Linear 
Interpolation 0.53896 0.26686 0.27485 0.27312

Random
Forest 

Imputation 
0.50472 0.27723 0.26343 0.25964

Amelia 
Imputation 0.49808 0.25178 0.26984 0.27112
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B. Experiment with Missing Dataset 
Figure 2 shows the overall process of the experiment. 

Unlike the previous experiments, this experiment was based 
on the incomplete dataset that contains the actual missing 
values, not the arbitrarily created missing values. We could 
not proceed with the experiment to measure imputation 
performance because it was impossible to find out the actual 
values of the missing values in these experimental settings. 
Therefore, we conducted a model performance evaluation of 
the regression task to predict the amounts of chlorophyll-a. 

1)  Data pre-processing:  First, all the instances where 
chlorophyll-a which is a dependent variable that was missing, 
were removed. In addition, unlike previous experiments, we 
used the total phosphorus variables containing a lot of missing 
values to maintain characteristics of the original dataset. 

 

 
 

Figure 2.  Experimental process 

2)  Experimental design:  This experiment was based on 
the incomplete dataset with original missing values. We filled 
the missing values by applying several imputation methods 
which covered six imputation methods except for the mean 
imputation method which had shown significantly poor 
performance. Then, we measured the performance of 
prediction models which proceeded with chlorophyll-a 
prediction task. 

3)  Evaluation criteria:  In this experiment, only model 
performance evaluations were conducted. Evaluation criteria 
was applied in the same way as the previous experiments. 

4)  Experiment results:  The detailed results of experiment 
are shown in Table 6. Similar to the previous experiments, 
three previously well-performed methods (linear Interpolation 
imputation, RandomForest imputation and Amelia imputation) 
performed well in this experiment which measured the model 
performance in the real dataset. Meanwhile, as in previous 
experiments, RandomForest imputation and Amelia 
imputation showed better performance than linear 
interpolation imputation. Once again, we verified that the 
linear interpolation imputation method, which had been the 
best method for imputation performance, could not be the best 
method for model performance. 

 

TABLE 6. MODEL PERFORMANCE 

Imputation 
Methods 

RMSE 

Linear 
Regress 

ion 

Random 
Forest 

Regress 
ion 

ANN(1) 
Regress 

ion 

ANN(2) 
Regress 

ion 
Linear 

Interpolation 
4.23829 

 
0.72830 

 
0.33489 

 
0.31027 

 

KNN 
Imputation 

4.25922 
 

0.71846 
 

0.33837 
 

0.32471 
 

SVD 
Imputation 

4.24513 
 

0.73399 
 

0.33359 
 

0.31605 
 

RandomForest 
Imputation 

4.21133 
 

0.71053 
 

0.32453 
 

0.30663 
 

MICE 
Imputation 

4.24423 
 

0.72874 
 

0.33198 
 

0.31817 
 

Amelia 
Imputation 

4.21795 
 

0.71774 
 

0.33238 
 

0.30818 
 

 

IV.  VISUALIZATION OF RESULTS 

In the following figures, we will name linear interpolation 
imputation as LI, RandomForest imputation as RF, linear 
regression as Linear, RandomForest regression as Random 
and baseline as BASE. Figures 3, 4, and 5 are visualizations of  
the results of Tables 4, 5, and 6, respectively. Figure 6, 7, 8,  
and 9 are specific graphs for each regression model showed in 
Figure 5. 

 
 

 
Figure 3.  Imputation performance 
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Figure 4.  Model performance 

 

 
 

Figure 5.  Model performance 

 

 

Figure 6.  Model performance (Linear) 

 

Figure 7.  Model performance (Random) 

 

 

Figure 8.  Model performance (ANN(1)) 

 

 

Figure 9.  Model performance (ANN(2)) 

 

V. CONCLUSIONS 

In this study, we conducted two types of experiments. One 
was to measure imputation performance and the other was to 
measure model performance. Both experiments had the same 
purpose to examine the effects of the imputation methods on 
our task. Through experiments in our paper, we verified that 
imputation performance itself may not be proportional to the 
model performance. So, we suggest that imputation methods 
should be evaluated not only by the imputation performance   
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but also the model performance, which is the most important 
thing in prediction task, after applying several imputation 
methods to the dataset. In the case of our study, our aim was 
to predict the amounts of the chlorophyll-a accurately. So, we 
chose the imputation methods which are RandomForest 
imputation method and Amelia imputation method, not Linear 
Interpolation imputation method which had shown the best  
imputation performance. 

VI.  FUTURE WORK 

Further research about a deep learning based imputation 
approach [17] will be conducted. Furthermore, We will study 
the enhancement of model performance through data 
augmentation by using deep generative models such as VAE 
and GAN in the time series data [18], [19]. 
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