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Abstract 29 

Background 30 

Imputation is one of the strategies for dealing with Missing values (MVs) in microarray data. 31 

Employing the best subset of genes for imputation is very important. In this study, we used mutual 32 

information gene selection before imputation to select the best subset of genes for imputation MVs 33 

and then classified imputed data. Two datasets were used, and we generate MVs with missing rates 34 

from 1 to 7 percent. K nearest neighbor, row mean imputation, and the method contains Feature 35 

Selection with Missing data by Mutual Information (FSM-MI) were employed. We used Root 36 

Mean Square Error (RMSE) for evaluating the performance of the methods. We classified complete 37 

and imputed data by random forest classifier and compare them by accuracy. 38 

Results 39 

FSM-MI imputation method with 0.0364 and 0.0083 mean RMSE value in GSE510 and GSE1063 40 

datasets had the best performance, respectively. The classification accuracy of complete and 41 

imputed data in GSE510 and GSE1063 datasets were 100 and 80, and 100, 100, 83.3, and 66.7, 42 

and 80, 80, 70, and 70 percent in missing rates 1, 3, 5, and 7, respectively. 43 

Conclusion 44 

Feature selection before imputation MVs is as important as the selection of the best imputation 45 

method in improving the result of subsequent analyzes. 46 

Keywords: Entropy, Feature Selection, Gene, Mutual Information, Redundancy. 47 

  48 



3 

 

Background 49 

Recently, High dimensional data analysis i.e. microarrays are important issues in bioinformatics, 50 

system biological sciences, and machine learning techniques. One of the major obstacles to 51 

analyzing microarray data is the presence of MVs. Some of the reasons for MVs in microarray data 52 

are insufficient resolution, image corruption, poor hybridization, or contaminants due to dust or 53 

scratches on the slide(1). Ordinary microarray data have 1-10% MVs. Since most of the microarray 54 

data analysis methods such as biomarker identification, classification, and gene clustering require 55 

complete data without any missing, so solving the problem of MVs is one of the most important 56 

steps in microarray data analysis(2, 3). To limit the effect of MVs in analyzing microarray data 57 

different approaches were employed: (i) repeating experiments which is a time-consuming and 58 

costly process (4), (ii) deleting missing observations, but leads to information loss(5), or (iii) 59 

imputing missing data using the mode, mean, or zero which is one of the most common approaches, 60 

but the results are not optimal(6, 7). Different imputation algorithms such as  K-Nearest Neighbor 61 

(KNN), singular value decomposition (SVD), EM_array, LSimpute_gene, and LSimpute_array, 62 

and bayesian principal component analysis (BPCA) were proposed (8-10). Some of these 63 

approaches use different similarity measures. Based on these approaches the similarity between all 64 

genes and the gene we intend to impute its MVs (target gene) calculated, and the most similar genes 65 

to the target gene selected for imputation (9, 11-13).  66 

Microarrays data has more than thousands of genes with small samples and poses a significant 67 

challenge to researchers. Many of these genes may be completely irrelevant to the task, or 68 

redundant in the context of others. Learning in this situation has several problems such as 69 

computational burden(14). Therefore, to overcome this problem, a suitable subset of genes must 70 

be selected, so that the correct results can be extracted(15). In general, a good set of features is a 71 
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set where the features are individually relevant (the most correlation with an output), but should 72 

not be redundant (the least correlation between themselves) to each other. For this purpose, many 73 

mathematical and statistical models and methods have been introduced, which each of them has a 74 

different performance. One of these methods is mutual information, introduced by Shannon, which 75 

is the amount of information shared by two features (16). Several studies incorporate mutual 76 

information for considering relevancy and redundancy between features (17-22). 77 

In this paper, to select the best subset of genes that are used in the imputation process of MVs in 78 

the target gene, the two relevance-redundancy methods are employed to select the subset of genes 79 

with the most relevance individually and the least redundancy to each other. Also to emphasize the 80 

effect of different imputation methods on the accuracy of classification, after imputation, a random 81 

forest classifier was employed to classify the complete data and imputed data based on the 82 

imputation methods used in this study, and classification accuracies were compared. 83 

Methods 84 

Data sets 85 

In this study, we used two datasets from Gene Expression Omnibus (GEO) database with accession 86 

numbers GSE510 and GSE1063. Genes with at least one MV were removed from the gene 87 

expression datasets, and reference gene expression data was created (complete dataset). The first 88 

reference gene expression matrix contains 146 genes measured in 3 Mus Musculus samples in each 89 

control and case group. Second reference gene expression data contains 216 genes measured in 5 90 

Rattus norvegicus samples in two groups (vitamin E supplemented diet, vitamin E deficient diet). 91 

Missing Simulation 92 

https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE510
https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE1063
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MVs were generated with missing rates of 1, 3, 5, and 7 percentage from reference gene expression 93 

data with a completely at random (CAR) mechanism, and simulated data were created (incomplete 94 

dataset). 95 

Let 𝑋𝑁 × 𝑝 be expression matrix contain N gene in p experiment. The elements of matrix define as 96 𝑥𝑖𝑗  𝑖 = 1, … 𝑁 , 𝑗 = 1, … 𝑝. We define an indicator matrix  𝑅 ∈ {0,1}𝑁×𝑝 , and call it the 97 

missingness pattern of the expression matrix 𝑋𝑁 × 𝑝 , and it’s elements define as  𝑟𝑖𝑗 𝑖 = 1, … 𝑁 , 𝑗 =98 1, … 𝑝. 𝑟𝑖𝑗 = 1 if 𝑥𝑖𝑗 is observed and 𝑟𝑖𝑗 = 0 otherwise. Based on this pattern, the expression 99 

matrix 𝑋𝑁 × 𝑝 can partition into observe and missing matrix as 𝑋𝑁 × 𝑝 =  {𝑋𝑜 , 𝑋𝑚}. Both X and R 100 

define as random variables with probability distributions 𝑃𝑋 and 𝑃𝑅, respectively. The MVs are 101 

said to be CAR if the probability that an observation is missing is independent of the observed and 102 

MVs, and defined as 𝑝(𝑅|𝑋𝑜, 𝑋𝑚) = 𝑝(𝑅) (23). 103 

Matrices created with different missing rates are called simulated matrices. This process was 104 

repeated three times separately and finally three independent simulated matrices were generated 105 

for each missing rate. 106 

KNN Imputation Method 107 

In the KNN method, the MVs are imputed by the corresponding values of the k nearest genes. In 108 

this method, at first, the optimal number of nearest neighbors (k) is set based on experimental tests. 109 

Then similarity between the target gene (the gene with MVs) and the genes without any missing 110 

calculated. There are different metrics for measuring similarity (Pearson correlation Coefficient, 111 

Manhattan distance, Euclidean distance, and variance minimization). In the third step, the top k 112 

similar genes selected and the MV imputed by an average of values in these k genes in the same 113 

position with target gene(9). 114 
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Mean Imputation Method 115 

Substituting the mean or imputation the arithmetic mean, also known as the unconditional mean 116 

imputation, is a strategy in which the mean for a gene is calculated based on all the observations 117 

that are not missing. This means is then used instead of any missing value on that gene. 118 

Feature Selection with Missing data by Mutual Information (FSM-MI) 119 

As mentioned earlier, a good subset of genes should be individually relevant and also not be 120 

redundant concerning each other. To achieve this purpose, many entropy-based methods have been 121 

proposed. The Mutual Information-Based Feature Selection (MIFS) scheme was the first of many 122 

criteria that attempted to capture the relevance-redundancy trade off in feature sets(17) and defined 123 

as follows,  124 

𝐽𝑀𝑖𝑓𝑠 = 𝐼(𝑋𝑁; 𝑌) −  𝛽 ∑ 𝐼(𝑋𝑁; 𝑋𝑘),𝑁−1𝑘=1      (1) 125 

Where 𝑋𝑁 is Nth gene in 𝑋𝑁 × 𝑝 expression matrix, Y is target gene, 𝐼(𝑋𝑁; 𝑌) is the term for gene 126 

relevance and ∑ 𝐼(𝑋𝑁; 𝑋𝑘)𝑁−1𝑘=1  is for redundancy with penalty parameter equal to β. the penalty in 127 

MIFS approach must be set experimentally and based on inter-feature dependencies. 128 

The mutual information or interdependency between genes X and Y is defined as: 129 

𝐼(𝑋; 𝑌) = 𝐻(𝑋) − 𝐻(𝑋|𝑌),    (2) 130 

Where 𝐻(𝑋|𝑌) is conditional entropy and is defined as: 131 

𝐻(𝑋|𝑌) = 𝐻(𝑋, 𝑌) − 𝐻(𝑌),    (3) 132 

𝐻(𝑋, 𝑌) is the joint entropy of X and Y and is defined as: 133 

𝐻(𝑋, 𝑌) =  − ∑ ∑ 𝑝(𝑥, 𝑦)𝑙𝑜𝑔𝑝(𝑥, 𝑦)𝑦∈𝒴𝑥∈𝜒 ,    (4) 134 
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Where 𝜒 and 𝒴 are a subset of possible values of gene X and Y, respectively. 𝑝(𝑥, 𝑦) is joint 135 

probabilities. 136 

H(X) is entropy and defined as: 137 

H(X)  = − ∑ 𝑝(𝑥)log 𝑝(𝑥)𝑥∈𝜒 ,    (5) 138 

Where 𝜒  is a subset of possible values of gene X with corresponding probabilities(24, 25). 139 

The pseudo code for FSM-MI method is given below: 140 

(I) Split dataset into complete and incomplete gene set which complete gene set contain 141 

genes with no missing and incomplete gene set contain genes with at least one missing. 142 

(II) Missing rates for the genes in incomplete set computed as follows: 143 𝑟𝑖 =  𝑚𝑖𝑝  , which 𝑚𝑖 is the number of MVs in gene i, and p is the number of experiments. 144 

(III) All MVs imputed by row mean method.  145 

(IV) The gene with minimum missing rate choose as a target gene, and from complete gene 146 

set the subset of genes with maximum relevance and minimum redundancy choose. 147 

(V) Impute MVs in target gene by KNN using the genes selected in pervious step. 148 

(VI) The imputed gene goes to the complete gene set. 149 

(VII) Repeat steps II-VI. 150 

Figure 1Error! Reference source not found. illustrates the proposed method. 151 

[Please insert Figure 1: The proposed mutual information imputation method] 152 

As it said the MIFS used the β as a penalty and it must be set experimentally. Another criterion for 153 

capturing relevancy and redundancy is Maximum-Relevance Minimum-Redundancy (MRMR) and 154 

is equivalent to MIFS with 𝛽 = 1𝑛−1 (18). 155 
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In step IV we used MIFS and MRMR criteria for selecting the subset of genes with maximum 156 

relevance and minimum redundancy. We also use KNN and Row mean imputation methods and 157 

compare them by RMSE, which is used to measure the numerical similarity between the values 158 

imputed in the simulated matrix and the original values in the reference gene expression matrix. 159 

The RMSE is defined as the following: 160 

𝑅𝑀𝑆𝐸 = √∑ (𝐺𝑖,𝑂𝑟𝑖𝑔−𝐺𝑖,𝐼𝑚𝑝)2𝑀𝑖=1 𝑀 ,    (6) 161 

The term 𝐺𝑖,𝑂𝑟𝑖𝑔 is the original expression value, and 𝐺𝑖,𝐼𝑚𝑝 is the expression value of an imputed 162 

gene for a given imputation algorithm, and M is the number of MVs. The smaller the RMSE is, the 163 

better the imputation method is. 164 

Classification 165 

To compare the effect of the missing imputation methods on classification, after imputation of the 166 

MVs, we select the best and the worst imputation method based on RMSE, and a Random Forest 167 

(RF) classifier was employed for classification. We also classified a reference gene expression 168 

matrix and the results of the classification were compared based on 3-fold classification accuracy. 169 

Before starting the classification process, the dataset is split into train and test sets. In the first step 170 

of the classification process, set the number of tree (ntree) bootstrap sampling and the number of 171 

variables randomly sampled as candidates at each split (mtry) from the train set and grow a tree for 172 

each bootstrap dataset. Each tree grows until there are no fewer than nodesize in each terminal 173 

node. In the second step, we used majority voting for aggregating data from ntree trees. In the last 174 

step, we calculated the accuracy of classification by a test set(26). 175 

 176 
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Results 177 

Figure 2 showed the result of missing imputation for GSE510 dataset. RMSE value for all methods 178 

increased as missing rate increased. Among imputation methods used, FSM-MI method had the 179 

minimum RMSE value. KNN imputation method with different k values employed and when 180 

missing rate was 1%, 3%, and 7%, k = 10 had minimum RMSE, when missing rate was 5%, k = 181 

20 had minimum RMSE.  182 

[Please insert Figure 2: RMSE values for GSE510 dataset (a) 1%; (b) 3 %; (c) 5%; (d) 7% 183 

missing] 184 

Figure 3 showed the result of missing imputation for GSE1063 dataset. RMSE value for all 185 

methods increased as missing rate increased. Among imputation methods used, FSM-MI method 186 

had the minimum RMSE value. KNN imputation method with different k values employed and 187 

when missing rate was 1%, 3%, 5%, and 7% k = 10 had minimum RMSE.  188 

[Please insert Figure 3: RMSE values for GSE1063 dataset (a) 1%; (b) 3 %; (c) 5%; (d) 7% missing 189 

] 190 

Table 1 showed mean RMSE and SE for two datasets used. In GSE510 dataset, FSM-MI method 191 

and row mean imputation method had the minimum and maximum mean RMSE value, 192 

respectively. While in GSE1063 dataset, FSM-MI method and KNN imputation method had the 193 

minimum and maximum mean RMSE value, respectively. For KNN imputation method, k = 10 194 

had the minimum mean RMSE value. 195 

 196 
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Table 1. Mean RMSE values for GSE510 and GSE1063 datasets 197 

Imputation Method 

Dataset 

GSE510 GSE1063 

Mean(SE) Mean(SE) 

KNN(k*=10) 0.0466(0.014) 0.0169(0.003) 

KNN(k*=20) 0.0469(0.013) 0.0220(0.004) 

KNN(k*=30) 0.0485(0.014) 0.0267(0.004) 

KNN(k*=40) 0.0508(0.014) 0.0317(0.005) 

KNN(k*=50) 0.0535(0.015) 0.0356(0.006) 

FSM-MI(MRMR€) 0.0367(0.011) 0.0083(0.001) 

FSM-MI (MIFS₶) 0.0364(0.011) 0.0083(0.001) 

Row Mean 0.0495(0.013) 0.0088(0.002) 
SE: Standard Error; k: The number of nearest neighbor; €: Maximum-198 

Relevance Minimum-Redundancy criteria; ₶: Mutual Information-Based 199 

Feature Selection criteria. 200 

Based on the results reported in Figure 1 and Figure 2, we chose the best and the worst imputation 201 

method in each missing rate and classified imputed data with RF classifier. The accuracy of 202 

classification reported in Table 2.  The classification accuracy of complete data in GSE510 and 203 

GSE1063 was 100 and 80 percent, respectively. Classification accuracy of imputed data decreased 204 

as missing rate increased. In both dataset, the imputed data with FSM-MI method using MRMR 205 

and MIFS criteria had better accuracy comparing to KNN(k=10) and Row mean imputation 206 

method. 207 

Table 2: Classification Accuracy for GSE510 and GSE1063 dataset after imputation 208 

 GSE510 GSE1063 

Missing 

Rate (%) 

Imputation method Accuracy 

(%) 

Imputation method Accuracy 

(%) 

0 None 100.0 None 80.0 

1 FSM-MI (MIFS₶) 100.0 FSM-MI (MRMR€) 80.0 

Row Mean 83.3 KNN(k=10) 60.0 

3 FSM-MI (MIFS₶) 100.0 FSM-MI (MIFS₶) 80.0 

KNN(k=10) 66.7 KNN(k=10) 60.0 

5 FSM-MI (MRMR€) 83.3 FSM-MI (MIFS₶) 70.0 

Row Mean 66.7 KNN(k=10) 50.0 

7 FSM-MI (MRMR€) 66.7 FSM-MI (MIFS₶) 70.0 

Row Mean 50.0 KNN(k=10) 50.0 

k: The number of nearest neighbor; €: Maximum-Relevance Minimum-Redundancy criteria; ₶: 209 

Mutual Information-Based Feature Selection criteria 210 
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Discussion 211 

Biological experiments such as Microarray data contain MVs, and they can influence the 212 

subsequent analysis. One of the approaches to dealing with MVs is missing imputation. There is 213 

no best imputation method and the best method should be selected according to the type of data. In 214 

this study, we used two datasets to investigate the performance of the KNN and row mean 215 

imputation method. We also proposed an approach that selects the subset of genes with maximum 216 

relevancy and minimum redundancy with the target gene before imputation and then imputed MVs 217 

based on this subset.  218 

KNN imputation method employed with k value 10 to 50 by steps 5. As shown in the result section, 219 

increasing k values do not reduce the RMSE values and the minimum RMSE value was obtained 220 

in k = 10. In the GSE1063 dataset, for missing rates used in this study, the KNN imputation method 221 

had the maximum RMSE value. In the GSE510 dataset, for all missing rates used in this study, the 222 

row mean imputation method had the maximum RMSE value. For both datasets the FSM-MI 223 

method had the minimum RMSE value. 224 

As it shown, in both dataset the FSM-MI method had a stable behavior and the best performance. 225 

In contrast the behavior of KNN and row mean imputation methods is unstable, as in the GSE510 226 

dataset the KNN imputation with k = 10, and in the GSE1063 dataset row mean imputation method 227 

had lower RMSE value. The good performance of the row mean imputation method in the 228 

GSE1063 dataset could be due to the low dispersion of gene expression in the experiments. One of 229 

the disadvantages of the row mean imputation method is that imputing the row mean instead of the 230 

MVs reduces the variance of the genes and leads to unreliable estimates of covariances and 231 

correlations in subsequent analyses. 232 
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It should be noticed, there is no the best imputation method and it should be determined by the 233 

nature of the, and the results of this study are a testament to this sentence. As it shown, Row mean 234 

had relatively good performance in one dataset, but its performance is not good in the other dataset. 235 

KNN imputation method behaved similarly to the row mean imputation method. 236 

After imputation of MVs with KNN, row mean and FSM-MI method, the best and the worst 237 

imputation method employed based on mean RMSE value and classification is done using RF 238 

classifier. RF is a popular ensemble method, and can applies to high dimensional data. 239 

The classification accuracy of complete data in GSE510 and GSE1063 dataset was 100 and 80 240 

percent. The classification accuracy of each incomplete dataset with missing rate 1, 3, 5 and 7 241 

percent calculated after imputation with the best and the worst imputation method. With increasing 242 

the missing rate the classification accuracy decreased. The classification accuracy of the data that 243 

imputed with the best imputation method is higher than the data that imputed with the worst 244 

imputation method. As it shown, in both dataset the classification accuracy of imputed data with 245 

the best imputation method when missing rate was 1 and 3 percent is exactly similar to accuracy 246 

of complete data. 247 

Conclusion 248 

Employing the best subset of genes for imputation MVs is very important issue, and can improve 249 

performance of missing imputation method. Also applying the appropriate imputation method 250 

reduce the bias of subsequent analyzes and achieve the best results as long as possible. 251 
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Figures

Figure 1

illustrates the proposed method.



Figure 2

RMSE values for GSE510 dataset (a) 1%; (b) 3 %; (c) 5%; (d) 7% missing


