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Introduction
In most studies, missing value is a common and serious problem that often leads to 
biased, inaccurate, or unreasonable conclusions in cases of inappropriate handling 
[1–10]. When there is no data value for a variable in an observation, it is considered to 
be missing. The phenomenon of these values is pervasive in clinical studies involving 
large amounts of data (big data). Meanwhile, big data are extremely large datasets that 
pose storage and analysis challenges using conventional management techniques [11]. 
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Currently, available analytical methods are only capable of working with complete data 
[12–15]. Therefore, missing value-related issues present the opportunities of obtaining 
the right technique as a solution [16].

In classification problems, missing values is a general weakness with the capacity 
to produce results of an ineffective prediction system [12, 17, 18]. Ignoring these data 
affects analysis [1, 8, 19–21] or learning outcomes, as well as prediction results on col-
laborative prediction problems [22]. Furthermore, it has the potential to weaken results 
and conclusion validities [3, 21]. In the predictive model, incorrect selection of the miss-
ing data handling method tends to affect the model’s [8, 23] and classifiers’ accuracy, as 
well as performance [24].

According to previous studies, feature normalization has an important effect on classi-
fication accuracy [25–28]. Furthermore, in a dataset with numeric feature attributes, the 
normalization and processing of missing values are regarded as the main problems in the 
pre-processing stage [29]. Also, a normalized mean interpolation method was developed 
to solve the missing value in numerical data sets [30]. Several studies have separately 
analyzed the effects of various normalization techniques and strategies for dealing with 
missing value on classification performance. However, only a few rated the effects com-
bining the two [29]. Furthermore, applying data normalization has a significant effect 
on classification and greatly improves the performance of the KNN imputation method 
[31]. Previous studies have also shown that combining normalization and imputation 
using the mean is more accurate than traditional mean and median methods [30].

The model-driven imputation algorithm requires that the observable data has no miss-
ing values in the dataset, therefore, its characteristics directly affect the results [32]. 
Training data usually contains noisy data or outliers which affect the final performance 
of the trained model [33, 34]. From an instance selection perspective, the dataset is 
bound to contain some noisy data or outliers being observed for missing value impu-
tations. Therefore, the selection is conducted to filter out some of these data, as well 
as unrepresentative outliers from a given (training) dataset. Also, the selection’s perfor-
mance should be assessed before imputing missing values [32]. Ordinary least squares 
(OLS) are used to estimate the model’s parameters in the linear method. However, the 
outliers make the estimation of these parameters unreliable [35]. Therefore, the impu-
tation result is not good enough to fulfill the given precision [36], and has a negative 
effect on the values entered for missing data [37]. To solve this problem, outlier handling 
should be performed before imputation [36, 37]. The classical method is unable to accu-
rately conduct imputation in the presence of outliers [38], hence, research teams sug-
gested several imputation methods to overcome these problems [37, 39–41].

Previous studies have produced class center-cased firefly algorithm for handling miss-
ing values [42], as the development of methods by considering correlation [43]. However, 
they have failed to consider data normalization and outlier detection before performing 
the imputation process.

This study proposed a combination of normalization and outlier removals as well 
as normalization on class center-based Firefly Algorithm. It was also developed from 
preliminary studies conducted by the author [42]. This contributed an evaluation of 
the normalization and outlier detection combination’s impact on several missing data 
imputation methods, mean imputation (Mean), random value imputation (Rand), linear 
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regression imputation (Reg), multiple imputation (MI), KNN imputation, decision tree 
(DT) imputation. The combination of outlier removals and normalization on class 
center-based Firefly Algorithm has never been used in previous studies. Although, it is 
an efficient technique for determining the actual value in handling the missing and tends 
to maintain the true distribution of data values.

Related work
The three mandatory technical issues that should be considered in the process of input-
ting missing data, selecting experimental data sets, methods, and evaluating imputation 
results are shown in Fig. 1 [44].

The choice of experimental data set is related to the problem area, the filling and the 
type of test data, missing data mechanism (MCAR, MAR, MNAR) as well as a per-
centage (missing rate). According to Lin and Tsai (2020), the normalization and outlier 
detection’s consideration was not discussed in the review paper “Missing value impu-
tation: a review and analysis of the literature (2006–2017)”. The effect of normalization 
and various techniques for handling the missing value strategy on classification perfor-
mance separately was extensively conducted in previous studies. However, only a few 
assessed the simultaneous combination effect of standardization and missing data han-
dling methods [29]. Some also showed that combining normalization and imputation 
techniques produced better accuracy values [30, 31, 45].

In addition to normalization of pre-processing, outliers significantly influence the 
statistical estimation process (for instance, the sample mean and standard deviation), 
resulting in either excessively high or low values [46]. Several missing data imputation 
methods including mean, linear regression, multiple, and class center-based, utilize the 
mean value. Generally, the training data contains noisy data or outliers with the ability 
to reduce the learning model’s final performance [33, 34]. Therefore, it is necessary to 
select instances in the observed data set for missing values imputation and to determine 
the selection performance of instances from the observed data set before the imputa-
tion [32]. According to other studies, outliers play an important role in the imputation 
method’s performance. In cases where a dataset contains these data points, mixed mod-
els with high flexibility can produce deviations from the true data pattern [47].

It was also reported that imputation results were strongly influenced by the presence 
of outliers [35–37]. Therefore, outlier handling should be conducted before imputation 
[36, 37]. Currently, the classical method is unable to perform imputation accurately in 

Fig. 1 The experimental design procedure for missing data imputation experimental [44]
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the presence of outliers [38], however, various techniques have been proposed as a solu-
tion to this problem [37, 39–41].

Research methodology
Methods of handling the missing data

Missing value imputation (MVI) which is a basic method for resolving incomplete data-
set problems has been studied for several years [44]. The method of dealing with missing 
data largely depends on the type and requirements. There are two imputation meth-
ods, namely statistics and machine learning [48, 49], which create approximations from 
chosen observable data to replace the missing value. For each of these real values in the 
dataset, a single imputation technique was used to generate a specific number because 
it is less computationally intensive and more cost-effective. Research teams proposed a 
variety of single-imputation methods. Furthermore, other responses analysis was used 
to select the highest-scoring response as a general rule of thumb. Alternatively, the value 
can be obtained by calculating the mean of the available variable values [50].

Regression imputation was utilized when the data available estimate the predictive val-
ues in place of missing. Meanwhile, imputation techniques for regression were highly 
dependent on missing variables [51]. The average vector estimation and covariance 
matrix of data were calculated using sub-matrices that contained no missing values [52]. 
Other statistical techniques used for data imputation were multiple and random imputa-
tion. Several of these values can be imputed using the multiple imputation method. The 
three stages of this method are as follows, imputation, analysis, and pooling [53]. Impu-
tation variance was eliminated, while item distribution was preserved, and estimates of 
the distribution function through imputed data were shown to be consistent and asymp-
totically normal when using the random imputation method. Imputation variance in the 
estimated distribution function cannot be eliminated but can be significantly reduced by 
this method [54]. The statistical methods widely used in previous studies are expecta-
tion maximization (EM), linear regression (LR), least squares (LS), and mean/mode are 
shown in Fig. 2.

Fig. 2 Distribution in the number of studies using EM, LR, LS, and mean/mode techniques [44]
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Meanwhile, the commonly used machine learning methods are decision tree (DT), 
clustering, K-nearest neighbor (KNN), and random forest (RF) [44] are shown in Fig. 3.

Among the various machine learning algorithms, KNN is widely used to suggest miss-
ing data due to its simple implementation and relatively high accuracy [15, 48, 55–57]. 
It is possible to fill in missing data using nearest neighbor (NN) imputation algorithms, 
which are efficient methods. Each missing value on some records was replaced by a 
value derived from similar cases across the entire set of records [1]. The k-NN method 
imputed missing values using those from the k nearest neighbors. It was discovered by 
minimizing a distance function [58], usually the Euclidean distance [59, 60]. Some tree-
based algorithms, like CART and C4.5, have built-in procedures for handling missing 
value. According to a target variable, a decision tree divides records into several leaves 
(end nodes) so that records in each leaf have similar values for the target variable. 
Recordings from a leaf are the best records for estimating missing values in the target 
variable. Based on the observed values in the leaf, a numerical missing value is imputed 
in decision tree-based missing value imputation [61].

Normalization and outlier removal in class center‑based firefly algorithm for missing value 

imputation

This study proposed combination of normalization and outlier removals and normali-
zation on class center-based Firefly Algorithm. In addition, it was based on prelim-
inary studies conducted by the author [42]. The fireflies’ pattern with a lower light 
intensity was used, while the group of fireflies with a lower intensity were approxi-
mated when the missing data was entered. Furthermore, fireflies with less light and 
those with brighter intensity were analogous to the missing and complete data attrib-
utes respectively.

In the firefly algorithm, the degree of brightness of firefly (I) and the distance r between 
the firefly i and j demonstrated its attractiveness [62]. The objective function of fireflies 
was related to their brightness. In this way, the brightness can be used to reveal the most 
recent position in relation to its objective function f(x) [63].

They were attracted to each other because of their respective attractiveness values β 
and their distances from each other.

(1)Ii = f (xi)

Fig. 3 Distribution in the number of studies using DT, clustering, KNN, and RF techniques [44]
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In this case, β0 is the firefly attraction at r = 0, and γ is the medium-light absorption 
coefficient. A firefly i at position xi which moved to a brighter firefly j at position xj was 
described by

The pseudocode below summarized the Firefly Algorithm’s main steps for handling 
missing values based on class center [42].

1. Incomplete data sets are divided into complete and incomplete subsets.
2. The calculation of the class center, (centDi), and standard deviation (std) for each 

class i of the complete subset.
3. Calculation of the distance between class center centDi and other data samples in 

class i using the Euclidean distance.

4. Computation of attribute correlations (R) for the complete subset.

5. For each attribute in the incomplete dataset, a value (x) is calculated based on the 
objective function f (x) and class center values.

6. The greatest value I(x) = 1
centDi

 is determined. In cases of data with the largest I (x), 
the data movement xki_new can be updated using the following movement equation 
with the assumptions, β0 = 1 , r = Dis(cent(Di), j) and α ∈ [0, 1].

a. The formula below is used when the class center value (centDi) of the attribute con-
taining missing data is equal to the correlated attribute data’s centDi.

b. In cases where the centDi of the attribute with missing data is below the correlated 
attribute data’s centDi, the formula below is used.

c. The formula below is used when the centDi of the attribute containing missing data is 
greater, compared to the correlated attribute data’s counterpart.

(2)βr = β0e
−γ r2

(3)xi+1 = x1 + β0e
−γ r2(xj − xi)+ α

(

rand −
1

2

)

(4)Dis(cent(Di), j) =

√

(xi − cent(Di))
2

(5)
Rx1x2 =

n
∑

x1x2 −
(
∑

x1
)(
∑

x2
)

√

(

n
∑

x21 −
(
∑

x1
)2
)(

n
∑

x22 −
(
∑

x2
)2
)

(6)I(x) =
1

cent(Di)

(7)

xki_new = xki_old + β0e
−γ r2

∣

∣centDi − xi_old
∣

∣+ α

(

rand −
1

2

)

, with γ = centDi

(8)

xki_new = xki_old+β0e
−γ r2

∣

∣centDi − xi_old
∣

∣+α

(

rand −
1

2

)

, with γ =

(

centDi
/

R

)

+
∣

∣diff of centDi

∣

∣
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7. Analysis of imputation result by comparing the distance between the data and class 
center obtained from the previous imputation value  ± stdev. This result is deter-
mined based on the closest distance.

A class-centered firefly algorithm for handling missing values was previously devel-
oped by the author. However, data normalization and outlier removal were not consid-
ered before performing the imputation process. Normalization and outlier removal in 
class center-based Firefly Algorithm for missing value imputation was proposed as a 
development of previous studies. The block diagram of our imputation and performance 
evaluation is shown in Fig. 4.

Performance evaluation

Evaluation of machine learning models, for instance, AUC, precision, recall, and 
F1-score based on the confusion matrix were used to observe the effect of normaliza-
tion and outlier detection on several imputation methods. This matrix is a very popular 
technique for solving classification problems, and is suitable for binary classification or 
classification problems with multiple classes as shown in Table 1 [64].

The confusion matrix represents the predicted and actual state of the data generated 
by the machine learning algorithm. Precision is the relationship between true positive 
prediction and overall positive prediction.

Meanwhile, recall (Sensitivity) is the relationship between the true positive prediction 
and the overall true positive data.

(9)

xki_new = xki_old + β0e
−γ r2

∣

∣centDi − xi_old
∣

∣+ α

(

rand −
1

2

)

, with γ = (centDi × R)−
∣

∣diff of centDi

∣

∣

(10)Precesion =
TP

TP + FP

Fig. 4 Block diagram of the proposed method
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The F1 score is a weighted average comparison of precision and recall.

AUC (area under the curve) is the ROC (receiver operating characteristic), a curve 
depicting probability with sensitivity and specificity variables, with a limit value between 
0 and 1. This area provided an overview of the model’s overall top measurement suit-
ability and was a standard measure used to indicate the prediction result’s quality [65]. 
Various additional metrics used for evaluating the final model or numerous plots, such 
as ROC and Precision-Recall (PRC)/AUC-PR plots, gave visual representations [66]. The 
precision-recall (PRC) curve indicated precision values with related sensitivity (recall) 
levels [67]. Classifier evaluation on imbalanced data sets is more informative when using 
the precision–recall plot than ROC [68]. AUC, AUC-PR, accuracy, F1-score, precision, 
and recall can be calculated using machine learning evaluation methods as shown in 
Fig. 5.

In addition to the utilization of these methods, for instance, models based on the con-
fusion matrix, the proposed imputation method was evaluated based on two approaches, 
namely predictive accuracy (PAC), which is concerned with the imputation technique’s effi-
ciency in obtaining the true data value, and distributional accuracy (DAC). Furthermore, 
Pearson correlation coefficient (r) and root mean-squared error (RMSE) were used for 
the PAC assessment [69, 70]. The Pearson correlation coefficient r can be used to measure 
the correlation between the imputed and actual values through variance, and the degree 
to which data points tend to deviate from the mean [71]. An effective imputation method 
should be close to 1 [69, 70]. In cases where x and x̂ is the attribute value in the complete 
and incomplete  data, the correlation coefficient r can be calculated according to the formula 
(13).

(11)Recall =
TP

TP + FN

(12)F1 Score =
2× Precision× Recall

Precision + Recall

Fold 1
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...
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K-Nearest 
Neighbor

10 – Fold Cross Validation

Imputation 
Result 
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Modeling

Performance 
Evaluation

Training Set
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Fig. 5 Method of evaluation for getting AUC, AUC-PR, accuracy, F1-score, precision, and recall
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The root mean square error (RMSE) is a well-known main criterion used to compare the 
performance of prediction methods by measuring the difference between the estimated 
value of a given characteristic and the baseline value. In this case, a value closer to 0 results 
in better imputation [69, 70].

In addition, DAC represents the technical ability to maintain the actual distribution of 
data values and was assessed in this study using the Kolmogorov–Smirnov Distance  (DKS). 
Given that Fx and Fx̂ are the empirical cumulative distribution function of x and x̂ ,  DKS was 
calculated using Eq.  (15), where a smaller distance value indicated a better interpolation 
result [69, 70].

Subsequently, the complete dataset results of classification accuracy were analyzed 
using algorithms like k-Nearest Neighbor (KNN). As shown in Fig.  6, the KNN algo-
rithm was selected based on previous results, where a classifier was frequently used to 
evaluate the effectiveness of the interpolation algorithm.

Experimental results
In this study, the first stage was the selection of Sonar dataset obtained from the UCI 
Machine Learning Repository (www. arsip. Ics. uci. edu/ ml) and Kaggle Datasets (www. 
kaggle. com/ datas ets). Terry Sejnowski, currently at the Salk Institute and the Univer-
sity of California, San Diego, contributed the dataset to the benchmark collection. The 
dataset was developed in collaboration with R. Paul Gorman of Allied-Signal Aerospace 
Technology Center. Furthermore, various aspect angles were used to obtain the signals 
in the dataset with 90 and 180 degrees for the cylinder and rock respectively. Moreover, 

(13)r =

n
∑

i=1

(xi − xi)(x̂i − x̂i)

√

n
∑

i=1

(xi − xi)2
n
∑

i=1

(x̂i − x̂i)2

(14)RMSE =

√

√

√

√

1

n

n
∑

i=1

(xi − x̂i)2

(15)DKS =
∥

∥Fx − Fx̂
∥

∥

Fig. 6 The Classifier used in previous studies [44]

http://www.arsip.Ics.uci.edu/ml
http://www.kaggle.com/datasets
http://www.kaggle.com/datasets
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there were 60 numbers in each pattern, which ranged from 0.01 to 1.0, therefore, an 
integrated energy value for a particular frequency band was represented by each number 
[72].

The experiment was continued by an amputation process of sonar dataset using R pro-
gramming, where 40% of the data was removed using the MCAR mechanism. Schouten 
et al. [73] showed that an important aspect of missing data research produced missing 
values in the complete data set, through the amputation procedure.

1. feed the function of complete dataset,
2. define the missing proportion,
3. specify the missing data patterns,
4. specify the relative occurrence of these patterns,
5. choose between MCAR, MAR, or MNAR mechanism.

The pseudo-code for generating missing values with R is shown in Fig. 7.
The next stage is the imputation process, using seven (7) methods, mean imputation, 

random value imputation, multiple imputations, regression linear imputation, KNN 
imputation, decision tree (DT)-based missing value imputation, and proposed tech-
nique (conducted in the previous study), class center-based firefly algorithm (C3-FA) 
[24]. To observe normalization and outlier detection’s effect on the missing data imputa-
tion method, the simulation process was conducted in 4 ways as follows, (i) imputation, 
(ii) normalization  +  imputation, (iii) outlier removal’s  +  imputation, and (iv) outlier 
removal’s  +  normalization  +  imputation.

Imputation

At this stage, several imputation methods, mean imputation (Mean), random value 
imputation (Rand), linear regression imputation (Reg), multiple imputation (MI), KNN 
imputation, decision tree (DT) imputation, and C3FA, were compared. Table 2 showed 
the evaluation results using AUC, accuracy, F1-score, precision, recall, and AUC-PR for 

Fig. 7 The pseudo-code for generate missing values with R

Table 1 Confusion matrix for binary classification

Predictions Actual

Positive Negative

Positive TP FP

Negative FN TN
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seven imputation methods, where k-nearest neighbor (KNN) was the most widely used 
classifier according to the study.

Based on Table  2, the previous study showed that C3-FA was superior in terms of 
AUC, accuracy, F1-score, precision, and recall.

Normalization + imputation

One of the contributions of this study is to evaluate the impact of normalization on sev-
eral missing data imputation methods. Before the imputation process, the values in a 
dataset were normalized between 0 and 1 using the following formula.

where zi: ith normalized value in the dataset; xi: ith value in the dataset; min(x): mini-
mum value in the dataset; max(x): maximum value in the dataset.

Table 3 showed the evaluation results using AUC, accuracy, F1-score, precision, recall, 
and AUC-PR for seven imputation methods with k-nearest neighbor (KNN) classifier 
after the dataset values were normalized.

According to the experimental results, normalizing the dataset before imputation 
showed a significant effect. Meanwhile, Table 3 compared the AUC, accuracy, F1-score, 

(16)zi =
xi −min (x)

max (x)−min (x)

Table 2 Evaluation results using AUC, accuracy, F1-score, precision, recall, and AUC-PR for 
imputation

Imputation 
method

Performance evaluation

AUC CA F1‑score Precision Recall AUC‑PR

Mean 0.884 0.793 0.791 0.798 0.793 0.69

Rand 0.868 0.764 0.762 0.767 0.764 0.71

Reg 0.908 0.798 0.797 0.801 0.798 0.7

MI 0.899 0.798 0.797 0.801 0.798 0.7

KNN 0.894 0.808 0.807 0.808 0.808 0.67

DT 0.914 0.822 0.821 0.825 0.822 0.7

C3FA 0.927 0.861 0.86 0.862 0.861 0.67

Table 3 Evaluation results using AUC, accuracy, F1-score, precision, recall, and AUC-PR for 
normalization  +  imputation

Imputation method Performance evaluation

AUC CA F1‑score Precision Recall AUC‑PR

N  +  Mean 0.922 0.837 0.835 0.841 0.837 0.68

N  +  Rand 0.906 0.803 0.802 0.805 0.803 0.66

N  +  Reg 0.926 0.812 0.811 0.815 0.812 0.68

N  +  MI 0.923 0.832 0.831 0.832 0.832 0.69

N  +  KNN 0.929 0.822 0.821 0.822 0.832 0.65

N  +  DT 0.926 0.822 0.821 0.826 0.822 0.66

N  +  C3FA 0.97 0.909 0.909 0.909 0.909 0.66
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precision, and recall results. However, these results showed the proposed method (N  
+  C3FA) outperformed the others.

Outlier removal’s  +  imputation

Another contribution of this study is the effect evaluation of outliers on imputation 
results. The local outlier factor (LOF) method was used to detect outliers at this stage. 
It was also calculated using the five-step method.

1. Calculation of the distance.
2. Kth-nearest neighbor distance calculation.
3. Calculation of the K-nearest neighbor.
4. Calculation of the local reachability density (LRD).
5. Analysis.

In this stage, LOF was an algorithm that identified outliers in the dataset before 
imputation. Meanwhile, KNN classifier was used to evaluate seven imputation meth-
ods after the removal of an outlier from the dataset. The evaluation results are pre-
sented in Table 4.

Based on these experiments, the removal of an outlier (O) before the imputa-
tion process was effective on the evaluation results. Table 4 compares the Accuracy, 
F1-score, precision, and recall results and the comparison results show the combina-
tion outlier removals and decision tree (DT) imputation (O  +  DT) is outperforms 
the others.

Outlier removal’s  +  normalization  +  imputation

The main contribution of this study is the proposed combination of normalization and 
outlier removals before imputing missing values in the class center-based firefly algorithm 
method (ON  +  C3FA). Local outlier factors (LOF) were used in this stage to identify out-
liers in a dataset, and values were normalized between 0 and 1 as they were in the previ-
ous stage of the analysis process. Furthermore, KNN classifier was used to evaluate seven 
imputation methods after an outlier was removed from the dataset and the values were 
normalized between 0 and 1. Table 5 summarized the evaluation’s results and conclusions.

Table 4 Evaluation results using AUC, accuracy, F1-score, precision, recall, and AUC-PR for outlier 
removal’s  +  imputation

Imputation method Performance evaluation

AUC CA F1‑score Precision Recall AUC‑PR

O  +  Mean 0.893 0.826 0.823 0.829 0.826 0.68

O  +  Rand 0.904 0.826 0.825 0.825 0.826 0.72

O  +  Reg 0.921 0.865 0.865 0.866 0.865 0.68

O  +  MI 0.909 0.86 0.859 0.859 0.86 0.72

O  +  KNN 0.915 0.854 0.853 0.853 0.854 0.7

O  +  DT 0.937 0.879 0.878 0.879 0.879 0.71

O  +  C3FA 0.922 0.83 0.828 0.833 0.83 0.69
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Experimental results showed the combination of normalization and outlier removal 
effect in the imputation methods. Table 5 compared the AUC, accuracy, F1-score, pre-
cision, and recall results. However, the comparison results indicated that the proposed 
method (ON  +  C3FA) outperformed the others.

This technique was also evaluated based on RMSE,  DKS, and r values. Table 6 showed 
the result of this evaluation and comparison with the previous method (C3FA).

The value of RMSE and r was better, compared to the previous study [42]. Based on 
the simulation results, the Pearson correlation coefficient (r) value was close to 1, while 
root mean squared error (RMSE) was close to 0. The result showed that combining nor-
malization and outlier removals in the C3-FA (ON  +  C3FA) method was an efficient 
technique for obtaining the actual data in handling missing values. Meanwhile, the  DKS 
result obtained from this technique was 0.04. This indicated that the proposed method 
was able to maintain the distribution of the values or the distribution accuracy.

Discussion
The experimental results show that normalizing and removing outliers separately or 
simultaneously affects the performance of the imputed results. Previous studies have 
also shown combining normalization and imputation using the mean, produces more 
accurate than traditional mean and median methods [30, 31]. The effect normalization 
on imputation can be seen from Tables 2, 3. There was an improvement in the values of 
AUC, accuracy, F1-score, precision, and recall after the data normalization process was 
carried out before imputation.

The removal of outliers from the data has an impact on the performance of the 
imputed results in addition to normalizing the data. This is in line with the facts that 
outliers play an important role in the imputation method’s performance [47] and the 

Table 5 Evaluation results using AUC, accuracy, F1-score, precision, recall, and AUC-PR for outlier 
removal’s  +  normalization  +  imputation

Imputation method Performance evaluation

AUC CA F1‑score Precision Recall AUC‑PR

ON  +  Mean 0.947 0.843 0.843 0.843 0.843 0.66

ON  +  Rand 0.921 0.831 0.831 0.831 0.831 0.66

ON  +  Reg 0.955 0.883 0.882 0.884 0.883 0.67

ON  +  MI 0.942 0.877 0.876 0.878 0.877 0.66

ON  +  KNN 0.949 0.877 0.877 0.877 0.877 0.67

ON  +  DT 0.955 0.867 0.866 0.867 0.867 0.55

ON  +  C3FA 0.972 0.906 0.906 0.908 0.906 0.61

Table 6 Comparison result of RMSE, DKS, and r (ON  +  C3FA vs C3FA)

C3FA ON + C3FA

RMSE 0.026 0.02

Dks 0.04 0.04

R 0.932 0.935
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classical method is unable to accurately conduct imputation in the presence of outli-
ers [38]. The effect outlier on imputation can be seen from Tables  2, 4. There was an 
improvement in the values of AUC, accuracy, F1-score, precision, and recall after outlier 
removals process was carried out before imputation for all methods.

When we compare the experimental results in Tables 2, 5, we get new knowledge that 
removing outliers and normalizing the data before the imputation process produces bet-
ter values of AUC, accuracy, F1-score, precision, and recall. However, the comparison 
results indicated that our proposed method (ON  +  C3FA) outperformed the others. This 
research is a continuation of our previous research in this area. Table 7 shows the results 
of a comparison of the AUC, accuracy, F1-score, precision, recall, and AUC-PR values 
for the proposed method (ON  +  C3FA) and our previous method (C3FA). The proposed 
method is superior to the value of AUC, accuracy, F1-score, precision, and recall.

Imputation methods should ideally reproduce actual values in data, or predictive accu-
racy (PAC), while also preserving their distribution, or distributional accuracy (DAC). 
The Pearson correlation coefficient (r) and the root mean squared error (RMSE) are two 
metrics used to assess the PAC. The ability to keep the true distribution of data values 
is represented by DAC. The Kolmogorov–Smirnov distance  (DKS) was used to evaluate 
it. According to the results of the evaluation for PAC and DAC in Table 6, the proposed 
method (ON  +  C3FA) outperforms our previous method (C3FA).

Conclusion
Incomplete research data is frequently caused by missing values. Almost all stud-
ies, including those that are well-designed and controlled, have missing value. This 
can reduce the statistical power of a study, resulting in erroneous estimations and 
conclusions. In the data pre-processing step, data normalization and missing value, 
handling were deemed critical, while classification techniques were used to handle 
numerical features. In addition, when observed data contains outliers, the estimated 
missing values can be incorrect or possibly significantly different from the actual 
values. Adaptive search methods like those used in the Firefly algorithm should be 
implemented to avoid missing values in a dataset. Furthermore, the class center’s 
initial objective feature helped to determine the best imputation value. Therefore, 
the Firefly algorithm can determine the closest approximation to the actual value. 
Combining normalization and imputation techniques has been shown in previous 
studies to improve accuracy values [30]. Meanwhile, others emphasized the signifi-
cance of detecting outliers in the observed dataset before missing values imputation 
[32].

Table 7 Comparison result of AUC, accuracy, F1-score, precision, recall, and AUC-PR (ON  +  C3FA vs 
C3FA)

Imputation method Performance evaluation

AUC CA F1‑score Precision Recall AUC‑PR

C3FA 0.927 0.861 0.86 0.862 0.861 0.67

ON  +  C3FA 0.972 0.906 0.906 0.908 0.906 0.61
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This study proposed combination of normalization and outlier removals as well as 
normalization on class center-based Firefly Algorithm. Furthermore, it was devel-
oped from preliminary studies conducted by the author [42]. This study contributed 
an evaluation of normalization and outlier detection combination’s impact on sev-
eral missing data imputation methods. Based on simulation results using the sonar 
dataset and seven (7) imputation methods, it was concluded that outlier removal (O) 
and normalization (N) conducted before the imputation process affected the results. 
The simulation results demonstrated that the AUC, accuracy, precision, F1-score, 
with KNN classifier recall, were superior to the imputations of mean, random, lin-
ear regression, multiple, KNN, and C3-FA methods without prior outlier removal and 
normalization (see Tables 3, 4, 5). However, the comparison results showed that the 
proposed method (ON  +  C3-FA) outperformed the others (see Table 5).

The area under the receiver operating characteristic curve was denoted by the AUC. 
The proposed method had the highest AUC, 0.972 compared to others. This indicated 
that the model was more accurate at classifying instances. However, in the evaluation 
using AUC-PR, the proposed method gave the smallest value compared to the other 
methods. When evaluating classifiers on imbalanced datasets, the precision-recall plot 
or AUC-PR is more informative than the ROC plot [67, 68]. However, this result was 
obtained from the current study since the experimental data used were not imbalanced.

Integrating outlier identification and normalization into the Firefly Algorithm for 
managing missing data based on the class center is an excellent method for obtaining 
the actual data value. This was indicated by the Pearson’s correlation coefficient (r) 
and root mean squared error (RMSE) values that were close to 1 and 0. In addition, 
the proposed technique preserved the actual distribution of data values, as shown by 
 Dks average value close to 0. Several issues are needed to be addressed in the future 
as it would be useful to compare the performance of this approach with tMAR and 
MNAR mechanisms, while other distance functions can also be utilized.
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