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Abstract: In numerous real-world healthcare applications, handling incomplete medical data poses significant challenges for missing value imputation and subsequent clustering or classification tasks. Traditional approaches often rely on statistical methods for imputation, which may yield suboptimal results and be computationally intensive. This paper aims to integrate imputation and clustering techniques to enhance the classification of incomplete medical data with improved accuracy. Conventional classification methods are ill-suited for incomplete medical data. To enhance efficiency without compromising accuracy, this paper introduces a novel approach that combines imputation and clustering for the classification of incomplete data. Initially, the linear interpolation imputation method alongside an iterative Fuzzy c-means clustering method is applied and followed by a classification algorithm. The effectiveness of the proposed approach is evaluated using multiple performance metrics, including accuracy, precision, specificity, and sensitivity. The encouraging results demonstrate that our proposed method surpasses classical approaches across various performance criteria.
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1  Introduction

Classification is a supervised learning technique that includes two phases: the training cycle and the testing cycle. In the training cycle, a given dataset is provided with the labels for the different output classes. The training cycle trains a classification algorithm for the given input-output data, thus building a classifier. In the testing cycle, the classifier assigns a new test data point to the number of classes/labels. Classification has wide applications in several fields such as data mining [1,2], pattern recognition [3,4], mathematical expression recognition [5,6], machine learning [7], and healthcare [8].

Most of the classification algorithms available in the literature work well under the assumption of complete data; however, it becomes quite challenging to classify incomplete data.

It is impossible to avoid missing values in real practice for several reasons, such as human error while collecting the data or tabulating it, machine failure or incomplete surveys, etc. Incomplete data can be a problem in a lot of different areas, like social science [9], medicine [10], and remote sensing [11].

During social surveys, some people may refuse to answer certain questions, resulting in incomplete data collection. Remote sensing is another example where only a small number of sensors can be used in certain areas. A method to filling missing data and removing outliers for remote sensing data was proposed in [12]. Medical datasets are widely acknowledged to be incomplete owing to challenges in both data collection and integration. These datasets usually have a lot of missing data because it is often impractical to test all patients. In a questionnaire given to a population, the chances of encountering missing data are high because individuals may intentionally skip certain questions regarding their medical conditions. This incompleteness often stems from various other factors such as manual data entry processes, inaccuracies in measurements, or errors in equipment. For example, some of prenatal records at a birth center are missing, it might be due to imperfect procedures, measurements that aren’t accurate, or equipment malfunctions. The presence of incompleteness in medical data poses significant obstacles for achieving accurate classification. As a result, it is critical to ensure proper management of missing data.

Healthcare information is characterized by significant levels of noise, strong relationships between variables, and a large number of dimensions, posing significant obstacles to conventional classification approaches. As a result, it’s crucial to develop sophisticated models to enhance the performance of healthcare data classification. An analysis of machine learning-based algorithms for missing data imputation is performed [13]. A novel approach is presented to healthcare data classification using the Convolutional Neural Network (CNN) model [8]. Electronic health records as the source of data for data mining and analysis of various health conditions are explored, where imputation of missing data was performed using patients’ similarities [14], and sematic parsing [15].

Managing missing data correctly is essential for providing accurate predictions in clinical studies. The simplest strategy is to remove the missing sample entirely if any one of the features of the sample data is missing. However, the problem with this strategy is the loss of information on account of the complete removal of the data samples. Also, this approach is applicable only when the proportion of missing data is minimal, usually below 10%.

Another popular strategy is filling the missing feature using any statistical method, thereby completing the data before applying any traditional classification algorithm [16,17]. This process of filling in missing features in incomplete data is known as Data Imputation. Statistical methods include several imputation methods such as mean, median, hot-deck imputation and regression analysis [6]. Numerous studies have shown that data imputation results in improved accuracy. However, integrating imputation into classification algorithm presents challenges as it results in increase in imputation time of missing values, especially in the testing cycle where the samples are processed individually. It is important to address this issue of higher computational cost in imputing missing values in the testing cycle without loss of classification accuracy [16,17]. This paper presents two insights on addressing the computational burden associated with imputing missing values during the testing cycle without compromising the classification accuracy of these imputation methods. Additionally, it explores several imputation approaches to enhance classification accuracy for incomplete data. Numerous scientists have created deep learning (DL)–driven methods for estimating missing features [18].

Clustering is a machine learning technique (unsupervised) used to group patterns in a dataset based on some predefined similarity metrics. It has been extensively used in several applications such as anomaly detection [19], document clustering [20], and genome sequencing [21]. A new method for filling in missing data in medical datasets by combining advanced clustering techniques and regularized regression with L2 regularization is discussed [22]. A productive method for imputing missing features and categorizing health information by grouping medical records based on their class characteristics is explored [23]. In IoT settings, the data sets often contain missing information. These missing values make the classifier ineffective for classification. Researchers introduced a method for estimating missing data and identifying anomalies in IoT settings through machine learning techniques [24].

For data mining applications, the classification model requires labeled data for the training phase. Data labeling has always been an expensive and time-consuming task. Several algorithms have been proposed in the literature where clustering has been used for building a classifier, without considering the class labels [25,26]. Support Vector Machine (SVM) regression and a two-level classification process to improve the performance of machine learning models for diabetes classification is introduced [27,28].

A significant amount of research has been conducted on the use of imputation and clustering techniques, particularly in the context of improving data analysis and machine learning processes. Clustering methods have also been extensively explored for labeling data in classification tasks, helping to enhance model performance. In our work, we have integrated imputation, clustering, and classification in a unified approach. By first imputing missing data, we ensure completeness, and then apply clustering to identify meaningful patterns and groups within the data. Finally, classification techniques are employed to assign labels based on these identified clusters, offering a more structured and efficient workflow for predictive modeling.

1.1 Contributions

This paper introduces new approaches to enhance the effectiveness and efficiency of imputation for classification tasks involving incomplete data. The main contributions of this paper include the following:

a. A critical review of various statistical imputation methods for the classification of incomplete data.

b. Integration of clustering with imputation for the estimation of missing features to enhance the classification accuracy.

c. A new nearest center-based approach for the imputation of incomplete data during the testing phase of classification is presented.

1.2 Organization

The rest of the paper is structured as follows: Section 2 briefly explains the related literature on various statistical imputation methods and the clustering techniques for incomplete data. Section 3 presents the proposed methodology of various schemes adopted for the classification of incomplete data. Experimental design is elaborated upon in Section 4. Results and discussion are presented in Section 5, followed by conclusions and future scope in Section 6.

2  Related Literature

Since the classification requires complete data, some imputation technique is required to impute the missing values/features of the incomplete data. The aim is to provide a complete overview of various statistical methods used for imputation of incomplete data. In addition to statistical methods, an overview of some variants of Fuzzy c-means (FCM)-based clustering strategies used for the imputation of missing data is provided. Lastly, an overview of missingness mechanisms is described.

2.1 Imputation Methods

Imputation techniques are statistical methods, used to find the missing values or features of a data sample by replacing it with an “imputed value”. The imputed value makes the data complete for any data analysis method. Imputation techniques make use of information present in the data to assess the missing information. Imputation techniques are broadly categorized into two categories: (i) Single imputation, where the missing data points are replaced with a single value determined by methods such as mean, median, linear interpolation and regression; (ii) Multiple imputation where the missing feature is replaced by several imputed values. This approach can help keep datasets usable and prevent the problems that come with removing incomplete records. However, it can also affect the accuracy of the original data in several ways, such as introducing bias, reducing variance, distorting correlations, making the model more dependent, losing information, increasing complexity, and causing false confidence. To lessen the negative effects, it’s crucial to take hold of the reasons behind the missing data, select the right imputation techniques, assess the consequences, and be transparent while dealing with missing data. Though multiple imputation is supposed to perform better than single imputation but found to be computationally expensive [16].

This paper investigates three popularly used single imputation methods namely mean, nearest neighbor and linear interpolation. The most straightforward statistical imputation method involves using mean imputation for continuous variables. It is generally used as a baseline method wherein the missing features of an observed data are substituted by the mean of remaining available features of the observed data. Another widely used imputation method is the k-nearest neighbor imputation method [29,30]. Using the values calculated from the k-nearest observed data, the missing values are imputed based on the k-nearest classification principle. The k-nearest neighbor imputation method is effective for missingness completely at random (MCAR) and missing at random (MAR) data but struggles with Missing not at random (MNAR) data due to inherent biases. Its performance is highly dependent on the choice of distance metric and the proper tuning of parameters. Understanding the nature of the missing data and the underlying patterns is crucial to leveraging the strengths of Nearest Neighbor Imputation (NNI) effectively. Another statistical imputation technique, known as interpolation, is also explored. In the literature, three interpolation techniques are available: Linear interpolation, Quadratic interpolation, and Cubic interpolation. Among these, Linear interpolation is the simplest and it imputes the missing values of incomplete data by considering linearity between the data points. The imputation of missing features is based on the straight-line concept in the linear interpolation imputation technique [31–33]. Alam et al. [34] have explored imputation techniques for addressing missing values in ordinal data, focusing on how these methods can enhance the validity of clustering and classification analyses in their research. Very few research papers have reported the experimental results on linear interpolation imputation and therefore this technique is included in the comparative study for the classification of incomplete data.

2.2 Clustering Methods for Incomplete Data

Clustering is an unsupervised learning algorithm used for partitioning the data to find groups of similar data based on some similarity measure. Similar measures may be taken as distance, density, etc. Despite the requirement for complete data in clustering, significant efforts have been dedicated to clustering incomplete data. Fuzzy c-means is one of the most used clustering algorithm that partitions a set of objects into fuzzy clusters by minimizing a distance-based objective function

J=∑i=1p∑j=1kuijm‖Ok−vp‖2(1)


where Ok={ok1,ok2,…okl,…oks} vp is the pth cluster prototype, uij is the fuzzy partition matrix that represents the degree of belonginess of data Ok to the pth cluster. uij∈[0,1] and satisfy the condition ∑i=1puij=1

for j=1,2…k

Hathway et al. [35] proposed four strategies based on the FCM algorithm for handling incomplete data in clustering namely Whole data strategy (WDS), Partial distance Strategy (PDS), Optimal control Strategy (OCS), and Nearest Prototype Strategy (NPS).

Let the incomplete data be represented as

O={o1,o2,…,om,,,,,ok}∈Rs
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Ok={ok∈O|Okisacompletedatum}Om={om∈O|Omisanincompletedatum}


e.g., let O=[2334?8641?1623442?] be an incomplete data set.

Here Ok=[231483612] and Om=[3?6?2444?] “?” represents the missing feature.

The Whole Data Strategy (WDS) is a straightforward technique that is only applied when a minimal percentage of data is incomplete, usually less than 10%. This strategy is often referred to as the list-wise elimination strategy. However, cluster memberships of incomplete data vectors in Om are determined based on the partial distance from each incomplete datum to each of the computed cluster centers. The WDS technique offers cluster center updates and memberships from the data vector in Ok. Following is the formula for calculating partial distances:

Dki=s∑l=1sIlk∑l=1s(okl−vil)2Ilk(2)


where

Ilk={01ifokl∈omisamissingattributeifokl∈omisavailable

The Partial Distance Strategy (PDS) calculates the partial distance between the incomplete datum and the cluster centers using the available attributes in Om and ignores the missing features, as shown in Eq. (2). The following formula is used to update the cluster centers:

vil=∑j=1k(uijmIlkOkl)∑j=1kuijmIlk(3)

PDS is suggested when the level of missing features is large in the given dataset with the goal that WDS can’t be justified.

The third methodology, known as the Optimal Control Strategy (OCS), is considered the most effective among all the approaches, as it addresses missing features during the clustering process. Similar to the Nearest Prototype Strategy (NPS), missing values are replaced with the attribute values of the closest cluster centers before clustering. The missing features are treated as additional features, and the objective function in Eq. (1) is further improved with respect to these missing traits. During clustering, missing traits are determined as follows:

Okl=∑i=1p(uijmvil)∑i=1puijm(4)

The OCS is slightly altered in the Nearest Prototype Strategy (NPS). Here, in the clustering process, the missing attributes are substituted with the relevant attribute values of the closest cluster center according to the following expression:

Oklt=vilt where Dik=min{D1k,D2k,…,Dpk}(5)

Okl∈Om are the missing attributes and Dik is the partial distance between the incomplete datum and the cluster centers using the available attributes in Om and ignore the missing features.

While existing clustering-based imputation methods can address incomplete data problems to a certain extent, there is always room for improvement through the exploration of new approaches. In the literature, a few papers have explored the linear interpolation imputation technique before applying clustering [31–33], but the impact of this integrated approach on the classification accuracy of incomplete data remains unexplored. Further, Yosboon et al. [36] in the work explored optimized multiple data partitions for cluster-wise imputation of missing values in gene expression data to handle missing values.

To the best of our knowledge, there seems to be a lack of research investigating the utilization of clustering to enhance the effectiveness of classification in scenarios involving incomplete data and linear interpolation imputation.

2.3 Missingness Mechanism

A missingness mechanism refers to the process or pattern through which data becomes missing in a dataset. Understanding the missingness mechanism is crucial for accurately handling missing data in statistical analysis. There are three main missingness mechanisms: MCAR, MAR, and MNAR [16]. These mechanisms illustrate the connections between observed variables and the likelihood of data being missing.

According to MCAR, the likelihood of data being missing is unrelated to both observed and unobserved data. Essentially, missingness occurs randomly and independently of any other variables or factors in the dataset. In other words, there are no systematic differences between the missing and observed data.

In this mechanism, the probability of data being missing depends only on observed data but not on the missing data itself. In other words, once we account for observed variables, the probability of missingness is constant across all levels of missing data. MAR implies that the missing data can be predicted by the observed data.

Enders et al. [37] asserted that the MCAR mechanism can only be empirically tested. Even though a large number of MCAR tests have been utilized in numerous kinds of research linked to this field, they often have low power and could be seen as a highly strict assumption that is unlikely to be met in actual life. However, because they rely on unobserved data, the MAR and NMAR mechanisms are impossible to validate. In [32], various techniques for effectively handling missing values in datasets are examined, with a particular focus on how these methods can improve classification outcomes using machine learning approaches.

3  Classification of Incomplete Data: Various Approaches

To enhance the effectiveness and efficiency of classifying incomplete data, a novel integrated method is proposed in this study. This approach combines imputation, clustering, and classification techniques. The outcomes of this new method with the conventional approach, which involves imputation followed by classification are compared. Both approaches have two cycles: training and testing. The testing cycle employs the classifier that was created during the training process to categorize new instances.

3.1 Traditional/Classical Approaches

The traditional approach involves imputing missing values through some imputation method. Fig. 1 depicts the flowchart illustrating the various steps involved in utilizing imputation for the classification of data with missing values. Initially, the data is split into two parts: training data and testing data, in a 70:30 ratio. During the training cycle, an imputation technique is applied to impute the missed values, thus rendering the data complete. Subsequently, the imputed training data is utilized to build a classifier using a chosen classification algorithm. In the testing cycle, when a new instance is presented, it is directly classified if the instance is complete; otherwise, its missing values are imputed by using an imputation method. Finally, the newly completed instance is classified by the trained classifier. Among several imputation methods available in the literature, three imputation methods, i.e., mean, nearest neighbor, and linear interpolation methods are utilized. Naïve Bayes classifier [38] is employed for building the classifier. Different classical imputation techniques have been used in applications such as trauma injury [39], 24-h activity pattern [40], and breast cancer [41]. A survey on imputation techniques on medical research is available in [42].

[image: images]

Figure 1: Illustration of a traditional approach to classifying missing data (Imputation + Classification)

3.2 Proposed Approach: Integrating Imputation, Clustering and Classification

The integration of imputation with clustering techniques uses the specific details and connections in the data, resulting in more precise and reflective imputations. Consequently, this boosts the effectiveness of classification models by offering them a dataset that is more thorough and well-organized. Different clustering techniques are available in the literature [43–45]. The accuracy of classification models is frequently enhanced when compared to conventional approaches that either eliminate missing data or employ less complex imputation strategies. Fig. 2 shows the core steps of this proposed approach. It consists of three steps described below:

Step 1: In the proposed approach, the first step involves filling the data by an imputation method. The linear interpolation method is used for the imputation of missing features in the training data.

Step 2: After imputation of missing data, clustering is applied to the complete data. IterativeFCM (IFCM) clustering algorithm is applied to the imputed training data to create groups of data instances [32,33]. Clustering plays a multifaceted role in classification:

(i) Through clustering, the labels of the unlabeled data points can be inferred based on the clusters provided by it, thereby improving the clustering accuracy.

(ii) The missing values are further updated during the clustering method, thereby improving the imputation process.

(iii) In case some missing values are detected during the testing cycle, clustering helps in identifying/imputing those missing values.

Step 3: Clustering provides labeled data based on the inherent clusters present and this information is further fed to Naïve Bayes classifier to build the classifier.

[image: images]

Figure 2: Illustration of proposed approach of classifying missing data (Imputation + Clustering+ Classification)

During the testing phase, a new instance is checked for completeness. If found complete, it is directly fed to the classifier for classification. If found incomplete, the data is imputed by the nearest prototype strategy as given in Eq. (5) and then fed to the classifier for classification.

The detailed algorithm of the proposed approach is explained below:

[image: images]

4  Experiment Designs

To validate our strategy, comprehensive experiments using real data from the UCI repository [47] are carried out. Five complete datasets are chosen, and one incomplete dataset is suitable for classification. Table 1 presents the basic details of these datasets, which include Iris, Ecoli, Ionosphere, Glass, thyroid dataset, and Wisconsin Breast Cancer dataset. Out of these six datasets, we have used two medical datasets, the thyroid and Wisconsin Breast Cancer datasets. The Wisconsin Breast Cancer dataset is an incomplete real-world data set with 16 naturally occurring missing values. The primary characteristics of the selected datasets encompass the number of observations, variables, and categories, alongside their completeness status.

[image: images]

In-depth tests to determine the efficacy and efficiency of the proposed approach are conducted. In contrast to current benchmark approaches that generally integrate imputation and classification, our proposed method incorporates imputation and clustering before classification. The framework of the proposed method is shown in Fig. 2. For preprocessing, three imputation techniques—mean imputation, nearest neighbor, and linear interpolation techniques are employed. Mean Imputation (MI) is used to impute missing values by taking the mean value of remaining attributes. NNI [29] identifies the closest neighbors and imputes the incomplete feature utilizing the mode, median, or mean of the selected neighbors.

Linear Interpolation Imputation, a state-of-the-art technique, attempts to predict missing data directly by fitting a straight line between the two data points, finding the missing feature using the straight-line condition, and imputing the missing values of incomplete data. An iterative Fuzzy c-means clustering is used to cluster data [46] for all cases. The Naïve Bayes algorithm is used to implement the classification.

Data is divided randomly, allocating 70% of the data as training samples and the remaining 30% as test samples. For the datasets without missing values, the missing rate ranging from 10% to 50% with a step size of 10% is randomly selected. Additionally, 20 trials are carried out to obtain an average. To ensure accurate comparison and study of results, the same sample of data was generated for each trial and utilized for all computations. Subsequently, the results were determined by averaging over all independent experiments. The hyperparameters used for initializing the clustering algorithms include m=2,no.ofiterations=100,∈=0.0001 and cluster centers were initialized randomly and optimized using iteration process of IFCM. The software environment consists of Matlab 2023a running on a 64-bit PC equipped with an Intel(R) Celeron(R) 2957U CPU clocked at 1.40 GHz and 4.00 GB RAM for the implementation of all algorithms.

5  Results and Discussions

In the case of evaluating statistical imputation techniques for the process of classification or clustering, the emphasis is on how well the imputed data aids in the desired process. Various performance evaluation metrics were employed to compare different approaches as discussed above. The metrics utilized include Classification accuracy, Precision, Recall or sensitivity and Specificity and their mathematical formulas are provided below:

Accuracy=TP+TNTotal(12)

Precision=TPTP+FP(13)

Recall or Sensitivity=TPTP+FN(14)

Specificity=TNTN+FP(15)

Abbreviations and their details:
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Different approaches are represented by following abbreviations:
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Tables 2 and 3 present the comparison results of various performance metrics for five real datasets: Iris, Ecoli, Ionosphere, Glass dataset and Thyroid medical dataset, at a 10% missing rate whereas Table 4 represents Wisconsin Breast Cancer dataset which is an incomplete real-world dataset. The findings demonstrate that our proposed method consistently outperforms other stated methods in terms of performance.
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As per the findings in Table 2, when we compare the results of traditional approaches, the classification accuracy and precision with interpolation imputation methods are much better than other two approaches, followed by nearest neighbor imputation method. When clustering is integrated with the imputation method, classification accuracy increases for all three approaches as compared to the traditional approach whereas when imputation is solely employed with the classifier, the precision achieved with the linear interpolation imputation method yields superior results across all five datasets followed by nearest neighbor imputation. However, incorporating clustering alongside imputation aids in enhancing the outcomes, and the results given by our proposed method “Clust-LI” is significantly better than all other methods.

Table 3 showcases the average recall (sensitivity) and specificity values of various algorithms, respectively. Once more, it is evident that the proposed approach outperforms others across all cases. Table 4 provides the performance metrics for the Wisconsin Breast Cancer dataset, a real-life incomplete dataset. The proposed approach exhibits slightly superior classification accuracy compared to all other methods. Additionally, performance on other metrics is either comparable or slightly better than the next best method, which involves integrating nearest neighbor imputation with IFCM.

Based on the results the performance metrics for the Iris, Glass, and Thyroid datasets are notably better compared to the Ecoli and Ionosphere datasets. This disparity can be attributed to several factors including size and the balanced distribution of the data concerning different number of cluster groups present. Iris, Glass, and Thyroid datasets are relatively small and well-balanced datasets with 2–3 distinct classes resulting into more reliable and stable clustering/classification results. The Ecoli and Ionosphere dataset include a greater number of instances and continuous features resulting into the problem of class imbalance, which can negatively impact performance metrics.

To delve deeper into the impact of varying missing rates on performance, the effectiveness of various classifiers across missing rates ranging from 10% to 50% is examined. Fig. 3 illustrates the trend analysis of the effect of missing rates on accuracies across different datasets. While the results exhibit a decline with an increase in missing values, it is apparent that the accuracy of our proposed method consistently surpasses other methods in all cases.

[image: images]

Figure 3: Average classification accuracies with different missing rates (a) Iris data (b) Ecoli data (c) Ionosphere (d) Glass data (e) Thyroid data

As shown in Fig. 3a, the missing percentage escalates from 10% to 50% in the Iris dataset, the classification accuracy decreases from 97% to 87% when applying our proposed approach. Conversely, utilizing the “Class-Mean” method yields the lowest accuracy of 77% among all methods. Notably, the “Class-LI” approach produces the next best results with an accuracy of 85%, indicating that the linear interpolation method outperforms all other imputation methods considered in this study.

Fig. 3b illustrates the impact of varying missing percentages on the classification accuracy for the Ecoli dataset. Once more, the results reinforce the assertion of the superiority of our proposed approach, with a slight decrease in accuracy from 87% to 84%. Notably, at a 50% missing rate, the “Class-Mean,” “Class-NN,” and “Clust-Mean” approaches yield identical accuracies. The second-best results are demonstrated by the “Clust-NN” approach, achieving approximately 80% accuracy, significantly lower than our proposed method. Similarly, Fig. 3c,e shows the proposed algorithm outperforms the other algorithms when the missing rate is increased from 10% to 50%.

To verify the accuracy and efficiency of the proposed algorithm, boxplots are employed to analyze datasets with 30% missing data in Figs. 4 and 5, respectively. When conducting a box plot analysis of our proposed algorithm in classification tasks, two performance metrics: accuracy and precision are described. Within each boxplot, the median is depicted as a central line, the 25th and 75th percentiles as the lower and upper quartiles, and outliers are marked with a plus sign. It can be seen that the proposed Clust-LI algorithm consistently provides the highest level of accuracy and precision across all the datasets compared to alternative algorithms. Notably, the width of the box plot for our proposed algorithm remains consistently lower than that of others, showing its reliability in managing of missing features.
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Figure 4: Box plot for classification Accuracy with 30% missing rate (a) Iris data (b) Ecoli data (c) Ionosphere (d) Glass data (e) Thyroid data
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Figure 5: Box plot for Precision with 30% missing rate (a) Iris data (b) Ecoli data (c) Ionosphere (d) Glass data (e) Thyroid data

Lastly, we have done statistical analysis on the accuracy of the clustering algorithms (10% missing) based on the confidence interval to check the variability of the results across multiple trials. We have calculated the accuracy of the different algorithms over 20 trials. The outcome of the results is shown in Table 5. As can be seen from the table, our proposed approach is giving the best results on accuracy with minimum variability for multiple trials as well.

[image: images]

6  Conclusions and Future Scope

Incomplete data sets with missing attribute values may influence the decision-making results when analyzing them. The missing value imputation is commonly used to solve the problem of incomplete data sets. In this paper, a new algorithm to enhance the efficiency and effectiveness of classification with incomplete data is proposed. The proposed algorithm (Clust-LI) is composed of two modules. The first module focuses on the linear interpolation imputation method, which aims to produce better imputation results than mean and NN imputation methods. The second module uses an iterative Fuzzy c-means clustering algorithm on the imputed dataset and it further improves the missing values update. This updated dataset is used in the training process to build a classifier. In the testing phase, clustering is used to reduce the number of instances used for imputation.

During the comparison experiments, our proposed method is compared with some classical approaches and different combinations of imputation methods with the IFCM clustering. Different scales of data sets are taken, and some data are randomly removed to get different missing rates. Our experimental results show that integrating the IFCM clustering with the linear interpolation imputation achieves higher accuracy than other stated methods. Furthermore, the integration of the clustering with the imputation not only accelerates the imputation but also improves the classification accuracy.

There are certain limitations to our proposed work. For this study, we focused solely on continuous data. However, we plan to include categorical and ordinal data in future research. Secondly, we have assumed that the missing data is missing completely at random (MCAR). This approach yields reliable and unbiased estimates, unlike the challenges posed by missing data analysis under the Missing Not at Random (MNAR) mechanism, where the distribution of missing values is influenced not only by the observed values but also by the unobserved values.

There are several clustering algorithms available in the literature that can effectively handle incomplete datasets. These algorithms could be explored in future research. Further, to enhance the process of imputation, the integration of feature selection into imputation techniques for classification using incomplete data will be explored along with clustering techniques. Future research will incorporate the experimental results on large datasets considering imputation speed and the impact of overfitting.
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Table 1: Basic details of datasets

Data set Observations  Variables Categories Complete/Incomplete
Iris 150 4 3 Complete

Ecoli 336 8 5 Complete

Ionosphere 351 34 2 Complete

Glass 214 10 2 Complete

Thyroid 215 5 3 Complete
Winsconsin breast cancer 699 10 2 Incomplete
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Table 3: Average recall or sensitivity obtained with different algorithms for 10% missing values

Average recall

Data set/Algorithm Traditional appraoches (Imputation with classification) Imputation + Clustering + Classification ~Proposed approach
Class-Mean Class-NN Class-LI Clust-Mean Clust-NN Clust-LI

Iris 0.9155 0.9345 0.9608 0.9444 0.9608 0.9792

Ecoli 0.8367 0.8571 0.8649 0.857 0.8673 0.8829

Tonosphere 0.8381 0.8806 0.9048 0.8906 0.8687 0.9143

Glass 0.9231 0.9592 0.9608 0.9787 0.9793 0.9988

Thyroid 0.9039 0.9688 0.9667 0.9176 0.9696 0.9728

Sensitivity

Data set/Algorithm Traditional appraoches (Imputation with classification) Imputation + Clustering + Classification ~Proposed approach
Class-Mean Class-NN Class-LI Clust-Mean Clust-NN Clust-LI

Iris 0.9556 0.9667 0.9778 0.9667 0.9778 0.9889

Ecoli 0.9503 0.9643 0.9632 0.9538 0.9632 0.9686

Tonosphere 0.8939 0.9104 0.9231 0.8205 0.8333 0.8205

Glass 0.7333 0.8750 0.8667 0.9375 0.9375 0.9988

Thyroid 0.9071 0.9676 0.9524 0.9521 0.9878 0.9939
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TP
TN
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True Positive: Model correctly predicts the positive class
True Negative: Model correctly predicts the negative class
False Positive: Model incorrectly predicts the positive class
False Negative: Model incorrectly predicts the positive class
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Table 4: Simulation results on incomplete Wisconsin Breast Cancer dataset

Performance index/Algorithm

Traditional approaches (Imputation with classification)

Imputation + Clustering + Classification Proposed approach

Class-Mean Class-NN Class-LI Clust-Mean Clust-NN Clust-LI
Accuracy 0.9569 0.9522 0.9617 0.9569 0.9522 0.9665
Precision 0.9774 0.9847 0.9848 0.9848 0.9924 0.9925
Sensitivity 0.9635 0.9489 0.9861 0.9635 0.9489 0.9861
Specificity 0.9444 0.9562 0.9489 0.9444 0.9562 0.9583
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Class-Mean
Class_NN
Class-LI
Clust-Mean
Clust-NN
Clust-LI

Mean Imputation + Naive Bayes Classification

Nearest Neighbor Imputation + Naive Bayes Classification

Linear Interpolation Imputation + Naive Bayes Classification

Mean Imputation 4+ IFCM Clustering + Naive Bayes Classification

Nearest Neighbor Imputation 4+ IFCM Clustering 4+ Naive Bayes Classification
Linear Interpolation Imputation+ IFCM Clustering + Naive Bayes Classification
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Table 2: Simulation results obtained with different algorithms for 10% missing values

Classification accuracy

Data Traditional approaches (Imputation with classification) Imputation + Clustering + Classification  Proposed approach
set/Algorithm

Class-Mean Class-NN Class-LI Clust-Mean Clust-NN Clust-LI
Iris 0.9111 0.9333 0.9556 0.9333 0.9556 0.9778
Ecoli 0.8381 0.8476 0.8571 0.8265 0.8673 0.8776
Tonosphere 0.8381 0.8571 0.8762 0.8476 0.8571 0.8857
Glass 0.9375 0.9571 0.9688 0.9531 0.9688 0.9844
Thyroid 0.9063 0.9375 0.9531 0.9219 0.9680 0.9850

Precision

Data Traditional approaches (Imputation with classification) Imputation + Clustering + Classification  Proposed approach
set/Algorithm

Class-Mean Class-NN Class-LI Clust-Mean Clust-NN Clust-LI
Iris 0.9111 0.9333 0.9556 0.9333 0.9556 0.9778
Ecoli 0.7625 0.7808 0.7896 0.7816 0.8093 0.8240
Tonosphere 0.7436 0.8718 0.8806 0.8636 0.8974 0.9242
Glass 0.9716 0.9792 0.9882 0.9533 0.9792 0.9796
Thyroid 0.9105 0.9630 0.9533 0.9298 0.9852 0.9926
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Table 5: Clustering results for different algorithms on accuracy with 10% missing value based on
confidence interval. The bold numbers represent the best results

Data set/Algorithm Traditional approaches (Imputation with Classification) Imputation + Clustering + Classification ~ Proposed approach
Class-Mean Class-NN Class-LI Clust-Mean Clust-NN Clust-LI

Iris 0.911 & 005 0.933 4+ 0.005 0.956 £ 0.012 0.933 £0.003 0.956 + 0.012 0.978 + 0.002

Ecoli 0.838 +0.01 0.848 +0.012 0.857 £0.02 0.827 £0.014 0.867 & 0.003 0.878 + 0.015

Tonosphere 0.838 +0.015 0.857 &+ 0.008 0.876 £ 0.025 0.848 £ 0.002 0.857 +0.007 0.886 + 0.012

Glass 0.938 &+ 0.004 0.957 £ 0.021 0.969 £ 0.015 0.953 £0.02 0.969 + 0.01 0.984 + 0.004

Thyroid 0.906 + 0.007 0.938 £ 0.06 0.953 £0.024 0.922 £ 0.005 0.968 + 0.005 0.985 + 0.005
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Algorithm 1: (Linear-Interpolation + IFCM Clustering + Naive Bayes Classification)

Missing Data Generation:

Step 1: A complete dataset Y = {y;,¥,,V¥s--..Ya} is selected, and then artificially create incomplete
data by randomly removing some features values from the complete data. At least one feature value is
kept from the initial feature vector Y,, and the incomplete data set contains at least one feature.

Let Y =[Yy| Y]

Subscript M and W denote the missing data and the whole data, respectively.

Yy = {ykjforj <d,1 < k < n|value of y,; is available in Y} (6)
Y, = {ykjforj <d,1 < k < n|value of y, is not available in Y} (7

Step 2: Data set Y is partitioned into training and testing data in the ratio 70:30 { Yy — Yiew)
Training Phase: Training Data: Y.,
Linear Interpolation Imputation:
Step 3: In this step, Linear Interpolation imputation technique is applied on the training data Y.

Yo = {Kmin—W: Ymu‘n—m}

where subscript m represents missing training data and w represents whole training data.
Suppose Y;, Y, and Y; are three observations and Y, contain missing attribute. In the interpolation
imputation method, missing value at Y, is imputed using both Y; and Y; using the formula:

— V1)
Yo=Y+ 70}32 iz Y2 —yn)
s —yn)

where (11, Vi2), Va1, ¥2), (31, Vs,) are the coordinates of Y, Y, and Y;

Iterative Fuzzy c-means Clustering

Step 4: In this step, an iterative fuzzy c-means clustering technique is applied to the complete data
Y.,.. after imputation [46]. To calculate missing feature values, only the partition matrix values from
missing features are needed. Complete fuzzy partition matrix U can be divided into two parts, as shown
below:

U=[Uy| Uyl

The size of Uy and U,, where depends on the ratio of incomplete data. ny is the number of complete
data points and #,, is the number of incomplete data points and c represents the number of clusters,
then ¢ x n,, and ¢ x n, will be the size of partition matrices.
The following steps are involved in updating of missing feature:

1) Initialization of cluster centers with complete training data.

n
V= Zk=1 ()" Vij
Y ZZ=1 (uik)m ’

i) Initialization of partition matrix.

1
Up = ——————m- Jori=1,...c.k=1,...n 9)

c djj
Za (%)
iii) Partition matrix values of missing features are required for updating of missing features.
Therefore, u,, is separated from partition matrix U.
Step 5: Updating the missing features and cluster centers
To update the previous missing value, update the previous value with the new value using the equation

given below:
1) Update of Missing features in Y,.

forl<i<el<j<s (®)

P
Vo= ZeUads g gy <az (10)
c=1 (um)ck
i1) Update of cluster centers.
N m
vf=2k+L‘fkrf",fori=1,2...c (11)
D Uik
until v, — VOH <€

Naiive Bayes Classification

Step 6: Lastly Naive Bayes classifier [38] on the complete data after clustering is trained.

Testing Phase:

Step 7: In this phase, missing values in the testing data Y, are checked. In case, the new instance is
found to be complete, it is classified by the trained classifier.

Step 8: If the new instance is found to be incomplete, then the distance between the new instance and
the class center of each class as calculated in the training process is calculated. The missing features
in the testing dataset are updated as Eq. (5):

0., = v, where Dy = min{Dy, Dy, ...D,}

Step 9: Missing feature of new instance is completed and is classified by the trained classification
model.
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