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The availability of rich data sets from several sources poses new opportunities to develop pattern recognition systems in a diverse array of industry, government, health, and academic areas. To reach accurate pattern recognizers on a given task is crucial to prepare the proper raw data set, converting inconsistent data into reliable data. In a pattern recognition project, 80% of the effort is focused on preparing data sets. Therefore, data preprocessing is vital to producing high-quality data and building models with excellent generalization performance. With the main aim is sharing and disseminating the most recent findings on data preprocessing, this Special Issue was launched to be a reference source for researchers, scholars, students, and professionals interested in transforming raw data into a meaningful format.



A total of ten high-quality and peer-reviewed papers form this Special Issue, covering the following topics: class imbalance [1,2,3,4,5,6], big data preprocessing [1], prototype selection [7,8], variable selection [9] and clustering data on arbitrary shape [10].



When the prior probabilities are unequal in a classification problem, the learning process is always biased towards the predominant classes. Rendon et al. [1] propose to mitigate the unbalance of multi-class big datasets using a hybrid method, conformed by a well-known oversampling technique and a prototype selection method, applied in the artificial neural network’s output domain as well as the feature space. Duan et al. [2] propose a two-step solution for two-class problems using a novel classifier ensemble framework based on K-means and the oversampling technique called ADASYIN. Rangel-Díaz-de-la-Vega et al. [3] performed an experimental study on the behavior of four associative classifiers trained on resampled imbalanced credit scoring datasets. Gul et al. [4] deal with the class imbalance problem for a theft electricity detection problem using a five-step framework incorporating several data preprocessing techniques. Guzmán-Ponce et al. [5] propose a two-stage under-sampling technique that combines the DBSCAN clustering algorithm to remove noisy samples and a minimum spanning tree algorithm to face the class imbalance. Rivera et al. [6] develop an architecture of a real-world traffic incident classification system capable of dealing with the imbalance that exists between the classes of traffic incidents and not traffic accidents.



Prototype selection methods have faced noise and high storage requirements, two of the weaknesses affecting the performance of the k-nearest neighbor classifiers. González et al. [7] propose a novel method to simultaneously address the prototype selection and the label-specific feature selection preprocessing techniques using a search method based on evolutionary algorithms that obtain a solution to both problems in a reasonable time. For a string-based space, Valero et al. [8] present the adaptation of the generation-based reduction algorithm that generates a reduced version of the initial dataset.



Homocianu et al. [9] apply different approaches, techniques, and applications for a real-world problem focused on the job satisfaction behavior of Romanian people aged 50.



Finally, Niu et al. [10], in order to improve the strength and quality of the clustering task, propose a new ensemble clustering algorithm using multiple k-medoids clustering algorithms.
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