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Multi-Variate Tabular Data Processing and Visualization Scheme for
Machine Learning based Analysis: A Case Study using Titanic Dataset
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ABSTRACT

As infernet and communication technology (ICT) is improved exponentially, fypes and amount of available data also increase. Even
though data analysis including statistics is significant to ufilize this large amount of data, there are inevitable limits to process various
and complex data in general way. Meanwhile, there are many attempts to apply machine leaming (ML) in various fields fo solve the
problems according to the enhancement in computational performmance and increcse in demands for autonomous systems. Especially,
data processing for the model input and designing the model fo solve the objective function are crifical to achieve the model
performance. Data processing methods according fo the type and property have been presented through many studies and the
performance of ML highly varies depending on the methods. Nevertheless, there are difficulties in deciding which data processing
method for dafa analysis since the types and characteristics of data have become more diverse. Specifically, multi-variate data
processing is essential for solving non-inear problem based on ML. In this paper, we present a multi-variate fabular data processing
scheme for ML-aided data analysis by using Titanic dataset from Kaggle including various kinds of data. We present the methods like
input variable filttering applying statistical analysis and normalization according to the data property. In addition, we analyze the data
structure using visualization. Lastly, we design an ML model and frain the model by applying the proposed multi-variate data process.
After that, we analyze the passenger’s survival prediction performance of the frained model. We expect that the proposed multi-variate
data processing and visuadlization can be extended fo various environments for ML based analysis.
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