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Abstract This study aims to present a method for implementing a decision support system that can be used
for selecting emerging technologies by applying a machine learning-based automatic classification
technique. To conduct the research, the architecture of the entire system was built and detailed research
steps were conducted. First, emerging technology candidate items were selected and trend data was
automatically generated using a big data system. After defining the conceptual model and pattern
classification structure of technological development, an efficient machine learning method was presented
through an automatic classification experiment. Finally, the analysis results of the system were interpreted
and methods for utilization were derived. In a DTW-kNN-based classification experiment that combines
the Dynamic Time Warping(DTW) method and the k-Nearest Neighbors(kNN) classification model proposed
in this study, the identification performance was up to 87.7%, and particularly in the ‘eventual’ section
where the trend highly fluctuates, the maximum performance difference was 39.4% points compared to the
Euclidean Distance(ED) algorithm. In addition, through the analysis results presented by the system, it was
confirmed that this decision support system can be effectively utilized in the process of automatically
classifying and filtering by type with a large amount of trend data.
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Decision Support System
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Fig. 1. The hype cycle and its stage indicators[6, 7]
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Fig. 2. Five steps of “Great Surges of Development”
[10]
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Table 1. Descriptive Statistics for Temporal Data of
Emerging Technologies (from 2007 to 2021)
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Technology Categorizing Mach_\ ne
Pattern Types L_earnllng_
& Visualization

Data q
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Fig. 3. Architecture of the decision support system
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Table 3. Confusion matrix

Observation

YES NO
P FP
(true positive) (false positive)

FN TN
(false negative) (true negative)

YES

Prediction
NO

“) 3)
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Table 4. Comprehensive performance comparisons
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