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A Competitive Model of Taiwan Machine Tool Industry Using
Multivariate Analysis Approach
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Abstract

This research study examines a Taiwan Ministry of Economic Affairs project to provide
machine tool import and export data for major countries around the world. This study uses
multivariate statistical analysis techniques to establish the mode and perform data analysis, in
order to facilitate analysis of the status and trends of the machine tool industry in major
countries around the world. The aim is to determine potential market niches for Taiwan's

machine tool industry.
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8457200000 99.49% | 99.58% 99.49% | 97.69% 5
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8460310000 99.70% | 99.75% 99.70% | 97.72% 5
8456200000 99.74% | 99.76% 99.74% | 97.97% 5
8460901000 99.79% | 99.77% 99.79% | 99.84% 5
8462103000 99.82% | 99.82% 99.82% | 99.85% 5
8459409000 99.86% | 99.85% 99.86% | 99.87% 5
8461202000 99.89% | 99.89% 99.89% | 99.90% 5
8454202000 99.92% | 99.90% 99.92% | 99.93% 5
8459401000 99.94% | 99.91% 99.94% | 99.93% 5
8461201000 99.96% | 99.96% 99.96% | 99.96% 5
8463102000 99.97% | 99.97% 99.97% | 99.96% 5
8456902000 99.98% | 99.97% 99.98% | 99.96% 5
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8459691000 100.00% | 100.00% 100.00% | 100.00% 5
8459100000 100.00% | 100.00% 100.00% | 100.00% 5
8454100000 100.00% | 100.00% 100.00% | 100.00% 5
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