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Problem Results
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possibility of performing this research in fractions of
the time at similar or better quality [2]. Underlying the
literature's mixed results is an assumption that Al can
largely be characterized as a fixed instrument whose
viability can be settled by testing one configuration of it
[2, 3, 4]. In practice, the question is not whether Al can
perform qualitative analysis, but which configurations
of it fit which analytical needs.
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