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ABSTRACT:

This research investigates Multidimensional Scaling (MDS) as an effective statistical
technique for analyzing high-dimensional data and visualizing it in lower-dimensional
spaces to facilitate the understanding of underlying relationships and patterns. The study
specifically focuses on two primary MDS approaches: classical Metric Multidimensional
Scaling (Metric MDS) and Neural Network-based Multidimensional Scaling (NN-MDS).
To evaluate the performance of these two methods, a comprehensive simulation study was
conducted using the MATLAB statistical programming language. The experiment
encompassed multiple scenarios involving various sample sizes (50, 100, 250, 500, 1000)
and different original data dimensions (10, 20, 25, 35, 40), with the objective of reducing
dimensionality to one or two dimensions.And the Stress Criterion was employed to assess
the extent to which each method preserved the original inter-point distances after
dimensionality reduction.

The simulation results consistently demonstrated that the classical Metric MDS method
achieved lower stress values compared to the NN-MDS method across all experimental
scenarios, which included varying sample sizes, original dimensions, and target
dimensions. It was also observed that as the sample size and the number of target
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dimensions for reduction increased, the stress values for both methods decreased.
Conversely, an increase in the original dimensionality of the data led to higher stress values
for both techniques. These findings suggest the superiority of classical Metric MDS in
preserving the original data structure when reducing dimensions under the tested

conditions.
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