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1: RESEARCH QUESTION 4: METHODOLOGY
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3: DYNAMICAL SYSTEM
4 ) 4 The U-matrix shows the average Euclidean distance h

Each cell represents a prototype dynamical behavior between neighbouring cells.

_ f:orrespon.ding to a set of parameters (_a’ b). Darker regions indicate high similarity (low distance), while
Similar behaviors are located in neighbouring cells.

Case Study: Selkov Glycolysis Model
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x(t): ADP Concentration
y(t): F6P Concentration
Parameters: a, b >0
Initial conditions: x(0) = 1, y(0) = 0.

The Selkov model is a nonlinear dynamical system
whose behavior depends on system parameters. |t g N~—
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7: VALIDATION AND PERFORMANCE
COMPARISON
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By fixing initial conditions and varying system parameters, the study shows that system behavior is not random but
follows consistent patterns. Despite generating many trajectories, similar behaviors emerge, revealing underlying
structure. Clustering effectively groups these patterns and identifies transitions, while validation (~99% accuracy)

confirms their reliability.

features. SVM accuracy based on
similarity index.
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