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Abstract: In this paper, the performances of two data-driven methods, Exact Dynamic Mode Decomposi-
tion (ex D M D) and Linear and Nonlinear Disambiguation Optimization (L AN DQ), are compared using
data generated from a dynamical system modeling tumor growth. The tumor growth dataset consists of 33
features. Each feature represents the scaled density of proliferating cells at different spatial locations within
the tumor, while the samples represent the temporal evolution of cell density at different time instances.
The ex D M D method adopts a linear approach and performs effectively in the analysis and modeling
of systems with approximately linear behavior; however, it may encounter limitations when dealing with
nonlinear dynamics. In contrast, L AN DO employs kernel-based techniques and sparse dictionaries, en-
abling the effective identification and separation of the linear and nonlinear components of a dynamical
system. In this study, after presenting the conceptual and mathematical foundations of both methods, their
performance is evaluated by implementing them on data generated from a mathematical model of tumor
growth in the MATLAB environment. Furthermore, different levels of noise are added to the data, and the
resulting performance is compared. The comparative results demonstrate that L AN DO achieves higher
accuracy in modeling and representing the nonlinear behavior of the system than ex DM D. Moreover,
even the predictions obtained using the linear operator identified by LAN DO are more accurate than
those produced by ex DM D. These findings may contribute to improved analysis and prediction of the
dynamics of diseases such as cancer.

Keywords: Exact Dynamic Mode Decomposition (ex D M D), Singular Value Decomposition, Kernel,
Linear and Nonlinear Disambiguation Optimization (LAN DO).
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