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Machine learning methods have become increasingly popular in discovering trends in biological or computational data. One algorithm, _ 3.0 1
Neighborhood Component Feature Selection (NCFS), takes a dataset matrix with class labels and outputs the significance, or ‘weights,’ o
of features in determining the rules for classification. However, despite Python being a leading language for data analysis, a user-friendly
Python implementation of NCFS does not exist. In this project, the NCFS algorithm was implemented in the JAX Python library using
an unpublished Numba implementation as a template.

This project fit into the lab’s overarching goal of quantifying how chemical perturbances affect sea urchin skeletal development; NCFS
would be used in a pipeline to identify the most important genes in classifying cells into their appropriate cell types.

Figure 2. Plotted weights features/genes in simulated
toy dataset of N=5000 features where ‘Manhattan’ and
‘Euclidean’ distance metrics were used. Only two
features were specified as significant (w > 1): the first

one and the 2500t one (% th). The two relevant

features are indicated by the red circles, while all other
Irrelevant features are indicated by the grey circles.
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Project Goal: Implement NCFS algorithm using JAX Python library to efficiently identify relevant feature weights on simulated datasets

NCFS Weights Calculated with Manhattan NCFS Weights Calculated with Euclidean
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Conclusion

4 )
Develop NCFS code implementation in Python JAX using Numba code as template for logic.

NCFS algorithm can be implemented Iin JAX; JAX appears to have great potential for

) Numba JAR decreasing NCFS run time and auto-differentiating distance metrics
-translates Numba, NumPy to machine code -translates Numba, NumPy to machine code g | | s . . . -
_specializes in “for’ loops -specializes in matrix and vector operations . Multiple distance metrics can be incorporated into JAX implementation. Autodifferentiation
-has auto-differentiation aspect of JAX was successfully utilized in code.
4 erincipal Component Analysis f Toy Datacet, No3000 J S — - A . Interval of iteration for calculating loss in JAX Implementation can be adjusted; some
-Toy datasets were made by creating .' R % Intervals produce better results than others.
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[Troubleshoot code with simulated datasets, calculate execution time, and test relative weaknesses/strengths of distance metrics.
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