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Introduction

The aqueous plume of Enceladus, one of the moons of Saturn, has the
potential to contain signs of life. This plume has been sampled in previous
NASA missions, namely the Cassini mission by mass spectrometry.
Evaluation of returned data has proven challenging due to the instrumental
limitations of mass range and resolution. Al based approaches show
promise in increasing knowledge of the organics on Enceladus.
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Diagram depicting the different physical and chemical systems that have been proposed to
be occurring on Enceladus.t-3

One of the challenges of processing data from these interstellar missions is
that mass spectrometry fragmentation methods are not well established or
studied when compared to more common laboratory mass spectrometry
techniques. Beyond only assigning functional groups to molecules, It is
Important to develop methodology to determine how Al models are making
their assignments so that the patterns may inform our understanding of the
fragmentation technique.
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Flow charts depicting how the results of the Electron lonization (El) trained models may transfer over to our understanding of
different fragmentation techniques.

Over 20,000 election ionization mass spectra were collected from the United States’
National Institute of Standards and Technology website available through web scraping the
various CAS number pages.
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Distributions of available mass spectra from NIST included in this study, organized by functional group classification.

The data were divided into classes to look at two different levels of classification, specific
functional groups (ether, nitro, etc.) and generalized functional groups (aromatic, nitrogen-
containing, oxygen containing). This was done so that the generalizability and the
specificity of the models could both be explored. Both approaches are applicable to
screening large amounts of mass spectral data for analysis.

Results

Transfer Learning vs Logistic Regression Model Results by Functional Group Effects of Feature Size
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* Logistic Regression was more successful than transfer learning with a computer vision convolutional neural network at fitting the mass spec data. This was unexpected
based on our previous work with IR data in which transfer learning preformed well.# (1)

« The variation in model accuracy varied more between functional groups than with adjusting for the number of features or training parameters. Confirming that some
functional groups are harder to fit. (ll)

 Increasing the utilized mass range led to a trend in increasing final training accuracy while reducing final testing accuracy. This suggests that with larger feature sizes
overfitting 1s a potential risk. (I11)
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Ongoing Work

Future directions of this work include testing this training methodology on mass spectra taken on terrestrial instruments that utilize hypervelocity ice
grain fragmentation, the fragmentation technigue done aboard the Cassini mission, as well as further developing our methodology for identifying
iImpactful peaks for model fitting.
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