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Need for identifying contaminants (and taking action)

Prevent:  
● Interplanetary 

contamination
● Forward contamination 

(NASA PP Prime 
Directive)

● Back contamination

Changes needed based on recent studies
Coustenis et al. 2019 (COSPAR)
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Traits of Concern

Species that:

● Survive at extreme temperatures
● Form spores
● Have an anaerobic metabolism
● Are radiation resistant
● Have salt resistance
● Form biofilms

Psychrophilic (<21 C)
Mesophilic (21-39 C)
Extremophilic (>39 C)



Traits of Concern

Species that:

● Survive at extreme temperatures
● Form spores
● Have an anaerobic metabolism
● Are radiation resistant
● Have salt resistance
● Form biofilms

Endospores



Traits of Concern

Species that:

● Survive at extreme temperatures
● Form spores
● Have an anaerobic metabolism
● Are radiation resistant
● Have salt resistance
● Form biofilms

Obligate
Facultative
Microaerophile
Aerotolerant



Curating datasets of known contaminators

Starting with bacteria phyla:
● Actinobacteria
● Bacteroidetes
● Cyanobacteria
● Deinococcus-Thermus
● Firmicutes
● Proteobacteria



Current set of properties



Curating datasets of known contaminators

Starting with bacteria phyla:
● Actinobacteria
● Bacteroidetes
● Cyanobacteria
● Deinococcus-Thermus
● Firmicutes
● Proteobacteria

Score 4 Fermicutes:
Bacillus haynesii
Bacillus kiskunsagensis
Bacillus swezeyi
Brevibacillus gelatini
Desulfocucumis palustris
Desulfuribacillus stibiiarsenatis
Kineothrix alysoides
Mobilisporobacter senegalensis
Paenibacillus etheri
Paenibacillus silvae
Scopulibacillus daqui
Sporolactobacillus pectinivorans
Wukongibacter baidiensis



Curating datasets of known contaminators

Starting with bacteria phyla:
● Actinobacteria
● Bacteroidetes
● Cyanobacteria
● Deinococcus-Thermus
● Firmicutes
● Proteobacteria

Score 3 bacteria:
Actinomyces vulturis
Raineyella antarctica
Deinococcus aluminii
Deinococcus saudiensis
Microvirga lupini
Microvirga soli
Hymenobacter deserti



Checking Contamination

https://checkcontaminants.github.io/checkSpaceContamination/

Three “parameters”:

1. Curated Species: List of species with values for important traits
2. Contamination wts for the different parameters (e.g. aerobe = 0, radiation 

resistant = 1)
3. Threshold of reads (to cater to low biomass needs)

All can be changed by the user

Can also provides weights other than 1/0 to properties

pip install checkContaminants

https://checkcontaminants.github.io/checkSpaceContamination/


Input table locations

readsspecies



Python package: Usage and Options



Different verbosities of output available
Locations
Scores
Species
Reads



Graphical output

More radiation 
resistant?

More 
psychrophilic?



Issues in scaling

Curated sets small

Many holes in properties of bigger samples

78 columns across 11257 species in GTDB reveal holes



Issues in scaling

Curated sets small

Many holes in properties of bigger samples

Possible Solution
Machine Learning to flag species 
based on similarity measures

78 columns across 11257 species in GTDB reveal holes





Misclassifications, or outliers?

KL divergence minimised grid search to 
find optimal hyperparameters revealed 
2 blue clusters, 
1 red cluster, 
otherwise indistinguishable mix of the two 
types

Initial conclusion: misclassification is likely 
result of unclear distinction between 
classes

Blue: Sporulating
Red: Non-sporulating



Towards combining diverse datasets

If we want to generate larger curated datasets, we need to bring together more 
diverse datasets, including those containing different strains and their properties. 

GTDB, NCBI, MALDI-MSI, …

Comparing and combining datasets is non-trivial unless they are standardized.



Towards combining diverse datasets

If we want to generate larger curated datasets, we need to bring together more 
diverse datasets, including those containing different strains and their properties. 

GTDB, NCBI, MALDI-MSI, …

Comparing and combining datasets is non-trivial unless they are standardized.

Solution: 

Standardize with Data Sheets (https://doi.org/10.1145/3458723), and 

Model Cards (https://doi.org/10.1145/3287560.3287596).

JPL DSWG with Subin (Rachael) Kim [SURF]



Planetary Analysis and Protection Assurance Database (PAPAD) and
Dual Intelligence Manually Assessed Grouping (DIMAG)

Tiny footprint tool for 
every mission



Summary

PP requirements evolving

A tool created to check contamination

Need to standardize and merge datasets

Develop larger curated dataset with aid of ML

Extend to Fungi etc.
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