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1. BACKGROUND

Long-term lunar missions demand Bioregenerative
Life Support Systems (BLSSs) to close air-water—
nutrient loops and reduce resupply from Earth.

Lunar regolith is an abundant in sitv resource, but

it is abiotic, alkaline, nutrient-poor, and
microbiologically inert. Plant growth on Apollo
regolith was shown to be possible yet severely
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Earthworms survive
contact with lunar regolith
simulant, and generate
casts that can serve as
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3. RESUL

.

E. fetida survived short-term exposure to LHS-1 and
produced ~230 mg casts per replicate.

Weight loss during starvation and partial recovery after
regolith feeding, comparable to soil controls.

No avoidance of LHS-1 ingestion was observed.
Behavioral stress (curling, hyperactivity) after regolith
feeding.

+ Histological sections sugpested altered intestinal

biological starters for iumegrlry;i while epidermis and musculature remained
preserved.

stunted and stress-prone (Paul et al,, 2022). For
space agriculture to be viable, regolith requires

hmlugmal conditioning. X
mey frﬂgmentr:nmeral particles, Jmpmve porosity, microbial enrichment - an
and enrich substrates through their casts, which - .

carry a gut-selected microbial consortium with essential first 5tep toward
potential benefits for plant substrates (Aira et al., s

2022). transforming lunar dust
Romano m al. (2023) pmm!.el\ed the concept of

into living soil for space
demonstrating the feasibility u[ their survival and

i activity on lunar si 3
This thesis builds on that foundation, while fal'm.lng.
addressing complementary questions:
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# How does ingestion of Lunar Highlands
Simulant (LHS-1) affect worm physiology |
and intestinal tissues? W

Body mass variation across feeding/
Starvation cycles. Both control and

= showed similar trends
mlp(ﬁﬂSmp(ﬂWHm‘ amwﬁ%mm

« Can casts produced under such conditions be st
reliably collected and stored for future
microbial analysis?
* What preliminary indications emerge about
their potential role in regolith conditioning
for BLSS?
2. METHODS
Organism ‘\’\ 3
o Eisenia fetida (Savigny, 1826), adults and sub- $ -
adults.
Substrate
* Lunar Highlands Simulant (LHS-1, Exolith Lab).
Ay From

* Vitality: body mass variation + observed activity
« Histology: gut and tissue integrity (H&E).
* Cast collection: feasibility for microbial analyses

Earthworms to
Moonworms: g i v of - Looghpdi) gt e, of
B clearance. and gut clearance.
s sustaining lunar

.
agriculture

E. fetida tolerated short-term exposure to LHS-1 and
produced casts, indicating that regolith can be ingested and
biologically processed, with potential microbial enrichment

earthworm _exposure (0 Lunar ; N N et

ms}mum (LHS-1, underwent acclimation, pending sequencing. No avoidance of ingestion was
L fn, g i < Mam Tl 3 st sarrais ESSENTIAL BIBLIOGRAPHY observed, suggesting worms act a5 active agents In substrate
phase, and conditioning. Behavioral stress and intestinal alterations

paint to costs of exposure, highlighting the need for refined
protocols. These results extend the “moonworms” concept
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1. NEAR-EARTH OBJECTS 3. WHY MACHINE LEARNING OBJECTIVE
Near-Earth Objects (NEOs) are asteraids or comets that have orbits that = Impact Develop ML madels to predict the
bring them cl to Earth’s orbit. Impact is the branch of * Future surveys will dramatically increase the score directly from orbital

number of objects.
= Machine Learning (ML) can provide a fast
preliminary screening before full Impact Monitoring.

Celestial Mechanics that is devoted to compute precise orbits, identify elements and their covariance.
Virtual ify collision p ities to trigger timely follow-

P ions or

peline
Orbit and covariance

2. AN INCREASING DATA VOLUME “‘T"'“
60% of NEOs larger than 140 m remain undiscovered. 4. CLASSICAL OBJECT RANKING Predicted score
ﬂv-ml‘:‘wﬁm_ﬂ;nww
The score [1] s a ranking metric used to prioritize NEOs Candidate selection

for Impact Menitering: objects with higher sceres are
analyzed first. Currently, all objects with score = 0
undergo routine Impact Monitoring.

Ingredients to define the score
* MOID - smallest distance between

6. TAKE-HOME MESSAGE

Our ML model reliably reproduces.

the orbits of the asteroid and lhaorhll '"“'::;'::p“m“':l;‘”““
; :’me’lm p— z meaningtul orbital information
behind the score. This shows that
* Runoff — maximum along-track uncertainty over a fast, physically grounded

100-year orbital propagation predictions can support Impact

Limitation Monitoring at the scale future
‘Some objects with score < 0 may still possess Virtual surveys will demand.

Future surveys:
« Vera C. Rubin LSST

« NEO Surveyor R
ASET AND METHODOLOGY tested sisc
on real NEQs.

15000
We generated a synthetic dataset of 800,000 fictitious NEQ

orbits using NEOPOP, sampling the orbital distribution

proposed by Granvik et al. [2]. Covariance matrices were L —— 5000
generated from a statistical analysis of real NEO covariance
data. To generate admissible matrices (. positive-definite),
we sampled the elements of the Cholesky factor rather than
the trix itself, and the
covariance matrices through Cholssky decomposition.
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The dataset was split into training, validation, and test sets. Training set “:,e

We evaluated several regression models, including linear
and quadratic regression, neural networks, and gradient
boosting algorithms. Among them, LightGBM [3] achieved
the bast parformance, reaching a Mean Absolute Error (MAE)
of approximately 1 on the validation set.

Fig. 1 Splitting of the dataset into
training. validation and test sets.

Fig. 2: Distribution of the score in the dataset.
The red vertical line marks the threshold used
for Impact Monitoring: all objects with score = 0
are routinely analyzed for patential future Earth
impacts. The blue ticks mark the 1" and 99"
percentilas.

Fig. 3 LightGBM sequentially corrects the
errors of previous trees. It s particularly
suited for this problem because declsion
trees naturally handle hetarogeneous
teatures with different scales.

True vs Predicted Score

Using the classical score thresheld (score = 0), the
ML model recovers 97.6% of the objects selected
for Impact Monitoring, with a precision of 94.5%.
The limited number of false negatives highlights
its potential as a fast prsl'm'nnry screening tool.

Feature importance analysis highlights physically
meaningful orbital parameaters as the main drivars
of the prediction. Although gain and split
importance provide different rankings, both
methods identify features consistent with the
quantities underlying the classical score.

‘The ML model accurately
the classical

Impact Monitoring score,

achieving a low prediction

error and preserving the Classification at score =

ranking of the most
relevant objects.

Predicted values

Prediction errors remain
approximately uniform T = =
across the score range, True values

with no evidence of Absolute error ws true score
systematic over- or under- -
prediction, 1500

Beyond accuracy, the ML
model is -700x faster than
the classical procedure,
making it a promising
solution for future large-
scale surveys.
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