nature astronomy

Article https://doi.org/10.1038/541550-023-02160-0

Detection of HCN and diverse redox
chemistry in the plume of Enceladus

In the format provided by the
authors and unedited



https://doi.org/10.1038/s41550-023-02160-0

I.

II.

SUPPLEMENTARY RESULTS

A. Modeling landscape

B. Alternative model selection criteria
C. Analysis of pairwise collinearity

D. Ramifications for hypothesis testing

SUPPLEMENTARY DISCUSSION
A. Comparison to other results
B. Comparison to other methodologies

References

CONTENTS

SN NN

EN |

10



I. SUPPLEMENTARY RESULTS
A. Modeling landscape

The exhaustive model search described in the main text consists of every possible species combination from d = 3
to 15 and covers nearly 80 billion possible plume models. However, most of these models do not accurately reproduce
the observed INMS data. Owing to the combinatorially large parameter space, only ~1 in 10° models exhibits strong
predictive power. Supplementary Fig. 1 demonstrates that the average model performs drastically worse than the
optimal model for each value of d. This performance difference is significant across multiple standard deviations.
In other words, although each species in the spectral library is a plausible plume constituent a priori, a random
selection of compounds from the library would very likely not be capable of fitting the INMS data. Interestingly,
the mean AICc decreases monotonically over the entire parameter range while the minimum AICc increases from
d = 13 to 15 (see also Fig. 2a of the main text). This trend demonstrates that the inclusion of additional species
can appear to improve model performance indefinitely if only low likelihood models are considered. Such modeling
behavior highlights the importance of exploring the entire parameter space in order to obtain accurate results (see
also Supplementary Section II B).
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Supplementary Fig. 1. Overview of the modeling landscape explored during the exhaustive model search. (a) The minimum
(blue) and mean (red) AICc values across all models for each value of d species. Vertical bars indicate +1 standard deviation
range. Note that the minimum AICc increases significantly from d = 13 to 15 but appears flat on this axis scale (see Fig. 2a
of the main text). (b) The number of models with A > 1/e® (blue), A > 1/e® (orange), and A > 1/e (green) compared to the
total number of models (red) for each value of d.

B. Alternative model selection criteria

As discussed in the main text, it is advisable to limit the total number of candidate models in order to make reliable
statistical inferences. This consideration motivates the use of a restricted spectral library consisting of only geochem-
ically plausible (and INMS detectable) compounds, as well as the elimination of extraneous low likelihood models.
The criteria used to define which models are “high likelihood” requires a tradeoff between neglecting alternative ex-
planations (i.e., bias; underfitting) and risking parameter estimation based on poor performing models (i.e., variance;
overfitting). The inferences of the main text are based on the exhaustive list of models satisfying A > 1/e3. This
threshold was chosen to reduce bias and because Monte Carlo simulations suggest that it corresponds to a ~95-99%
model confidence interval [S1-S4]. To assess the influence of this value on our results, we repeated the analysis of the
main text for the increasingly restrictive thresholds A > 1/e? and A > 1/e. Correspondingly, results based on these
criteria are made using an increasingly small set of only the highest likelihood models (see also Fig. 2a of the main
text). In both cases, our results remain virtually unchanged (Supplementary Table 1). The use of a more restrictive
threshold leads to slightly more precise mixing ratios for some minor compounds, as expected with a bias-variance
tradeoff. Notably, even the lowest likelihood species listed in Table 1 of the main text are also contained within the
more restricted sets of models. This result suggests that adopting the lower (more unbiased) threshold of A > 1/e3
does not lead to overfitting as a result of the increased variance.



Supplementary Table 1. Modeling results for alternative model selection criteria. Mean values and uncertainties are presented
as in the main text.

A>1/e A > 1/ Reduced (A > 1/¢e?)
Species Probability =~ Mixing Ratio (%) Probability ~ Mixing Ratio (%) Probability ~ Mixing Ratio (%)
CH, 1 0.11 £+ 0.02 1 0.11 +0.02 1 0.11 + 0.02
NH; 1 1.8+0.1 1 1.84+0.1 1 1.84+0.1
H,0 1 95.9+0.3 1 95.9 4+ 0.3 1 95.9 4+ 0.3
CyH, 1 0.025 £ 0.003 0.95 0.024 + 0.004 0.78 0.020 =+ 0.009
HCN 1 0.11 £+ 0.02 1 0.11 £+ 0.02 1 0.10 £ 0.02
CoHy 0 < 6.x107% 0.06 < 0.03 0.22 <0.1
Cco 1 0.73 4+ 0.06 1 0.73 +0.07 1 0.72 + 0.07
N, 0 < 6x 1074 0.01 < 0.002 0 < 6.x 107
CH;0 0 < 0.0012 0.03 < 0.002 0.07 < 0.005
NO 0.01 < T7.x 107 0.03 < 0.001 0.12 < 0.006
CyHg 0.81 0.016 £ 0.008 0.74 0.014 + 0.009 0.57 0.011 £ 0.010
CH;s;N 0.07 < 0.001 0.10 < 0.002 0.22 < 0.005
CH3;0H 0.49 < 0.005 0.48 < 0.005 0.42 < 0.005
HaS 0.38 < 0.003 0.39 < 0.003 0.33 < 0.002
PHs 0.19 < 0.001 0.22 < 0.002 0.18 < 0.001
o} 0.59 < 0.007 0.60 < 0.008 0.49 < 0.007
36Ar 0 < 4.x 107 0.02 < 4. x 107 0 < 4. x 107
CsHy 0.05 < 8 x 1074 0.10 < 0.001 0.08 < 0.001
4OAr 0.76 0.0012 + 0.0010 0.66 0.0011 & 0.0010 0.58 < 0.004
CH3;CN 0.07 < 0.001 0.11 < 0.002 0.07 < 0.002
CyH,0 0 < 7.x 1074 0.01 <7.x 1074 0 < T7.x 10742
C3Hg 1 0.005 =+ 0.002 0.92 0.004 =+ 0.002 0.94 0.005 =+ 0.002
CH:,N, 0 < 4. x 1074 0.04 < 4. x 107 0.03 < 4. x 107
C2H,O 0 < 7.x107% 0.05 < 0.001 0.12 < 0.003
CsHg 0.19 < 0.005 0.22 < 0.005 0.22 < 0.006
CO, 1 0.45 £+ 0.03 1 0.45 £+ 0.03 1 0.45 £+ 0.03
CoH7N 0 < 0.0022 0.01 < 0.002% 0 < 0.002?
CH3;NO 0 <5.x 1074 0.01 < 5.x 1074 0 < 5.x 1074
CyHeO 0 < 0.0022 0.01 < 0.002% 0 < 0.0022
CH205 0 < T7.x 107 0.01 <7.x 1074 0 <T7.x 10742
CqHs 0 < T7.x 107 0.01 <7.x 1074 0 <T7.x 10742
CyHgN, 0.38 < 0.002 0.29 < 0.002 0.12 <9.x107*
C3HgO 0.23 < 0.001 0.17 < 0.001 0.10 <7.x107*
C4Hyo 0.04 < 0.008* 0.08 < 0.008* 0.07 < 0.008*
CoH404 0 < 6.x 1074 0.01 < 6.x 10712 0 < 6.x1071
C3HsO 0.06 < 0.003* 0.09 < 0.004 0.02 < 0.003%
C2H;NO 0.16 < 0.002 0.21 < 0.002 0.19 < 0.002
CoHgO4 0.23 <0.01 0.21 < 0.01 0.04 < 0.005%
CsHyo 0 < 6.x 107% 0.01 < 6.x 1074 0 < 6.x 107
C4HoN 0.02 <2.x 107 0.04 <2.x 1074 0.05 < 2.x 1074
CsHio 0.02 < 0.002% 0.05 < 0.002% 0.05 < 0.002%
C4H100 0 < 4.x 107 0.02 < 4.x 10742 0.01 < 4.x 107
CoH5NO, 0.02 < 0.007 0.04 < 0.01 0.08 < 0.02
C3H5C1 0.08 <4.x107* 0.18 < 0.001 0.02 < 2.x 1074
CsHoN 0.02 < 3.x 107 0.10 < 3.x 1074 0.03 < 3.x 1074
C4HgOo 0.05 < 6.x 107 0.07 < 6. x 107 0.07 < 6. x 107
C3H7NO, 0 <1.x107% 0.02 <3.x107% 0 <1.x107%
CgHig 0.02 <1.x107% 0.03 <1.x 1074 0.04 <1.x107%
CeHi2Ny 0 <5.x107% 0.03 <5.x 1075 0 <5.x107%
CeH14N205 0 <1.x107% 0.01 <1.x107% 0 <1.x107%

# Denotes number density relative to HzO.



The decision to use the exhaustive model list was made to further reduce model selection bias as much as possible.
We believe this is appropriate given the limited data and large number of plausible model components [S5]. Never-
theless, alternative procedures could be implemented by factoring in prior knowledge about the INMS data set. To
investigate the stability of our results under different model selection criteria, we repeated the analysis once more by
applying the following additional selection criteria to the initial set of A > 1/e3 models. First, we excluded all models
containing more than one species with mass greater than 50 u, above which INMS did not detect any signal above
background noise [S6, S7]. Doing so conserves statistical power in an effort to focus on lower mass compounds for
which there is prior circumstantial evidence [S8, S9]. Next, in order to reduce redundancy, we eliminated models with
any pairwise regressor correlations greater than p = 0.9 [S1, S5, S10] (see also Supplementary Section IC below).
Models with d > 13 were also excluded for the same purpose (see Fig. 2b of the main text). Finally, if there existed
a simpler model with a lower AICc that was fully nested within a more complex model, the more complex model was
discarded. In this scenario, the more complex model performs well only because it contains all the parameters of the
simpler model, and some studies suggest that this rule improves model selection accuracy by reducing the chance of
false positive results [S1-S3, S5]. The species probabilities and mixing ratios determined on the reduced set of models
are shown in the rightmost column of Supplementary Table 1. Once again, there is very good agreement between
these results and those of the main text, further indicating that the reduction in model bias imposed by the exhaustive
search is not associated with overfitting.

Overall, the strong similarity of the results across multiple different selection procedures demonstrates stability in
the modeling process. Nevertheless, we recommend that quantitative inferences be made using the values presented in
the main text. Those results represent the most unbiased (and conservative) determination of the plume’s composition.
By contrast, the increased precision of the results listed in Supplementary Table 1 may not be warranted and should
be interpreted only as supporting evidence.

C. Analysis of pairwise collinearity

Compositional ambiguities within INMS spectra arise due to the large number of candidate species combined with
the relatively low mass resolution of the instrument. In other words, models of the plume’s composition contain
many possible model components with comparatively few data points available to constrain them. This difficulty is
accentuated when there exist combinations of multiple species that can reproduce the signal produced by another. If
this collinearity is exact, discriminating between such singular species in the composite INMS spectrum is impossible.
In practice, even approximately collinear mass spectra can present a significant obstacle when interpreting data with
a finite mass resolution. These issues have been encountered in previous studies [S7-S9] and have greatly hindered
efforts to identify trace compounds in the plume.

Here, we quantify the extent of pairwise collinearity amongst library spectra by computing the correlation matrix
for each species’ cracking pattern. We use p to denote correlation coefficients of cracking patterns(i.e., the regressors
themselves), in contrast to r (defined in the main text), which signifies correlations between regression coefficients.
Whereas r is a model dependent quantity (see Fig. 2b of the main text), p is a static property of the spectral library.

Supplementary Fig. 2 demonstrates that large positive correlations are common and manifest between molecules
with similar cracking patterns. A correlation coefficient between two species of p = 1 would imply identical mass
spectra. Pairs of species with correlation coefficients close to 1 are approximately collinear and may still be indistin-
guishable in practice. By contrast, pairs of species with correlation coefficients close to 0 lack a consistent pattern
of strong overlapping features in their cracking patterns. Values near 0.5 represent the intermediate case where two
species share certain features but also possess additional large mass peaks that are not shared. NHz and CHy, for
example, have a correlation coefficient of 0.47, owing to their shared peak at mass 16 and unshared peaks at masses
17 (NHgs) and 15 (CHy). Of course, large negative values are also possible, though they are effectively absent from the
spectral library due to the inherent structural similarities between organic compounds. Large negative values would
signify that one species has significant mass peaks predominantly at mass channels where another species does not.

For compounds with cracking patterns dominated by only a few major peaks, sharing as few as one of these peaks
can lead to high correlation coefficients. A notable example is CoH7NO and glycine (CoH5NOs), which exhibit a
correlation coefficient of p = 0.99. Based on the results of the main text, it is tempting to view the presence of glycine
in 2 of the 94 highest likelihood models (A > 1/e) as the first tentative evidence for amino acids at Enceladus. However,
at such low concentrations, glycine is virtually indistinguishable from CoH7NO. Although the cracking pattern for
glycine contains counts at many different mass channels, the peak at 30 u is by far the dominant feature. As a result,
this mass channel acts as a high leverage point and drags up correlations between glycine and other species with large
peaks at 30 u. This effect is particularly pronounced when there are no other major peaks present, as is the case
for CoH7NO. Supplementary Fig. 3a shows the mean contributions of glycine and CoH7NO to the INMS spectrum
calculated based on the multi-model averaging procedure presented in the main text. All peaks are well within the
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Supplementary Fig. 2. Correlation matrix for the spectral library. The correlation coefficient (—1 < p < 1) measures the
extent of collinearity between two cracking patterns. Large positive values (brighter colors) indicate high levels of collinearity,
whereas smaller values signify less collinearity. Large negative values (darker colors) are essentially absent, indicating that most
collinear species are positively correlated.

associated 1o uncertainty for each mass channel. The base peak is the only CoH7NO feature that extends above the
minimum count uncertainty and mimics the signal for glycine at similar concentrations. This ambiguity precludes the
detection of trace amounts of glycine in the plume and might have important implications for the detection of amino
acids on future spacecraft missions as well. The high pairwise correlation between glycine and CoH7NO suggests
that glycine likely cannot be independently detected at Enceladus using a 1 u resolution mass spectrometer (such as
INMS). Instead, an independent measurement of the CoH;NO mixing ratio with precision at least as great as the
instrument used to detect glycine would be necessary. A similar argument applies to alanine (C3H7;NO3) and COq
(p = 0.97) which share a single dominant peak at mass 44 (Supplementary Fig. 3b).

Ambiguities of this nature also underlie the increased mixing ratio uncertainties deduced for the alcohols and mass
43 fragments discussed in the main text. Large positive correlations amongst the alcohols (as high as p = 0.91)
manifest via high count rates at 31 u, corresponding to the hydroxymethyl group, CHOH™T. Species with prominent
43 u fragments exhibit correlations as high as p = 0.95 and could be attributable to a number of different structures
(see Supplementary Fig. 4 and Supplementary Section II A). Consequently, inter-model uncertainty stemming from
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Supplementary Fig. 3. (a) Mass spectra for glycine and C2H7NO. The x-axis shows the mass of each fragmentation product,
while the y-axis quantifies the proportional abundance of each fragment based on the mean mixing ratios determined in the
main text (note the log-scale). All spectral features (green bars) are masked by the associated count uncertainty at each mass
channel (shaded blue region). Both species have a single dominant peak at 30 u, leading to high pairwise correlations. Only
the signal from CoH7NO extends above the minimum count uncertainty (dashed black line). (b) Mass spectra for alanine and
CO2. Both species share a single dominant peak at mass 44.
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Supplementary Fig. 4. Mass spectra for representative alcohols and species with 43 u fragments. Blue bars (left) show
representative alcohols, CoHgO2 and C3HgO, with p = 0.91. Red bars (right) show representative species with strong 43 u
signatures, C4H1o and CsHi2, with p = 0.95.

these correlations reduces the precision of the final averaged mixing ratio.

D. Ramifications for hypothesis testing

Extensive amounts of collinearity between model components can have profound consequences on statistical in-
ference. Although one might expect traditional hypothesis testing to identify important model parameters, high
dimensionality and collinearity of the spectral library limit statistical power and prevent individual regression co-
efficients from achieving statistical significance. Supplementary Table 2 demonstrates this phenomenon for the low
velocity INMS data set. An F-test for overall significance indicates that the spectral library, in aggregate, does indeed
better explain the INMS data than does the “null model,” which consists of fitting only the regression coefficient for
HyO (F = 12; p = 1.8 x 10~ ). However, one-tailed ¢-tests indicate that only the three strongest spectral features,
H,0, NH3, and COg are individually statistically significant (p = 2.6 x 107", 6.0 x 10716, and 9.5x 10~7, respectively)
in the presence of the entire spectral library. These species account for the majority of counts at masses 16, 17, 18,
and 44 and produce signals that are large enough to stand out amongst the majority of collinear species that comprise
the rest of the library. Though we can be confident that the aggregate set of candidate library species is capable of



explaining the INMS data, the statistical significance of any one species is difficult to show using such frequentist
statistics under these conditions. For this reason, information theoretic approaches (such as those described in the
main text) or related Bayesian analyses are more suitable for INMS spectra deconvolution.

Supplementary Table 2. Results of hypothesis test-
ing on the INMS data set. High dimensionality and
collinearity prevent all but the most prominent spec-
tral features from achieving statistical significance.

Species t-Statistic p-Value
H>O 380 2.6 x 1077
NH; 12 6.0 x 107*¢
CO2 5.5 9.5 x 1077
All others <14 > 0.08

II. SUPPLEMENTARY DISCUSSION
A. Comparison to other results

It is important to consider the entire body of statistical evidence when drawing conclusions about which species
are detected in the plume. The model-averaged mixing ratios, the minimum AICc model, the individual species
probabilities, and the relative model likelihoods can all be used to assess the confidence of each detection. The more
heuristics that point towards the detection of a given species, the more confident one may be that said species is truly
present in the plume.

The minimum AICc model consists of 13 species. One interpretation of this result is to classify all 13 species as
conclusive detections. However, more parsimonious models exist that explain the INMS data nearly as well. A more
conservative approach would be to interpret only the species that comprise the best-fitting, least complex model with
A > 1/e3 as essential to the fit. We favor an even more nuanced approach and suggest using a tiered hierarchy of
confidence based on the holistic analysis of the main text. Below, we contextualize these results within the collection
of previous studies on the composition of Enceladus and other icy bodies.

In the main text, we present an NH3z mixing ratio that is larger than what has been reported based on previous
analyses of the slow flyby INMS spectra [S6, S7], as well as those obtained during the E2 [S8] and E3 [S9] flybys. In
their supplementary material, Waite et al. [S6] argue, based on the slow flyby data, that the residual left at mass 16 by
fitting Ho O, CH4, and CO5 alone unambiguously indicates the presence of NHs. For the spectrum analyzed in the main
text of this work, we find that this residual is equal to ~1330 counts. The NHs / HoO number density calculated based
on this residual alone is ~0.01, in agreement with ref. [S6]. Of course, this conclusion is dependent on the estimation of
count uncertainties in INMS data, for which multiple different procedures have been proposed [S6, S9, S11, S12]. The
precise uncertainties adopted in ref. [S6] may not be identical to those used here, and this difference could be a source
of diverging results. Telescopic data have suggested the presence of NHs or NHs-hydrate [S13-S16] at Enceladus,
though these observations are not definitive [S17] and other instruments including the Cassini Visible and Infrared
Mapping Spectrometer (VIMS), Ultraviolet Imaging Spectrograph (UVIS), and Cosmic Dust Analyzer (CDA) have
failed to find conclusive evidence for its presence in the plume [S7, S18, S19]. Although we agree with the authors
of ref. [S6] that NHj is required to explain the INMS data, additional studies that further examine the effects of
uncertainty estimation would be helpful in validating the precise mixing ratio.

As discussed in the main text, suggestive evidence for nitrogen at Enceladus in the form of HCN has been previously
reported based on other INMS data sets. HCN has also been suggested to help explain yet unresolved signatures in
Cassini CDA spectra of ice grains in Saturn’s E-ring [S20], though could not be definitively identified by CDA as a
cation species due to its high ionization potential [S21]. As such, the HCN mixing ratio determined in this work is
the first definitive detection of nitrile chemistry at Enceladus.

Our analysis shows that CoHs and CoHg are also present in the plume with concentrations exceeding 100 ppm. As
for HCN, both species have been detected in comets [S22] and circumstantial evidence for their existence at Enceladus
has been previously suggested based on other Cassini flybys. CyHy was suspected by Waite et al. [S9] during the
high-velocity E3 and E5 flybys, though correlations between abundance and spacecraft velocity suggest that impact
fragmentation may have been responsible. Only upper limits for CoHg were reported based on the E2, E3, and E5
flybys [S9]. The presence of CoHg would also help explain features at 28-30 u seen in CDA ice grain spectra [ST7],
which are consistent with the INMS data.



Concerning the higher mass organics, we find that trace amounts (~40 ppm) of C3Hg (and possibly C3Hg) are
present in the plume as well. C3Hg was produced as a fragmentation product during the E3 and E5 flybys of
Enceladus [S9], and both species have been observed at Titan [S11]. Although not initially identified in the E2 flyby
data [S8], reanalysis suggests that C3Hg may have been present [S9]; however it was not identified by Waite et al. as
an intrinsic plume constituent in subsequent publications [S6, S7]. Our analysis shows that C3Hg is by far the most
likely explanation for the count signal in the 37-42 u region of the slow flyby INMS spectrum (Fig. 4d of the main
text) and provides the first conclusive identification of native Cg organics in the plume.

Native alcohols have not been previously identified in the plume, but CH30H has been suggested as a possible
fragmentation product based on high velocity INMS and ice grain spectra [S23]. CH3OH has also been observed via
ground-based methods in the vicinity of Enceladus [S24] and has been proposed as an explanation for the 3.53 um
absorption feature seen in VIMS spectra of the surface [S25]. CH30H could be produced through chemical processing
of CHy in the nearby gas cloud or by the partial combustion of endogenous CHy within the ocean. Both CH3OH and
C3HgO2 have been detected in relatively high abundance in several comets [S26, S27].

As discussed in the main text, the authors of ref. [S6] identified a possible instrument artifact at mass 32 that
complicates the determination of the native plume Os abundance. In accounting for this artifact, they estimated
a corrected mass 32 signal equal to (100/45) x 0.004% = 0.0089% of the counts measured at mass 18. The value
of mass 32 counts used in this work is well within this limit, and the concomitant detections of multiple partially
oxidized organics are consistent with a native source of Oo. However, the precise source of Oy at Enceladus presents
a few challenges. Unlike Europa, where charged particle bombardment of the surface is known to drive radiolysis
of water and other elements to Oz, H2Os, SOi_, and other oxidants [S28-S31], the radiation flux near Enceladus
is considerably lower [S32], and evidence for oxidants on the surface is lacking, despite proposals of such radiolytic
chemistry [S33-S35]. Even with moderate levels of surface radiolysis, a key problem would be the efficiency of oxidant
production at the high temperatures observed in the South Polar Terrain [S36, S37]. Here we do not propose a solution
for this issue but rather note that our results are consistent with the presence of O, be it from surface radiolysis and
subsequent delivery to the ocean, or via other production mechanisms. Notably, Waite et al. [S6] found that radiolysis
of H>O due to radioactive isotopes in Enceladus’ core could also produce Oy at the abundance reported here.

Evidence for 4°Ar stems from the large ~2.20 residual at 40 u, which is the only mass channel with strong enough
signal to significantly influence the calculation of its mixing ratio. This signal does have strong overlap with the
cracking pattern of C3Hy (p = 0.75), but the abundance of this species is limited by the larger contribution of C3Hg
at neighboring mass channels. Though not identified in a previous analysis of the slow flybys [S6], °Ar was detected
during the E3 and E5 flybys and may indicate significant water-rock interactions and the leaching of salts within
Enceladus [S9, S38]. CH3CN also has a reasonably high correlation with “°Ar (p = 0.47) and could potentially
contribute to the observed signal at mass 40. Although there is no definitive evidence for CH3CN at Enceladus, its
presence would not be unexpected based on the evidence for HCN and hydrocarbons such as C3Hg (see Discussion in
the main text).

Our results also provide strong evidence for an ambiguous species with a strong 43 u signal. Ambiguity at this mass
channel was previously reported based on the E5 flyby of Enceladus [S9]. One explanation of this signal is CoHgNy.
Although this species has an additional large peak at 15 u, this feature is masked by the much larger contribution
from CHy in the INMS data. The correlated ice grain features at 15 and 43 u seen in “Type II” CDA spectra [S21]
might be explained by fragmentation of CoHgN2 into CHL;)|r and CH3NJ. Alternative explanations including acetyl
group-bearing species such as C3HgO or C4HgOs are also possible.

Sulfur compounds have not been definitively identified at Enceladus, though a tentative past detection of HsS
based on the E5 flyby [S7, S9] supports our finding that it may be present. HyS would be expected if there is active
serpentinization taking place on the ocean floor. PH3 has not been previously reported in the plume, but may have
been observed in the coma of comet 67P/Churyumov-Gerasimenko [S39]. A recent analysis of salt-rich ice grains
collected by CDA in Saturn’s E-ring detected phosphorus in the form of NagPO, and NasHPO,, which may imply
an abundant source of phosphorus within Enceladus’ ocean [S40].

For the remaining species listed in Table 1 and Extended Data Table 2 of the main text, prior evidence for their
existence in the plume is relatively poor. Neither CH5N nor C3H5Cl have been identified at Enceladus, but Cl has
been detected by CDA as NaCl and KCI salts residing in plume ice grains [S41, S42]|. Lastly, although there is no
strong evidence for amino acids at Enceladus (see Supplementary Section IC), we note that glycine, alanine, and
other amino acids are abundant in carbonaceous chondrites [S43].

B. Comparison to other methodologies

In order to adequately account for the high dimensionality and (approximate) collinearity of the INMS plume
dataset, it is necessary to perform a type of variable selection that constrains the parameter space of possible model



fits. Such variable selection techniques trade off a small increase in model bias for a significant reduction in model
variability [S10, S44]. The resulting models are far less likely to overfit noisy features in the training data and tend to
be significantly more accurate in predicting future observations [S10]. Moreover, variable selection reduces the impact
of collinearity by identifying which model components are better at explaining the observed data and discarding
those that are superfluous. Such a process allows for the evaluation of individual model components without the
confounding presence of their collinear counterparts. Subsequent multi-model inference based on model averaging
then ensures that all candidate models are considered on equal footing.

In the main text, we outlined two variable selection procedures: an exhaustive all subset selection for models with
fewer than 16 species and a forward stepwise selection algorithm for more complex models. Additional model selection
criteria are considered in Supplementary Section IB above. Other common algorithms such as ridge regression [S45]
and the Least Absolute Shrinkage and Selection Operator (LASSO) are frequently applied in a wide variety of machine
learning and model validation contexts [S10, S44, S46-S48]. These methods seek to reduce the influence of extraneous
parameters via L2 or L1 regularization, respectively. Multi-model averaging is similar to L1 regularization in that it
allows for explicit dimensionality reduction, whereas L2 regularization does not. This property leads to high model
interpretability, which is of utmost importance when performing compositional analyses. Other heuristics besides the
AICc can be used to select models for averaging, but these alternative statistics are not based on minimizing infor-
mation loss and are therefore not well-suited for model selection when the structure of the unknown, true distribution
is poorly constrained. The property of the AICc as a minimum variance unbiased estimator of model performance
supports its use in this context [S49]. Furthermore, model inference using the AICc has been shown to asymptotically
approximate results based on cross-validation (another broadly accepted model validation technique) while requiring
much fewer computational resources [S1, S50, S51].

The first few studies of INMS data collected at Enceladus produced landmark results, including the characterization
of major plume constituents and the detection of molecular Hy as a potential indicator of hydrothermal activity [S6,
S8, S9]. These papers (and related works published throughout the duration of the Cassini mission) also documented
a detailed description of the INMS instrument response under varying spacecraft conditions and laid the groundwork
for follow-up studies focused solely on compositional analyses. However, early studies of the Enceladus plume—though
foundational—may not have been well-suited to resolve minor species ambiguities for various reasons. In order to
facilitate comparison with our methodology, we briefly describe the spectral deconvolution procedure developed by
the authors of ref. [S11] that has been implemented in various other works (e.g., refs. [S52-S54]).

In their procedure, the authors first determine the contributions from major species through a visual analysis of
prominent spectral features. Mixing ratios for the major species are estimated from the base peaks of each species,
assuming they contribute 100% of the measured counts at these mass channels. Minor species are then identified
sequentially by subtracting their contributions from the total spectrum to produce a residual spectrum. For small
portions of the spectrum where a few candidate species exhibit overlaying signatures, species are fit based on a custom-
defined fit statistic using a grid search algorithm. Iterative minimization of the fit statistic is achieved numerically
by sweeping through various mixing ratios at increasingly finer resolution. For species that share the same base peak
(e.g., No and CoHy), the fit statistic is manipulated to exclude this mass channel. The high computational intensity
of the grid search algorithm prohibits fitting more than four species at a time.

We believe that the methodology of ref. [S11] described above, though useful and effective, may not be optimal for
identifying minor species in the INMS data. The order in which species are subtracted from the initial spectrum will
generally influence the outcome of the analysis (see the discrepancy between the exhaustive and forward modeling
approaches presented in the main text). Although it is true that a bias-variance tradeoff can be useful for combatting
high dimensionality, the procedure of ref. [S11] is not amenable to quantitative assessments of inter-model uncertainty.
Indeed, the authors note that subjectivity of their analysis is a valid concern. Furthermore, the practice of fitting
individual species to small portions of the spectrum neglects potential contributions from complex compounds with
cracking patterns that span a large mass range. Moreover, grid searches that consider only a few species at a time may
not be able to reliably identify minor species when the spectral library is highly collinear. In this regime, covariances
between mixing ratios become strongly model dependent (see Fig. 2 of the main text), and multi-model inference
based on model-averaged parameters is warranted [S3]. Additionally, the fit statistic described in ref. [S11] is not a
standard metric, and we suspect that the use of different fit statistics for different model parameters could lead to
difficulties in interpreting the results. Lastly, the authors’ procedure does not employ dimensionality reduction or
account for the possibility of over-fitting to noise.

By contrast, our approach quantitatively addresses both inter- and intra-model uncertainty in the spectral decom-
position of INMS data. While previous studies, such as those presented in refs. [S7, S55], have concluded that minor
species identification requires a higher resolution mass spectrometer, we have presented a mathematical framework
capable of discriminating between previously ambiguous species. The heuristics used in this analysis are based on
maximum likelihood estimation and relative entropy minimization—foundational principles of statistical inference and
information theory.
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Nevertheless, this study is not without limitations. A major challenge for any compositional analysis of INMS data
stems from the large number of candidate plume species. The chemistry of the ocean and ice shell could include
hundreds to thousands of unique compounds that contribute to the observed INMS spectrum. Our approach using
the AICc is based on the principle of parsimony in that the least-complex, best-fitting model is favored over similarly
performing models of higher complexity. Although this is a fruitful approach to developing conservative models of
the plume’s composition, nature does not necessarily reflect this ideal. Future investigations using higher resolution
mass spectrometers with larger mass ranges will shed light on the full extent of chemical diversity within the plume
and the ocean beneath.

A number of interesting follow-up studies could be conducted to validate the results presented in this work. A
strong approach would be to treat each of the slow flybys (E14, E17, and E18) as individual data sets, as opposed to
averaging them together. Machine learning models could then be trained on one data set and evaluated on another.
A sort of round-robin procedure could be used to estimate the uncertainty associated with training on a particular
data set. Such a methodology would eliminate the need for heuristic statistics such as the AICc in favor of actual
independent test set performance. This implementation would, however, require correcting for instrument artifacts
in each of the individual Enceladus flybys.
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