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ABSTRACT

Context. The outer Milky Way has a lower metallicity than our solar neighbourhood, but still many molecules are
detected in the region. Molecular line ratios can serve as probes to better understand the chemistry and physics in
these regions.
Aims. We use interpretable machine learning to study 9 different molecular ratios, helping us understand the forward
connection between the physics of these environments and the carbon and oxygen chemistries.
Methods. Using a large grid of astrochemical models generated using UCLCHEM, we study the properties of molecular
clouds of low oxygen and carbon initial abundance. We first try to understand the line ratios using a classical analysis.
We then move on to using interpretable machine learning, namely Shapley Additive Explanations (SHAP), to under-
stand the higher order dependencies of the ratios over the entire parameter grid. Lastly we use the Uniform Manifold
Approximation and Projection technique (UMAP) as a reduction method to create intuitive groupings of models.
Results. We find that the parameter space is well covered by the line ratios, allowing us to investigate all input param-
eters. SHAP analysis shows that the temperature and density are the most important features, but the carbon and
oxygen abundances are important in parts of the parameter space. Lastly, we find that we can group different types of
ratios using UMAP.
Conclusions. We show the chosen ratios are mostly sensitive to changes in the carbon initial abundance, together with
the temperature and density. Especially the CN/HCN and HNC/HCN ratio are shown to be sensitive to the initial
carbon abundance, making them excellent probes for this parameter. Out of the ratios, only CS/SO shows a sensitivity
to the oxygen abundance.

Key words. Astrochemical modeling – interpretable machine learning – molecular ratios

1. Introduction

In the outskirts of our Milky Way we find Giant Molecular
Clouds (GMC) that play a crucial role in the process of star
and planet formation. Understanding the chemical compo-
sition within these clouds is essential to understand the
star formation process in the Outer Galaxy (OG). In these
parts of the Galaxy, the environment is deprived of oxy-
gen and carbon compared to our own solar neighborhood
(Esteban et al. 2017). This lowered metallicity implies that
there should be fewer atomic building blocks to build com-
plex organic molecules (COMs). These COMs are molecules
with more than 6 constituent atoms, and are important to
understand the formation of prebiotic molecules (Herbst &
van Dishoeck 2009). Yet in recent observations, COMs are
detected in several low metallicity environments, such as
star forming regions in the outer galaxy (Shimonishi et al.
2021; Bernal et al. 2021) and the Magellanic Clouds (Sewiło
et al. 2018, 2022; Shimonishi et al. 2023), implying a chem-

ical richness not expected in these environments. Studying
the chemical complexity as a function of metal poor gas is
essential to better understand the star and planet forma-
tion in these low metallicity regions. Even more recently, the
project ‘Chemical complexity in the star-forming regions of
the outer galaxy’ (CHEMOUT) observed 35 of such star-
forming cores at the edge of our own Milky Way, confirming
their molecular richness (Fontani et al. 2022a,b; Colzi et al.
2022; Fontani et al. 2024).

GMCs typically have a low temperature (T<100K) and
number densities of nH > 100 cm−3. The astrochemistry
within these clouds is driven by the fact that the gas is
cold enough to ‘freeze’ atoms and molecules onto the grains
of the dust particles, allowing for ice chemistry to occur.
Within these ices, molecules can increase in complexity by
reacting with one another, one of the main pathways being
hydrogenation, and form larger molecules. With modern
telescopes, these molecules can be detected at an unprece-
dented rate, creating a compendium of many molecular ob-
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servations of increasingly complexity. Computational mod-
els are then used to simulate the astrochemical processes
that produce and destroy molecules within these clouds.
However, with a great variety of possible physical condi-
tions, chemical histories and many different molecules, it
becomes hard to interpret the observations. The uncertain-
tities on the elemental abundances of a region further com-
plicates the process. In this study we attempt to circumvent
this issue by investigating how several simulated molecular
line ratios can be interpreted using machine learning.

In order to model the origin of the molecules in the outer
regions of the Galaxy, we use the gas-grain chemical code
UCLCHEM(Holdship et al. 2017) to model the regions as
molecular clouds of constant density and temperature.

We then use a combination of a classical analysis and
interpretable machine learning to interpret a large grid of
these models. Classical analysis of astrochemical models has
been extensively used in the past to model and understand
a variety of objects and astrophysical processes (Bayet et al.
2008, 2009; Wakelam et al. 2010; Bayet et al. 2011; Woods
et al. 2012). These however could only cover a relatively
small part of the parameter space, since both the genera-
tion and interpretation of a large number of models was not
yet feasible. With new machine learning methods (Harada
et al. 2024a) and especially interpretable machine learning
methods (Heyl et al. 2023b,a; Ramos et al. 2024; Grassi
et al. 2025), the interpretation of large grids of models at
once becomes feasible. Interpretable machine learning is a
rapidly evolving field that concerns itself with providing
insight into how machine learning models come to their
prediction. The field of interpretable machine learning is
rapidly evolving as increasingly complex artificial intelli-
gence methods require investigations as to why they work
so well. However, interpretable machine learning can also be
used as a tool to help one understand nonlinear and com-
plex classical processes. We use the interpretable machine
learning as a method to help us interpret our large pa-
rameter space, specifically with Shapley Additive exPlain-
ers (SHAP) (Lundberg & Lee 2017). SHAP finds its origin
in game theory (Shapley & Shubik 1971) and is especially
useful for understanding the nonlinear forward connections
between input and output, in this paper the physical pa-
rameters and ratios respectively. The method quantifies the
contribution of each of the input parameter to the output
prediction, treating it as an additive game. In order to bet-
ter understand our astrochemical models, we train boosted
regression forests and use the TreeSHAP algorithm to ex-
tract explainers for each of the ratios.

Since each model has six features and six corresponding
SHAP contributions, the high dimensionality of the dataset
remains. By plotting these together with a colormap, we
only have three dimensions we can investigate at once. This
however limits severely the interpretability since it requires
a quadratic number of plots to investigate the effects of
each feature independently, and often there are degenera-
cies in the plots. To alleviate this problem, we introduce
the Uniform Manifold Approximation and Project Tech-
nique (UMAP) (McInnes et al. 2020) constructed using the
SHAP contributions and the ratio itself. This method re-
sults in a two-dimensional coordinate space, in which the
models are arranged into a smooth manifold, grouping sim-
ilar SHAP contribution vectors. By then using a colormap
to represent the ratio, features and SHAP contributions,
we can investigate groups of ratios, their dependence on

the physical parameters and how SHAP clusters them to-
gether. This allows us to investigate the SHAP values in the
most informative two dimensional representation, disentan-
gling the degeneracies present in classical two-dimensional
plots.

In Section 2 we first describe the setup of the grid of
astrochemical models and how we convert these to mock
observations of molecular line ratios; then we describe the
theoretical framework of SHAP. In Section 3 we start with a
classical analysis of the mock observations, we then proceed
to analyze the ratios using SHAP and UMAP. In Section 4
we conclude the paper.

2. Methods

Kinetic chemical codes have long been used to provide in-
sight into the formation and destruction of molecules in var-
ious astronomical contexts, e.g., those discussed in Brown
et al. (1988); Millar et al. (1991); Viti & Williams (1999);
Ruaud et al. (2016); Rollig et al. (2007). These codes keep
track of the total densities of various molecules as a function
of time, space and/or visual extinction, providing insight
into their formation and destruction mechanisms, driven
by both physics and chemistry. We specifically model the
objects in the outer galaxy as dark clouds, without any
energetic source (e.g. hot core or shock models), consistent
with the expected lower cosmic ray ionisation and radiation
field in the outer galaxy.

2.1. Modelling dark clouds with UCLCHEM

The modeling of the chemical composition in dark clouds
is done using the open-source gas-grain chemistry code
UCLCHEM (Holdship et al. 2017). This code allows us to
model both the gas and grain chemistry in a time depen-
dent manner. This provides us with timeseries that describe
the abundances of each of the molecules present in the
model. The modeling is done assuming istothermal clouds
of constant density. For these clouds we then vary 6 param-
eters, the number density, temperature, cosmic ray ionisa-
tion rate, UV radiation field, initial elemental abundance of
carbon and initial elemental abundance of oxygen. We ex-
plore cold molecular cloud models of several densities rang-
ing from 103 cm−3 to 107 cm−3 and temperatures of up
to 100 K. The cosmic ray ionisation rate goes from the
typical galactic value (Indriolo et al. 2007) up to 103 and
the UV radiation field ranges from 0.1 to 10 Habing. The
elemental abundances of carbon and oxygen are depleted
independently by up to a factor of 20 compared to solar
values (Fontani et al. 2024; Méndez-Delgado et al. 2022).
The range of all values and whether we sample them in a
linear or logarithmic fashion can be found in Table 1. The
initial elemental abundances for the atoms that are not var-
ied in the grid, can be found in appendix A. The models
are ran up to a time of 107 years each; with a cloud radius
of R = 0.5pc, which is consistent with the lower limit of the
regions in Fontani et al. (2024). This results in clouds with
visual extinctions of AV = 2.0 at the lowest densities. This
includes an edge visual extinction of 1 mag. At the highest
density, the visual extinctions reach up to AV ∼ 104.

In order to alleviate the curse of dimensionality of our
6-dimensional parameter space, we use Sobol sequence sam-
pling (Sobol’ 1967). Often uniform random sequences are
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Table 1: The grid of parameters chosen for this study. The parameters are sampled using a Sobol sampling scheme.

Parameter Min Max Sample space
Density nH (cm−3) 1× 103 1× 107 log
Temperature T (K) 10 100 linear

Cosmic ray ionisation rate ζ (s−1) 1× 10−17 1× 10−14 log
Radiation field FUV (Habing) 0.1 100 log

Initial abundance of carbon fO/fO,⊙ (−) 0.05× 1.77× 10−4 1.0× 1.77× 10−4 linear
Initial abundance of oxygen fC/fC,⊙ (−) 0.05× 3.34× 10−4 1.0× 3.34× 10−4 linear

used to sample such spaces, but they have a high discrep-
ancy. The high discrepancy can become a problem when
trying to analyze the output of these non-linear models.
Another method would be to use grid or latin-hypercube
sampling, which both guarantee that the marginal distri-
bution for each of the parameters is uniform, but grid sam-
pling become intractable quickly and latin-hypercube sam-
pling does not guarantee a low discrepancy either. Sobol
addresses both the computational and discrepancy short-
comings and allows us to efficiently investigate the param-
eter space. This results in a grid of 216 = 65536 models.
Some of these models however do not run successfully: this
can be attributed to certain computationally stiff regimes
where the freeze-out onto the grains and desorption are in
competition with each other, causing the timescales of the
reactions to become extremely short and expensive to solve.
In this case UCLCHEM will choose to not integrate until
the final time. We experimented with treating this missing
data by both excluding the data points and substituting
the final value for the last-known value. The former method
turns out to be the most effective since the latter tends to
create spurious ratios that do not agree well with the dis-
tribution of neighbouring parameter sets. Hence we exclude
spurious data points. With all the abundances simulated as
a function of time, we can now compute the molecular line
ratios. We choose to compute the ratios at 105 years. At
this time, the gas phase species have not had a chance to
fully freeze-out onto the grains. This allows us to investi-
gate a relatively young astrochemistry on the timescale it
takes for a young stellar object to form Williams (1998).
In order to account for the fact that molecules with a low
number abundance are not observable, we take the abun-
dances for the model and filter them based on a minimal
abundance that is needed to result in an “observable” in-
tensity. We take the lower limit of xi ≥ 10−12, since this is
conservatively the lowest abundance we can observe. Any
ratios with a non-detection in either its enumerator or de-
nominator will thus not be taken into consideration. This
provides the dataset of molecular ratios, which can help
us the forward relationship between the physical conditions
and the chemical composition.

2.2. Molecular ratios as tracers of physical conditions

To probe the physical conditions and the chemical compo-
sition of various astrophysical regions, molecular line ratios
serve as an essential diagnostics. On an extra-galactic scale,
they have been used extensively to characterize starburst
galaxies (Harada et al. 2024a; Butterworth et al. 2022) and
Active Galactic Nuclei (König et al. 2018; Usero et al. 2004;
García-Burillo et al. 2010). On a galactic scale, ratios have
been used to characterize molecular clouds (Peñaloza et al.
2018; Tafalla et al. 2021). We propose the use of three main

groups of ratios, namely methanol based, hydrogen cyanide
based and finally sulfur based ratios, many of which have
been used to probe different physical conditions and envi-
ronments. The ratio of H2CO/CH3OH is connected to the
formation of complex organic molecules in the ice phase and
can also serve as a probe of the formation timescales of mas-
sive star formation (Sabatini et al. 2021). When combined
with cyclopropenylidene, the C3H2/CH3OH ratio, has been
employed to constrain the effects of the interstellar radia-
tion field on starless cores (Spezzano et al. 2020) To fur-
ther probe the formation processes of methanol, we can
also combine it with its first hydrogenated precursor, HCO,
providing insight into the formation pathways (Bacmann
& Faure 2016). Physical conditions can also be probed by
ratios such as HNC/HCN. This ratio is currently being de-
bated to be a strong predictor of the radiation field (Harada
et al. 2024b), cosmic ray ionisation (Behrens et al. 2022) or
temperature (Hacar et al. 2020). Another HCN based ra-
tio is HCO+/HCN, which can trace energetic environments
such as AGNs (Butterworth et al. 2022). We also include
the CN/HCN ratio, as it is sensitive to both carbon and
oxygen abundances (Milam et al. 2005), serving as an ef-
fective tracer of dense gas (Wilson et al. 2023) and is asso-
ciated with evolved starbursts (Harada et al. 2024a). The
first sulfur based ratio we investigate is CS/SO, which can
probe the oxygen to carbon ratio directly in protoplanetary
disks (Semenov et al. 2018; Gal et al. 2021) and provide a
chemical clock for massive star formation (Li et al. 2015).
The molecular ratio SiO/SO can be used to infer physical
parameters of energetic systems (such as shocks) with grain
processing present (James et al. 2021; Codella & Bachiller
1999). Lastly, CS/CN can be used as a dense gas tracer
(Wang et al. 2022). We then proceed with analyzing these
ratios using interpretable machine learning.

2.3. Interpretable machine learning with SHAP

Modeling the chemistry of astronomical objects with grids
of chemical models data is one of the classical methods to
understand the forward connection between physical and
chemical parameters and molecular abundances and ratios.
In the past, the application of computational models to as-
trochemistry was constrained by the computational cost of
running them for different parameter configurations. Nowa-
days, computational resources are great enough that we can
generate large volumes of simulations. This introduces the
problem that high-dimensional simulation grids with sev-
eral output ratios become increasingly hard to interpret by
hand. Historically, conditional and marginal plots have been
the go-to method to interpret parameter studies, but these
disregard higher-order interactions and require extensive
expert knowledge to interpret. Interpretable machine learn-
ing addresses this by providing model-agnostic methods to
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understand non-linear models. Model-agnostic interpreta-
tion methods can be easily cast into a sampling, interven-
tion, prediction, aggregation framework (SIPA) (Scholbeck
et al. 2020) and distinguished into two broad subcategories,
global and local methods. Global methods are akin to the
methods that astrochemists have been using in astrochem-
ical literature extensively, namely partial dependence plots
and even Principal Component Analysis surrogates more
recently. Thus we focus on the usage of local methods, as
they can provide more insight in sub-regions of the dataset
by explaining the individual examples. This has been shown
to be a powerful tool both in astronomy (Heyl et al. 2023b,a;
Ramos et al. 2024; Grassi et al. 2025), but also in fields like
geophysics and biomedicine. Two popular global methods
at this time are Local interpretable model-agnostic expla-
nation (LIME)(Ribeiro et al. 2016) and SHAP (Lundberg &
Lee 2017); the former tries to construct local surrogates for
each individual prediction whereas the latter tries to pro-
vide explanations by using a global interpretation method.
In this work we choose SHAP because we are interested in
the behavior of the ratios over the whole physical range and
its subsets, not in a sensitivity study of individual samples.

SHAP is an efficient approximation of the game-theory
concept of Shapley values. These Shapley values are a
method to evaluate how much a feature contributes to the
output of a model by considering all possible player coali-
tions and the cost of each of these. An illustrative example
is sharing a cab that brings home several individuals, where
each addition or removal of a person to the coalition results
in a different cost (Molnar 2022). This can be formalized
into a Shapley value ϕj for each feature j. These values
satisfy the following properties:

– Efficiency - all feature contributions together must sum
to the output minus the expected value of the model.

– Symmetry - if two features contribute equally across all
coalitions, their SHAP value is identical

– Dummy - if a feature does not change the output, its
Shapley value is zero

– Additivity - if you add two games together by summing
the outputs, the SHAP values are the sum of the indi-
vidual game’s Shapley values.

Unfortunately, the explicit computation of the Shapley val-
ues can quickly become prohibitively expensive as all coali-
tions must be evaluated in order to obtain the exact value.
SHAP addresses this issue by instead computing the con-
tribution of each feature as the weighted average of the
marginal contributions. This shows us that each prediction
must be a sum of the feature explanations plus the expected
value of the predictor:

ĝ(x) =
∑
j

ϕj + E(g(x)). (1)

The Shapley value ϕj , also referred to as impact or contri-
bution, determines how much each feature (e.g. density) has
contributed to one realization (e.g. SiO/SO) according to
the model. Concretely, we use the contributions to quantify
the impact of each invdividual feature on each ratio sample.

This marginal contribution for each feature can be ap-
proximated in several ways such as a linear explanation
model with kernelSHAP (Lundberg & Lee 2017), a neural
network with deepSHAP (Chen et al. 2019) and a forest
model treeSHAP (Lundberg et al. 2020). We will use the

latter, since it provides a computational effective method
that is particularly well suited for the pre-generated tabu-
lar data on a grid but instances of deepSHAP have also been
used in astronomy (Ramos et al. 2024; Grassi et al. 2025).
As the name suggests, treeSHAP relies on decision trees, for
this specific use case we will use boosted regression forests.
Regression forests are a combination of decision trees that
utilize continuous data, with boosting referring to the con-
cept of sequentially combining weak predicting trees that
become a strong predictor when combined into an ensemble
(Hastie et al. 2009). The structure of the tree, descending
down a path of decisions, causes the number of possible
coalitions to be constrained, alleviating the computational
complexity of computing the SHAP values.

2.4. Uniform Manifold Approximation and Project technique
(UMAP)

In order to reduce datasets to lower dimensions, the Uni-
form Manifold Approximation and Projection technique
was developed (McInnes et al. 2020). Similar in nature to
PCA (Pearson 1901) and t-SNE (van der Maaten & Hinton
2008), it allows one to create lower dimensional representa-
tion of high dimensional data that can aid in clustering, in-
terpretation and feature importance. The method assumes
the data points lie on a Riemannian manifold within a
high-dimensional space and tries to find a mapping between
the two that preserves both the local and global structure.
This resulting low-dimensional manifolds have been shown
to help greatly in the classification in several astronomi-
cal contexts such as Auroral Dynamics (Lamb et al. 2019),
fast radio bursts (Chen et al. 2022) and low metallicity stars
(Kane et al. 2023).

The algorithm tries to construct a weighted graph in
high-dimensional space, connecting neighbors together. By
constructing the K nearest neighbor (KNN) graph, it cap-
tures the local structure of the data. They then construct a
mapping function between the high-dimensional space onto
the lower-dimensional space, trying to preserve the nearest
neighbors with a cross-entropy loss function.

Since our dataset is sampled on a regular grid, and we
only have the ratio as a meaningful feature, the KNN al-
gorithm will not perform well at the task of trying to con-
struct a meaningful representation. If we, however, inter-
pret the impact of each feature as a component of a vec-
tor, one SHAP explanation can be seen as a 6-dimensional
vector whose values add up to the ratio. We use these 6
SHAP features, together with the ratio, as the input into
the UMAP algorithm. The most important hyperparam-
eters are the number of neighbors k, the minimum dis-
tance between points, the low dimensional representation
dmin, and the weighting of the loss of the SHAP values
versus the loss of the ratios themselves wratio. After man-
ually tuning these, we choose k = 100, dmin = {0.1, 0.5}
and a wratio = 0.1. The goal of this tuning was to ob-
tain smooth manifold that was not too compact but still
clustered, allowing the manifold to both highlight different
regions and changes as a function of the parameters; the
chosen set of parameters reflects a good tradeoff between
these two extremes. The loss for the SHAP features is com-
puted using the cosine distance, whilst the loss for the ratio
is computed using euclidean distance. This reflects the fact
that we treat the SHAP contributions as a vector, whereas
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the ratio is added as measure to break degeneracies in the
aforementioned vector space.

2.5. Interpreting molecular line ratios with SHAP

As described in Section 2.1, we start by using UCLCHEM
to simulate each of the models on the parameter grid. This
then results in a timeseries for each molecule. From this
timeseries we obtain the value at 105 years. We then ap-
ply the observational threshold for each molecule, if ei-
ther the denominator and enumerator exceed the obser-
vational threshold, we compute its log-value and add it to
the dataset. With a dataset for each ratio, we split it into
a training set and a test set, containing 70% and 30% of
the set respectively. The train dataset is used to train a re-
gression forest, with the physical parameters as input and
the molecular line ratio as output. The hyperparameters of
the regression forest are optimized using the Optuna frame-
work (Akiba et al. 2019) with the test error as the optimi-
sation target. We take the optimal configuration, and train
the regression forest once more to generate the final pre-
dictor model. The SHAP values are then computed using
this regression forest and the ‘TreeSHAP’ algorithm as im-
plemented in the SHAP package (Lundberg & Lee 2017).
In the end, this gives us the SHAP values for each sam-
ple in the dataset. This is then repeated for each molecu-
lar line ratio, resulting in 9 distinct regression forests and
SHAP explainers. Finally, we feed these SHAP values and
the ratios into the UMAP algorithm. This gives us a two-
dimensional embedding for the data and help us interpret
both the SHAP values, input features and ratios.

3. Results

In order to better understand the SHAP contributions, we
first analyze the results in line with a classical sensitivity
study of the ratios and their dependence on temperature
and density. We then look at the relative importance of each
input feature, investigating the order of importance and the
nonlinearity of its impact. Lastly, we investigate further the
impact by plotting the ratios, feature values and impacts
on a low dimensional manifold, grouping together similar
models and revealing nonlinearities in the ratios.

3.1. The molecular ratios: from chemical modeling to
“observable” abundances

Before reducing the fractional abundances to a ratio, we
first inspect the distribution of the two species with respect
to each other. A plot of the two constituents of each ra-
tio is displayed in Figure 1. We distinguish between four
scenarios: only A is detected, both A and B are detected,
only B is detected and lastly neither are detected. This is
represented by the 4 regions in the figures, with the dashed
lines representing the observational limits. It can be seen
that for every one of the ratios, part of the distribution lies
in the range where both molecules can be detected.

In order to extract the most information out of the grid
of models, we choose to include any sample that detects ei-
ther molecule. Even though the more extreme ratios in the
region where only one molecule is detected cannot be ob-
served directly, they can still be useful when combined if an
upper limit can be derived from the observation. The distri-

bution of all ratios can be found in Figure 2. The statistics
for the ratios filtered by either detections can be found in
Table 2. In the rest of the analysis, the data will always be
filtered for a detection in either molecule.

In order to visualize the dependence of the ratios on the
temperature and density, we plot the ratios as a colormap,
as can be seen in Figure 3. A plot with both the denomina-
tor and enumerator of the ratios’ fractional abundance can
be found in Appendix D.

3.1.1. Methanol based ratios

Starting with the upper left ratio, H2CO/CH3OH, there
are two general distributions in density-temperature space:
a low-density distribution with densities up to 106 cm−3,
and a high-temperature-density distribution with densities
higher than 106.2 cm−3 and temperatures starting at 87 K.

The low-density distribution is split into two parts, with
a divide at 30 K. Below this divide, the formation of
both methanol and formaldehyde happen quickly and at
a positive ratio, and at t = 105 years both species peak
in the gas phase and then quickly freeze out completely
onto the grains. Above this divide, the formation pathway
of methanol on the grain becomes much less efficient and
less methanol can be desorbed into the gas phase, whilst
the formation of formaldehyde is not affected as much. This
results in a positive ratio since methanol is barely above the
detection threshold whilst formaldehyde achieves fractional
abundances of up to 10−8.

The general pattern of the C3H2/CH3OH ratio is sim-
ilar, but it lacks the distribution with a very negative log-
ratio below 30 K and a clear gap between the low and high
densities. The negative distribution below the threshold in
the low-density regime is due to the less effective formation
of C3H2 at these lower temperatures, whilst methanol is
still peaking. This distribution is intersected by the blue line
in Figure 1. Above this border the formation of C3H2 in-
creases, resulting in positive ratios. For the high-density-
temperature distribution the C3H2 is already decreasing,
whilst the CH3OH is peaking, resulting in a negative ratio.

The last methanol based ratio, HCO/CH3OH, has a
negative high-temperature-density distribution. Again, in
the main distribution, a divide at 30 K is present, with
a negative horizontal gradient between temperatures of
30 and 45 K. Between these temperatures, as den-
sity increases, the methanol becomes more abundant with
HCO being relatively constant in abundance. At densities
well above nH = 105 cm−3, the HCO starts freezing out,
whilst the methanol is still more abundant, resulting in a
small region with negative ratios at low temperatures. Be-
low 30 K, the methanol becomes very abundant in the gas
phase. This results in an even more negative ratio for this
region. Above 45 K, the formation of methanol is again less
efficient, whilst HCO is more abundant and depleting at a
slower rate, resulting in positive ratios. The high-density-
temperature distribution has only detections of methanol,
resulting in very negative distributions. This is also re-
flected by the distribution that intersects the blue line in
Figure 1
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Table 2: Statistics of the distribution of ratios with either molecule detected shown in Figure 2.

count mean µ std σ min median max
∑

j |ϕj |
log10(H2CO/CH3OH) 40091 5.06 3.89 -8.90 6.27 20.34 3.94
log10(C3H2/CH3OH) 27418 -0.01 6.81 -17.03 2.44 14.74 7.14
log10(HCO/CH3OH) 28873 1.12 6.51 -21.23 3.64 9.84 7.27
log10(CN/HCN) 54167 -2.90 3.81 -20.62 -2.13 8.62 4.77
log10(HCO+/HCN) 53076 -5.87 5.25 -23.14 -4.40 2.09 5.88
log10(HNC/HCN) 53033 -1.78 1.91 -15.33 -1.42 0.00 1.77
log10(CS/SO) 56002 4.56 2.60 -3.21 4.04 23.54 3.11
log10(SiO/SO) 55397 3.72 2.76 -5.79 3.36 21.67 3.00
log10(CS/CN) 55692 3.93 3.59 -3.86 2.89 21.46 4.63

Notes. The first column denotes the number of models that satisfy the detection conditions, out of a total of 64949 models. The
middle columns describe basic statistics of these ratios. The last column describes the sum of the average absolute importance for
each ratio.

3.1.2. HCN based ratios

The hydrogen cyanide ratios are detectable almost every-
where with the exception of the high density, low tempera-
ture part of the parameter space.

The leftmost part of the distribution is dominated by
the photodissociation of HCN into CN, resulting in a pos-
itive ratio. As the density increases, the ratio starts to
tend towards being dominated by HCN. In the lower right
area, at temperatures below 40 K and densities above
nH = 105 cm−3, the chemistry is dominated by a fast
freezing out of CN , whilst HCN freezes out on a slower
timescale. For the HCO+/HCN ratio, a similar pattern
emerges, but now without positive ratios on the right part
of the distribution. At lower densities, the ratio is close to
unity, but then as the density increases, there is less photo-
chemistry and the log-ratio becomes increasingly negative.
The isomer ratio HNC/HCN, only has negative log-ratios,
driven by an effective isomerisation pathway at higher tem-
peratures: H+HNC → HCN+H (Hacar et al. 2020). The
log ratio is the closest to being zero in the high temperature
and very low temperature regime with densities between
104 and 106.5 cm−3. In the other regions, the HCN strongly
dominates over the HNC .

3.1.3. Sulfur based ratios

The sulfur based ratios trace out a similar region of the
parameter space. The CS/SO log-ratio is positive in most
of the parameter space, only at the lowest temperatures
of the densities above nH > 105 cm−3 the ratio becomes
negative. This local negative ratio happens as the CS starts
freezing out, whilst the SO does not. The SiO/SO ratio and
the CS/CN show a similar pattern in the parameter space.
However, for the latter, along the diagonal of the upper
right of the parameter space, there is an interesting split.
Below the split, the log-ratio is zero, as both CS and CN
reach high abundances. Above the split, the CN is depleted,
causing the log-ratio to become positive.

This exploration of the distribution of the ratios in
temperature-density space provides the context for the ex-
plainable machine learning methods applied to it. We can
now investigate the order of importance of the physical pa-
rameters to better understand what influences the ratios
most.

3.2. Mean SHAP impact - ranking the physical features

For each of the models, we compute the normalized feature
importances, which is defined as the individual contribu-
tion divided by the sum of the contributions for each ratio.
This explains the relative importance of each feature per
ratio. We plot its values for each ratio in the heatmap in
Figure 4. The importances confirm that indeed the temper-
ature and density are almost always the most important
features, with the oxygen and carbon abundances some-
times close contenders. For example, for CS/SO, the car-
bon abundance is more important than the number density,
which is in line with the temperature-density distribution
in fig. 3, where the gradients of the ratios are small in the
direction of the density. This order of features is useful for
distinguishing how sensitive features are, but it does not
capture any information about how the ratio is impacted
exactly as a function of each feature, which is where SHAP
summary plots come in.

3.3. SHAP summary plots - interpreting first order
interactions.

The SHAP summary plots, as can be found in Figure 5,
show a scatter point for each feature for each of the samples.
Each sample is then represented by six points across the
parallel feature axes, with each impact color coded with its
respective value. A positive SHAP contribution means the
log-ratio was increased by the feature value and vice versa.

For all the methanol based ratios, the most important
feature is temperature. The contribution of the tempera-
ture ϕT is monotonously increasing with its value for all
ratios. Second is the impact of the density ϕnH , which is
inversely proportional to the density. The impact of carbon
and oxygen are the third (inversely proportional to the fea-
ture value) and fourth (proportional to the feature value)
most important features, respectively.

For the HCN based ratios, the density is the the dom-
inant feature, with its impact inversely proportional to
the density. For the first and third HCN based ratios,
CN/HCN and HNC/HCN, the carbon is the second most
important feature, with temperature coming in third. For
HCO+/HCN, the temperature is the second most impor-
tant feature, and its shows no monotonous increase or de-
crease in impact. Interestingly, for HNC/HCN, the temper-
ature is not its most important feature, in contradiction
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Fig. 1: Plots showing fractional abundances for each of the ratios discussed in this paper. Contour levels of a kernel
density estimate are added to highlight the distribution, each representing 20% of the distribution. For both we show the
"observational" limit of 10−12 that is used throughout the paper. Only the ratios above either observational threshold
are used for training the SHAP explainers. The blue line represents all log-ratios of −12, the red line represents the
log-ratios of 12.

with what has been found before, at least at low temper-
atures (Hacar et al. 2020) as well as the feature impor-
tance findings of Heyl et al. (2023a), where temperature
had the largest impact; these models used two modeling
stages, in combination with higher densities and temper-
atures whereas our models assume static clouds. However
still, the total metallicity in Heyl et al. (2023a) and initial
carbon abundance in this study both being the second most
important features is consistent between the two SHAP ex-
plainers. CS/SO is a ratio that has a strong dependence on
temperature with the carbon abundance following closely.
For SiO/SO ratio the density is now the second most impor-
tant feature, but the distribution of its impact is complex.
The last ratio, CS/CN, shows a strong impact for density,

with the minimum and maximum densities having nega-
tive contributions, whilst medium densities have a positive
impact. The carbon dependence show a clear proportional
relationship. The temperature is inversely dependent, with
a medium temperature distribution with negative impact.
Lastly, the oxygen dependence shows a clear inverse pro-
portional dependence.

The individual impact of each feature, while providing
insight into the ratios, does not tell us how two features
depend on each other. In order to reveal higher order de-
pendencies, we thus rely on dependence plots, which show
the dependence of one impact on both the feature itself and
others.
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3.4. UMAP plots - interpreting higher order interactions.

The main benefit of using a statistical predictor and com-
puting its SHAP values is that we can now interpret the
dependencies between the different features and the ratios
themselves. The UMAP manifold is generated using the
SHAP impacts and the ratios themselves, creating a con-
venient two dimensional representation of the data, where
both local and global features are relevant. This allows us
to identify distinct groups of models, that behave similarly,
and see how the features influence the ratio within these
groups.

We now proceed to analyze the ratios projected onto a
two-dimensional manifold computed using the SHAP values
and ratios, this way we can investigate the clustering of
similar models and see how they are dependent on input
features.

3.4.1. H2CO/CH3OH

For the H2CO/CH3OHratio, the UMAP plot can be seen
in Figure 6. This plot shows that we can cluster the high
temperature and low density models, on the top left side of
the manifold, with a positive impact of both features. This
results in very positive ratios.

If we then move to the bottom of the manifold, the tem-
perature is low and the density is low as well; in this case
the contribution of the temperature is negative and the con-
tribution of the density ranges from small to negative. Es-
pecially interesting are the two lobes in the right part of the
plot. These regions correspond to the hidden distribution
as can be seen in top right of Figure 3. However, this time
we can clearly distinguish that, for the middle distribution,
the impact of the temperature is positive, with a slightly
negative density impact, low carbon abundance, but a very
positive carbon impact, high oxygen abundance and also a
positive oxygen impact. The rightmost lobe on the other

hand has a high carbon abundance distribution, with neu-
tral temperature impacts, very negative density impacts,
high carbon abundances with negative impact and lastly
a gradient in the oxygen abundance, with a impact going
from very negative to positive. This is all related to the
distribution of methanol dominated ratios.

3.4.2. C3H2/CH3OH

We investigate the UMAP manifold, displayed in Fig-
ure C.1, which clusters the distribution into three regions.
The left region contains the lowest temperature gas, hav-
ing a negative temperature contribution. We can see that
as the density increases along the vertical axis, the SHAP
contribution for the temperature decreases. In this region
the carbon impact is negative, with no clear pattern in its
value. The oxygen value however shows a clear radial gra-
dient, connected with a negative SHAP contribution in the
center of the region and a positive one on the outskirts.

The right, more extended region, contains the medium
temperature, low density gas, with positive contributions.
The carbon abundance shows a clear gradient from positive
to negative as we move downwards, with the SHAP contri-
bution going from positive to negative. The pattern for the
oxygen shows a radial pattern with the inner region having
negative contributions with low values, and the outer re-
gion having positive contributions. Lastly there is a lobe on
the bottom: this is the high temperature, high density gas,
with a positive temperature impact and a negative density
impact. Here we can again see that the contributions of
carbon and oxygen influence the ratio.

3.4.3. HCO/CH3OH

The manifold for this ratio is displayed in Figure C.2, it
shows an elongated distribution of the gas. The continu-
ous part of the manifold contains the distribution of warm
gas on the right side, with low to medium densities. This
gas has positive temperature contributions with negative
to positive density contributions. The oxygen and carbon
abundances increase in value as we move to the outside of
the manifold. The distribution on the left side, on the other
hand, consists of the cold gas with low to medium densities.
Here we can see that the ratio is mostly impacted by the
negative temperature contribution, combined with a posi-
tive to negative density contribution. Similarly, the carbon
and oxygen values are distributed in the radial direction.
Lastly, there is also a separated distribution on the bottom
left; this again consists of the high temperature, high den-
sity gas. We can again see that it is influenced by both the
carbon and oxygen content and that from the bottom left
to the top right the ratio increases as we go from low to
high oxygen and carbon.

3.4.4. CN/HCN

The manifold is displayed in Figure C.3. It is separated
into four distinct regions, the bottom left, left, right and
top part. The bottom left region is strongly dominated by
HCN , it contains mostly low temperature models, high car-
bon abundances and intermediate densities. The adjacent
left distribution is dominated by higher density gas, but
now shows a clear split with respect to carbon abundance.
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Fig. 3: The distribution of the log of the ratios as a function of both density and temperature.

Left of this split, the carbon abundance is higher, while on
the right the carbon abundance is lower. This split carries
on into the right distribution of positive ratios with lower
densities, with the top having low carbon abundance and
bottom higher values. Lastly, there is a distribution of top
right models with medium densities and very low carbon
abundances. These models have a positive ratio, which is
mostly explained by the positive impact of low carbon, high
oxygen and medium temperature models.

3.4.5. HCO+/HCN

The manifold for this ratio can be seen in Figure C.4. Across
the horizontal axis, the density increases from left to right,
whilst the ratios decrease. On the bottom left, there is a low
density, low temperature region, that has similar ratios as
the top right distribution, but now explained by a positive
density impact and negative temperature impact. The top
left, low density region consists of HCO+ dominated gas,
whilst the gas in the right top is dominated by HCN. The
bottom right then contains a region with high temperature
gas and high densities, but neutral ratios as the impacts
sum to zero.
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3.4.6. HNC/HCN

We investigate the manifold for this ratio in Figure C.5. It
shows no clear separation between the regions, but more
of a continuous shift, with only a HCN dominated area in
the bottom. This is in line with the isomer chemistries being
similar in nature. The large region spanning the rightmost
part of the plot is dominated by models with a small pos-
itive SHAP impact, resulting in a neutral ratio. Then in
the bottom we can see a region where the HCN starts to
dominate strongly. These models are low in carbon, with an
associated negative carbon impact and a negative oxygen
impact. This indicates that in order to get much HNC de-
pleted models, we need low carbon abundances. Lastly we
move into the upper left part of the distribution, where the
ratio is again closer to being neutral.

3.4.7. CS/SO

The manifold, as can be seen in Figure C.6, shows a com-
plex but continuous pattern, where the temperature impact
largely varies across the vertical axis, whilst the horizontal
axis varies the carbon impact. There is a distinct region in
the center where the density impact is very positive, and its
values are low. In the top to middle distribution the ratios
indicate a SO deprived chemistry, with low carbon abun-
dances. Moving to the bottom right part of the distribution,

we see the models with negative values, mostly driven by
gas of medium temperatures and high densities.

3.4.8. SiO/SO

The UMAP manifold is displayed in Figure C.7. This shows
a distribution split between top and bottom regions with
mostly high and low temperatures, respectively. The left
part of the manifold corresponds to regions dominated by
SIO. In the rightmost high density region there is a distri-
bution that reaches negative values as the SO is enhanced
around 50 K.

3.4.9. CS/CN

The manifold, as can be seen in Figure C.8, contains two
large distributions, with a smaller one in the bottom. The
right distribution consists of gas with a negative density
contribution, creating values that are close to zero, and even
more negative on the edges, where the radiation field has
a negative impact. This shows that at low densities and
high radiation fields, the impact of radiation field becomes
important. This can be attributed to the fact the CN is
related to photochemistry as shown in the CN/HCN ra-
tio before. We can also see that, indeed, the contribution
for the radiation field strongly depends on the density. As
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Fig. 5: All of the SHAP values for each of the ratios. The features are sorted by mean absolute impact as shown in
Figure 4. Every colormap is normalized to the detectable range for each individual feature per ratio.

it increases at low densities, it correctly lowers the ratio.
The regions in the top are also dominated by CN , but
these models are related to a very negative carbon abun-
dance impact instead. With high densities and low carbon
abundances, the ratio becomes negative.

The distribution on the bottom, on the other hand,
contains high carbon models, with low temperatures and
medium densities. This results in a depletion of the
CN chemistry. The region on the lower left contains a more
broad distribution of models with generally positive density

impact, high densities and high temperatures, resulting in
a similar but less extreme scenario.
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4. Discussion and conclusions

Overall, the results of this study point to the physical pa-
rameters that are most important for chemistry, and that
are therefore constrainable with molecular observations.
Temperature and density are generally the most impor-
tant features. Therefore, observers that would like to use
molecular observations to constrain other physical parame-
ters need to first accurately probe temperature and density.
However, our study also suggests that not all the inspected
physical parameters are relevant in the investigated molec-
ular ratios. For example, at these low temperatures and
reduced metallicity, they cannot constrain the cosmic ray
ionization rate, which hence would need to be estimated by
other molecular species, or other methods. This result was
also found in Fontani et al. (2024), in which the technique
presented here is used: the investigated molecular ratios are
indeed not able to constrain the cosmic ray ionization rate
in the interval of studied values (∼ 10−14 − 10−17 s−1).
Some ratios are more sensitive than others to metallicity,
and in particular to carbon abundance variations, as we
will describe below. Therefore, these ratios could also be
used to test the metallicity gradients derived from obser-
vations. For example, carbon and oxygen elemental abun-
dances are decreasing with the Galactocentric distance ac-
cording to observations up to ∼ 14− 16 kpc (e.g. Arellano-
Cordova+2020, Mendez-Delgado+2022). These gradients
are usually extrapolated to larger distances, where obser-

vations are lacking. Our method allows to verify if such
extrapolation is correct. In fact, by measuring molecular
ratios at Galactocentric distances larger than 16 kpc, as
done for example in the CHEMOUT project, one can test
if the measured molecular ratios are consistent with models
in which elemental abundances are decreasing as predicted
by the extrapolated gradients.

In this work we used a comprehensive grid of astrochem-
ical models to understand the forward connection between
the physical modeling parameters and the observable line
ratios. The nine ratios we choose to inspect cover a large
part of the physical parameter space, with the exception
of low temperature, high density regimes. We specifically
focused on the influence of lowering the initial elemental
abundances of carbon and oxygen. We used SHAP as a
method to explain the impact of each feature to the mod-
eled ratio. This showed that the impact of especially car-
bon and oxygen initial elemental abundances can be on par
with temperature and density. We also showed that these
SHAP explanations can be paired with UMAP to provide
insightful lower dimensional groupings for the models. We
conclude the following about the molecular line ratios in
this study:

1. The temperature and density are generally the most im-
portant features; Whereas the cosmic ray ionization is of
low importance; this may be partially explained by the
fact that the gas-grain model we used does not compute
the temperature balance (and hence the temperature is
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independent from the cosmic rays); this isolates their
effect only to the cosmic ray chemistry.

2. Ratios such as CN/HCN and HNC/HCN can be sensi-
tive to the initial carbon abundance, making them im-
portant for constraining the metallicity.

3. There is a distinct range of very negative CN/HCN and
HNC/HCN models with a low carbon and high oxygen
signature.

4. The methanol based ratios depend largely on tempera-
ture and density, but in high temperature, high density
regions, the carbon and even oxygen abundances can
have a large impact.

5. Both the HCO and HCO+ based ratios depend little
on the oxygen and carbon abundance in this parameter
space.

6. The sulfur based ratios have a large dependence on the
carbon ratio, with distinct different regions of temper-
ature and density, allowing for effectively constraining
the carbon ratio with observations.

7. None of the chosen ratios are particularly sensitive to
the oxygen initial abundances, with CS/CN having the
largest oxygen dependence.

These analyses altogether can be used in order to inform
new forward model studies, but also the backward inter-
pretation of observations, by better informing the priors of
Bayesian analysis.
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Appendix A: Elemental abundances

The initial elemental abundances used in UCLCHEM and the depletion of the initial carbon and oyxgen abundances are
listed in Table A.1.

Table A.1: Initial elemental abundances used in UCLCHEM. The number density of hydrogen nuclei is nH,nuclei =
nH + 2nH2

.

Element Symbol xi = ni/nH,nuclei

Atomic hydrogen H 0.5
Molecular hydrogen H2 0.5

Helium He 0.1
Carbon C (0.05 to 1)× 1.77× 10−4

Oxygen O (0.05 to 1)× 3.34× 10−4

Nitrogen N 6.18× 10−5

Sulfur S 3.51× 10−6

Magnesium Mg 2.256× 10−6

Silicon Si 1.78× 10−6

Chlorine Cl 3.39× 10−8

Phosphorus P 7.78× 10−8

Iron Fe 2.01× 10−7

Fluorine F 3.6× 10−8

Appendix B: Hyperparameter optimization

The best hyperparameters for the xgboost regression forests (Chen & Guestrin 2016) after 500 trials using Optuna (Akiba
et al. 2019) can be found in Table B.1

Table B.1: The ranges for each hyperparameter and the best configuration found after 500 trials with Optuna (Akiba
et al. 2019).

lambda alpha subsample colsample_bytree max_depth n_estimators
minimum 10−8 10−8 0.2 0.2 3 1
maximum 1.0 1.0 1.0 1.0 15 1000

H2CO/CH3OH 6.7× 10−1 4.2× 10−1 9.2× 10−1 8.6× 10−1 1.2× 101 8.8× 102

HCO/CH3OH 7.2× 10−1 9.9× 10−6 9.7× 10−1 9.4× 10−1 7.0× 100 5.5× 102

C3H2/CH3OH 6.1× 10−1 1.0× 10−7 9.1× 10−1 9.5× 10−1 9.0× 100 2.9× 102

CN/HCN 1.9× 10−5 8.9× 10−4 8.8× 10−1 8.7× 10−1 1.1× 101 7.4× 102

HCO+/HCN 5.9× 10−6 1.8× 10−4 9.4× 10−1 9.7× 10−1 8.0× 100 5.9× 102

HNC/HCN 1.7× 10−4 8.5× 10−1 8.2× 10−1 8.8× 10−1 1.3× 101 5.8× 102

CS/SO 1.8× 10−4 8.4× 10−1 8.0× 10−1 8.4× 10−1 7.0× 100 9.8× 102

SiO/SO 6.2× 10−8 2.6× 10−1 9.2× 10−1 8.6× 10−1 1.0× 101 8.1× 102

CS/CN 9.7× 10−1 6.1× 10−1 9.9× 10−1 9.4× 10−1 1.0× 101 1.4× 102

Appendix C: UMAP plots

This appendix contains all the remaining UMAP plots for C3H2, HCO/CH3OH, CN/HCN, HCO+/HCN, HNC/HCN,
CS/SO, SiO/SO, CS/CN.
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Fig. C.1: The C3H2/CH3OH ratio, plotted on the manifold. The manifold is separated into three broad regions.
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Fig. C.2: The HCO/CH3OH ratio, plotted on the manifold. The manifold is a smooth continuous distribution with one
separated lobe.
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log10(CN/HCN)
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Fig. C.3: The CN/HCN ratio, plotted on the manifold. It shows a smooth manifold with a gradient in ratio from top to
bottom.
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Fig. C.4: The HCO+/HCN ratio plotted over a relatively smooth manifold. It shows an elongated manifold with a
separate distribution in the lower left corner.
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Fig. C.5: The HNC/HCN ratio plotted on the manifold. The manifold separates a general region with equal ratio and a
lower lobe with HCN enhancement.
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Fig. C.6: The CS/SO ratio again shows no clear separation of regions on the manifold. With a tail in the lower right
containing SOenhanced models.
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Fig. C.7: The SiO/SO ratio plotted on the manifold. It separates into two broad regions, influenced by temperature.
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Fig. C.8: The CS/CN ratio plotted on the manifold shows a separation between four global regions.
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Appendix D: Enumerator and denominator of ratios in density-temperature space

The individual enumerator and denominator of Figure 3 can be found in fig. D.1 and Figure D.2.
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Fig. D.1: The enumerator for the ratios as a function of density and temperature including the observational limit.
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Fig. D.2: The denominator for the ratios as a function of density and temperature including the observational limit.
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