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ABSTRACT

Context. Astrochemical models are essential to bridge the gap between the timescales of reactions, experiments, and observations. Ice
chemistry in these models experiences a large computational complexity as a result of the many parameters required for the modeling
of chemistry occurring on these ices, such as binding energies and reaction energy barriers. Many of these parameters are poorly
constrained, and accurately determining all would be too costly.
Aims. We aim to find out which parameters describing ice chemistry have a large effect on the calculated abundances of ices for
different prestellar objects.
Methods. Using Monte Carlo sampled binding energies, diffusion barriers, desorption and diffusion prefactors, and reaction energy
barriers, we determined the sensitivity of the abundances of the main ice species calculated with UCLCHEM, an astrochemical
modeling code, on each of these parameters. We do this for a large grid of physical conditions across temperature, density, cosmic ray
ionization rate and UV field strength.
Results. Regardless of the physical conditions, the main sensitivities of abundances of the main ice species are the diffusion barriers
of small and relatively mobile reactive species such as H, N, O, HCO, and CH3. Thus, these parameters should be determined more
accurately to increase the accuracy of models, paving the way to a better understanding of observations of ices. In many cases, accurate
reaction energy barriers are not essential due to the treatment of competition between reactions and diffusion.
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. Introduction

strochemical modeling is essential to bridge the gap between
he time scales of chemical reactions occurring on the order of
0−9 seconds, experiments taking minutes to days, and the evo-
ution of astronomical objects over about 106 years. It aids the
nterpretation of the snapshot information obtained from obser-
ations, both by being able to determine the physical conditions
uch as the temperature and density, and by simulating the time
volution of the observed object.

Interstellar ices play a crucial role in the chemical evolution
f dark molecular clouds and prestellar cores, as they allow re-
ctions to take place that cannot take place in the gas phase.
amely, icy grains provide a third body to dissipate excess en-

ergy released by reactions, and simultaneously act as a reactant
concentrator. The chemistry is not only influenced by depleting
atoms and molecules from the gas phase, but also contribute
more chemical diversity by sublimating molecules that formed
on the ice back to the gas. Without icy grains, even the simplest
molecule, H2, would not exist in the observed abundance (Gould
1963). Chemistry on these ices is governed by various competing
processes, such as adsorption (species colliding with the grain
and sticking to it), desorption (sublimation from the ice to the
gas-phase), diffusion (or hopping, species moving around on and

⋆ Corresponding authors: t.m.dijkhuis@lic.leidenuniv.nl;
a.l.m.lamberts@lic.leidenuniv.nl

in the ice), and reactions (breaking and formation of chemical
bonds). Many molecules, such as H2O, CO2 and CH3OH, are
formed mostly on the ices by a combination of these processes.

However, the parameters necessary to describe ice chem-
istry in astrochemical models are poorly constrained. Model-
ing ice chemistry, at minimum, requires the binding energies of
all species to the ice surface and the energy barriers of all re-
actions. While there are databases available for gas-phase re-
actions and their rate constants, the most commonly used of
which are UDfA (Millar et al. 2024) and KIDA (Wakelam et al.
2024), many binding energies and reaction energy bariers are
unknown. Because of computational and experimental limita-
tions, these are often harder to obtain than gas-phase reaction
rate constants. Thus, historically, many have been fitted from
observations or roughly estimated based on chemical intuition.
For example, reactions between two radicals are often assumed
to be barrierless, however recent works have shown that this is
not necessarily the case, as some geometries exhibit large bar-
riers (Enrique-Romero et al. 2022; Molpeceres et al. 2023) or
lead to no reaction at all (see for example Lamberts et al. 2019).
Another example is the estimation of diffusion barriers from
binding energies using a universal ratio of χ = Ediff/Ebind, be-
cause of a lack of accurate diffusion barriers for many species
(Furuya et al. 2022a; Ligterink et al. 2025).

There is clearly a need to obtain the grain-chemistry param-
eters more accurately. While this is a daunting task given the
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large amount of parameters required in a model, fortunately not
all parameters are equally important to constrain. A sensitivity
analysis can aid in identifying which parameters are crucial for
accurate models. One of the first examples of such an analy-
sis for astrochemical models is the work of Kuntz et al. (1976),
who investigated the effect of varying gas-phase reaction rate
constants on steady-state abundances in the interstellar medium.
Since then, many sensitivity analyses focusing on the gas-phase
reaction rate constants have been performed for various types
of astronomical objects (see for example Wakelam et al. 2006;
Vasyunin et al. 2008; Wakelam et al. 2010; Byrne et al. 2024).

Some sensitivity analyses of ice chemistry have also been
performed. Penteado et al. (2017) varied the binding energies of
many ice species to gain information about the effect that the
binding energies have on main ice abundances, like H2O, CO2,
and CH3OH, in a typical dense molecular cloud. Because of the
fixed Ediff/Ebind ratio, diffusion barriers were indirectly altered
as well. Iqbal et al. (2018) performed a similar study, again for
a dark molecular cloud, where they varied the diffusion barri-
ers of all species. Finally, Furuya et al. (2022a) also varied the
diffusion barriers of ice species, but used more realistic time-
dependent density and temperature profiles. Sensitivity analy-
ses can also be performed using Bayesian methods based on
Markov chain Monte Carlo algorithms (Holdship et al. 2018) or
coupled with machine learned statistical emulators (Heyl et al.
2022; Vermariën et al. 2025).

This work aims to obtain sensitivities of the most abundant
ice species not only on binding energies, but also on diffusion
barriers, reaction energy barriers, along with diffusion and des-
orption prefactors, to gain information on exactly which chemi-
cal parameters should be further constrained with computational
or experimental chemical tools. We do this for a large grid of
varying physical conditions corresponding to different astronom-
ical objects, ranging from early stages of a molecular cloud to
prestellar cores.

The structure of this paper is the following: Sect. 2 intro-
duces UCLCHEM, the chemical model used in this work, and
discusses the changes made to it to treat ice chemistry more
accurately by implementing recent insights. Then, Sect. 3 dis-
cusses the methodology for the sensitivity analysis and the phys-
ical conditions studied here. In Sect. 4 we show and discuss the
results, Sect. 5 discusses implications for all three pillars of as-
trochemistry, and finally in Sect. 6 we summarize the conclu-
sions.

2. Chemical model

UCLCHEM1 is a fully open-source time-dependent gas-
grain chemical code (Holdship et al. 2017). It uses the three-
phase, meaning gas, surface ice and bulk ice, formulation of
Garrod & Pauly (2011) and uses Garrod (2013) to take into ac-
count the swapping between surface and bulk. The gas and dust
temperature are assumed to be the same. We use the gas-phase
reactions from UDfA Rate22 (Millar et al. 2024). The reaction
rates are integrated using DVODE (Brown et al. 1989).

Because we aim to study the sensitivity of the abundances to
chemical parameters at various physical conditions, a constant
temperature and density is used throughout individual simula-
tions. A list of all species and ice reactions in the network can
be found on the GitHub repository2. Table 1 lists the elemen-
tal abundances used here. All elements are initially in atomic

1 https://github.com/uclchem/UCLCHEM
2 https://github.com/uclchem/SensitivityAnalysisIces

Table 1. Elemental abundances used in this work.

Element Abundance (with respect to H)
He 0.5
C 1.77 × 10−4

N 6.18 × 10−5

O 3.34 × 10−4

F 3.6 × 10−8

Mg 2.256 × 10−6

Si 1.78 × 10−6

P 7.78 × 10−8

S 3.51 × 10−6

Cl 3.39 × 10−8

Fe 2.01 × 10−7

Notes. Abundances taken from the heavily depleted case (F∗ = 1)
in Table 4 of Jenkins (2009). Abundance of F taken from Table 1 of
Asplund et al. (2009) in present-day solar photosphere.

form, except for hydrogen, of which 50% is in H2, and carbon,
which is all singly ionized, C+/C ii. We use spherical grains with
a radius of 0.1 µm, a density of 3 g cm−3, and a surface site den-
sity of 1.5 × 1015 cm−2. The upper two layers of ice are treated
as the surface, and the rest is considered bulk. We assume that
molecular hydrogen is not pushed to the bulk by the accretion of
new material because of its rapid desorption rate. Species in the
bulk of the ice have the same binding energy and diffusion bar-
rier as water to ensure that diffusion of bulk species is limited by
self-diffusion of water, as found by Ghesquière et al. (2015). The
gas-to-dust mass ratio is taken as 100 (Kimura et al. 2003). Both
thermal and nonthermal desorption mechanisms are included,
and the latter are described in Holdship et al. (2017). Cosmic
ray attenuation (see e.g., Padovani et al. 2018) is switched off
because we want to determine the effect of cosmic rays on the
chemistry regardless of the density.

The rate coefficient for thermal desorption (iice −→ igas) is
calculated as

ki
des = ν

i
des exp

−Ei
bind

Tdust

 , (1)

where νides is the prefactor for desorption of species i, and Ei
bind is

its binding energy in K. The desorption prefactor is usually cal-
culated as (Hasegawa et al. 1992; Tielens & Allamandola 1987)

νides =

√
2nskBEi

bind

π2mi , (2)

where ns is the surface site density on the grains, and mi

is the mass of i. This equation results in values of around
1012–1013 s−1 for most species. However, this neglects the con-
tribution of the rotational partition function, which can lead to
underestimation of the prefactor for molecular species by multi-
ple orders of magnitude (see for example Minissale et al. 2022;
Ligterink & Minissale 2023).

The diffusion rate coefficient of species i on the surface is
similarly calculated as

ki
diff = ν

i
diff exp

− Ei
diff

Tdust

 , (3)

where νidiff and Ei
diff are the prefactor and energy barrier for

diffusion of species i, respectively. The prefactor for diffusion
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is usually assumed to be the same as the desorption prefactor.
Whereas the diffusion barrier is often assumed to be a fixed frac-
tion of the binding energy, we have decoupled the binding en-
ergy and diffusion barrier in UCLCHEM such that they can be
varied independently, and more accurate diffusion barriers can
be supplied to the model in the future. Equation 3 assumes dif-
fusion is a completely thermal process, that is to say, tunnel-
ing is not relevant for diffusion. Ásgeirsson et al. (2017) and
Senevirathne et al. (2017) showed that this is a valid approxima-
tion for diffusion of atomic hydrogen on amorphous solid water
at temperatures down to as low as 10 K. Thus, even more-so
for heavier species, tunneling on amorphous solid water will be
completely negligible. Considering that we are looking at tem-
peratures far below the crystallization temperature of H2O of
about 150 K (Löfgren et al. 2002; May et al. 2012), this approx-
imation will be used here.

Reactions on the ice mostly occur through the Langmuir-
Hinshelwood mechanism, where two species diffuse on the grain
surface, meet each other and can react (Cuppen et al. 2017).
The rate constant for a Langmuir-Hinshelwood reaction between
species i and j, iice + jice −→ kice, is determined using the formal-
ism introduced by Hasegawa et al. (1992), as

κi+ j = max
[
νidiff, ν

j
diff

]
Pi+ j

reac, (4)

where Pi+ j
reac is the reaction probability upon species i and j meet-

ing, calculated by either a Boltzmann factor or the tunneling
probability through a rectangular and symmetric barrier,

Pi+ j
reac = max

exp
−Ei+ j

reac

Tdust

 , exp
(
−2a
ℏ

√
2µi+ jkBEi+ j

reac

) , (5)

where a is the barrier width, assumed to be 1.4 Å for all reac-
tions, and µi+ j and Ei+ j

reac are the mass of the tunneling particle and
energy barrier for the reaction between species i and j, respec-
tively. The treatment of tunneling and the value of µi+ j are fur-
ther discussed in App. A. A reaction is referred to as barrierless
if Ei+ j

reac = 0 K, such that Pi+ j
reac = 1, which means that the reaction

has a 100% chance of occurring when the two reagents meet.
The rectangular barrier approximation results in a temperature-
independent tunneling probability, which is not always the case
(see for example Fig. 7 in Lamberts et al. 2017).

The competition between reaction, diffusion, and thermal
desorption is taken into account by multiplying Eq. 4 with
the probability that the reaction actually occurs when the two
reagents meet, and either species does not diffuse away or des-
orb instead (Chang et al. 2007),

fcomp =
κi+ j

κi+ j + ki
diff + k j

diff + ki
des + k j

des

. (6)

In practice, fcomp is close to unity if the reaction is faster than the
hopping timescale of the reactants, that is to say, if κi+ j > ki/ j

diff .
The final reaction rate constant is then

ki+ j
reac = α

i+ j→k
fcomp

(
ki

diff + k j
diff

)
NsitesXdust

, (7)

where Nsites is the number of sites per dust grain and Xdust is
the abundance of dust grains with respect to hydrogen nuclei.
αi+ j→k is the branching ratio, which is not unity if, for example,
a reaction between i and j can form either k or l. Rate constants
of reactions in bulk ice are scaled by 1/Nbulk

ML , or in other words,
are divided by the amount of monolayers of bulk ice, to take

into account that it will take a particle Nbulk
ML times longer to scan

the entire bulk ice (Ruaud et al. 2016). The rate of change in the
fractional abundance of i in units of fractional abundance s−1 as
a result of the reaction between i and j forming k is then[
dXi

dt

]
i+ j
= −ki+ j

reacXiX j, (8)

where Xi and X j are the abundances of i and j (differentiated
between surface and bulk ice) with respect to hydrogen nuclei.

2.1. Chemical desorption

Exothermic reactions are assumed to lead to the desorption of
one of the products by transferring some of the released energy
to the translation away from the surface (iice + jice −→ kgas ).
This process is called “chemical” desorption (CD), also some-
times referred to as reactive desorption. Here, we use a com-
bination of the approximations introduced by Minissale et al.
(2015) for bare grains and Fredon et al. (2021) for ices. The
treatment of Minissale et al. (2015) assumes that when the reac-
tion has occurred, the resulting products first collide elastically
with the surface, and bounce back to then desorb. In the case
of a two-product reaction, the released energy is distributed be-
tween the products k and l according to their masses, similarly
to Riedel et al. (2023),

wk =
ml

mk + ml , (9)

where m indicates the mass of the product. wk is unity for a one-
product reaction. The fraction of energy released from the reac-
tion that product k contains after its collision with the bare grain
is

ϵkgrain =

(
M − mk

M + mk

)2

wk, (10)

where M is an effective mass of the grain, which Minissale et al.
(2015) found to be about 120 amu to match experiments. Then,
the probability that species k desorbs from a bare grain is

ηk
CD,grain = exp

−3Nk
atomsE

k
bind

ϵkgrain∆Hreac

 , (11)

where Ek
bind is its binding energy and Nk

atoms is the number of
atoms in k. ∆Hreac is the enthalpy of reaction with opposite sign,
that is, the amount of energy released from the reaction,

∆Hreac = ∆Hi
form + ∆H j

form − ∆Hk
form (12)

for a one-product reaction. Enthalpies of formation ∆Hform were
taken from KIDA (Wakelam et al. 2024), CCCBDB (Johnson III
2022), or CDMS (Müller et al. 2005), or if unavailable were cal-
culated as described in App. B. If ϵkgrain∆Hreac is smaller than the
binding energy of species k, chemical desorption is not possi-
ble, meaning ηk

CD,grain = 0. While the same equation, Eq. 11 is
different from what was previously implemented in UCLCHEM
(see Quénard et al. 2018), because the previous implementation
assumed that in the case of a two-product reaction, either both
products desorb or both stay on the grain, and included the en-
ergy barrier of the reaction in the calculation of ∆Hreac.

While this treatment might be accurate on a bare grain, it fails
to capture chemical desorption on ices because it assumes an
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elastic collision with the grain surface, as shown by Fredon et al.
(2017). Thus, for the chemical desorption probability from ices
we use the treatment from Fredon et al. (2021), where

ηk
CD,ice = f

1 − exp
− ϵkice∆Hreac − Ek

bind

3Ek
bind

 . (13)

Here, ϵkice∆Hreac is the amount of energy transferred to the trans-
lational degrees of freedom of product k, where ϵkice is

ϵkice =

{
ϵice,1 for one-product reactions, and
ϵice,2 · wk for two-product reactions. (14)

Furuya et al. (2022b) found that ϵice,1 = 0.07 best fitted exper-
imental chemical desorption data, so that is what we use here.
This also accurately captures several theoretical energy dissi-
pation studies. For example, for H + CO −→HCO, ϵice,1 ≈
0.073–0.11 (Pantaleone et al. 2020), and for H + P −→ PH
ϵice,1 ≈ 0.01–0.05 (Molpeceres et al. 2023). This is still a
strongly simplified approach, and is not accurate for all reac-
tions. For example, for H + N −→NH, ϵice,1 was found to be
about 0.007 because of its very efficient energy dissipation to
the ice (Ferrero et al. 2023). As recommended by Fredon et al.
(2021), we use ϵice,2 = 0.2 and f = 0.5. If ϵkice∆Hreac < Ek

bind, no
chemical desorption from ices is allowed, meaning ηk

CD,ice = 0,
according to Fredon et al. (2017).

The overall chemical desorption efficiency is calculated by
linearly interpolating between the grain efficiency and ice effi-
ciency as

ηk
CD = η

k
CD,grain +min

[
N ice

ML, 1.0
] (
ηk

CD,ice − ηk
CD,grain

)
, (15)

where N ice
ML is the number of monolayers of total ice on the dust

grain. The rate constant of the reaction between i and j where
product k desorbs is then

kk
CD = η

k
CDki+ j

reac. (16)

The rate constant of the same reaction where all products stay on
the grain is then calculated as

ki+ j
no CD = ki+ j

reac

(
1 −∑

k∈products η
k
CD

)
. (17)

In the case of a reaction with multiple products, if∑
k∈products η

k
CD > 1, then ki+ j

no CD < 0. This corrects the forma-
tion of species k on the grain by the reaction where species l
chemically desorbs, and vice versa. Because of the more rapid
energy dissipation and higher binding energies, chemical des-
orption from a reaction in bulk ice is not possible.

2.2. Encounter desorption

At relatively high densities of nH ≥ 105 cm−3 and 10 K, models
overpredict the build-up of molecular hydrogen in the ice, be-
cause of the amount of hydrogen in the gas-phase. However, this
is not physically accurate, because the H2 on H2 binding energy
(23 K, Cuppen & Herbst 2007) is too low for a multilayer ice of
H2 to form, as discussed for example by Morata & Hasegawa
(2013). This artificial amount of H2 “ice” results in a differ-
ent and incorrect ice chemistry, as discussed by, for example
Penteado et al. (2017). To remedy this, the “encounter” desorp-
tion (ED) mechanism was proposed by Hincelin et al. (2015).
When one hydrogen molecule diffuses over another, its binding

Table 2. Grid of physical conditions studied.

Parameter Values Unit
T 10, 20, 30, 40, 50 K
nH 103, 104, 105, 106 cm−3

ζa 10−1, 100, 101, 102 1.3 × 10−17 s−1

FUV 10−1, 100, 101 Habing

Notes. (a) ζ = 1.3 × 10−15 s−1 was not run at nH = 106 cm−3, see main
text.

energy sharply decreases to 23 K, strongly increasing its desorp-
tion probability. The rate constant for this reaction is calculated
as

kED =
2kH2

diff

NsitesXdust

kH2 on H2
des

kH2 on H2
des + kH2 on H2

diff

, (18)

where the second term captures the competition between des-
orption and diffusion, and the superscript “H2 on H2” indicates
the use of the binding energy of H2 on a H2 surface of 23 K,
and diffusion barrier of 0.5 × 23 = 11.5 K. The resulting rate of
change of the surface abundance of H2 is then calculated simi-
larly as that of a Langmuir-Hinshelwood reaction between two
H2 molecules, H2

surf + H2
surf −→H2

gas + H2
surf,[

dXH2

dt

]
ED
= −1

2
kEDXH2 XH2 . (19)

We chose not to use the method from Garrod & Pauly (2011)
because it makes the ordinary differential equations stiffer, in-
creasing computational cost.

3. Sensitivity analysis

3.1. Physical grid

Sensitivities of the chemistry to different chemical parame-
ters are obtained at different physical conditions using a 4-
dimensional grid with changing temperature T , hydrogen num-
ber density nH, cosmic ray ionization rate ζ, and UV field
strength FUV. While ζ and FUV do not necessarily depend on
the type of astronomical object, they can have a large effect on
the regime that the chemical network is pushed into, and thus us-
ing a low or high value might result in different sensitivities. The
values used for this 4-dimensional grid can be found in Table 2,
resulting in 5× 4× 3× 3 + 5× 3× 1× 3 = 225 total grid points.
The “size” of the object, used to calculate the column density
and thus the visual extinction, is kept the same across model
runs, such that models with a higher density have a higher visual
extinction. We attempted to run the grid at the highest density
and cosmic ray ionization rate, but because of the rapid freeze-
out and nonthermal desorption at these extreme conditions, the
ordinary differential equations became extremely stiff and some
models did not finish. Regardless, we expect these conditions to
be rare in real astronomical environments, because the high cos-
mic ray ionization rate would heat and ionize the gas to prevent
the collapse to higher densities.

3.2. Sampling chemical parameters

For each point in our physical grid, a sensitivity analysis of
the calculated abundances is performed on the binding ener-
gies, diffusion barriers, and diffusion and desorption prefac-
tors of each ice species and reaction energy barriers of each
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Table 3. Sample widths for different studied parameters.

Parameter type µ σ
Energy < 200 K 100 K

≤ 1600 K 1
2µ

> 1600 K 800 K
Prefactor - 102 s−1

Notes. Energies are at least 0 K. Prefactors are varied in log-space.

Langmuir-Hinshelwood reaction in the network. This results in
d = 118× 4+ 158 = 630 chemical parameters. We chose to vary
the energies and prefactors (rather than vary the rate constants
k directly) because they are the input in astrochemical models.
Because chemical reaction networks are a set of nonlinear or-
dinary differential equations (see Angeli 2009), a one-at-a-time
sampling method, where a single parameter is changed from its
default value while the others are kept fixed, is not sufficient
(Saltelli et al. 2019). Moreover, because of the high dimension-
ality, it would require many model samples.

Instead, a global Monte Carlo approach is used, where all
parameters are varied simultaneously. Because this is a global
method, couplings between different parameters are correctly
recovered (see for example Dobrijevic et al. 2010). First, 1000
uniformly distributed random points are generated in the d-
dimensional unit hypercube, [0, 1)d. Each point xi is then trans-
formed such that the distribution of all points corresponds to
a truncated, between ymin and ymax, normal distribution around
mean µ and with standard deviation σ by the inverse transform
method:

pi =
[
Φ

(
ymax) − Φ (

ymin
)]

xi + Φ
(
ymin

)
and (20)

yi = µ + σ
√

2 erfinv
(
2pi − 1

)
, (21)

where Φ is the cumulative distribution function of the multi-
variate normal distribution with mean µ and standard deviation
σ, and erfinv is the inverse error function. For each chemical
parameter j, µ j is taken from the nominal (standard) network,
with nominal prefactors calculated using Eq. 2, and σ j is de-
termined according to Table 3. The bounds ymin

j and ymax
j are

taken as min
[
0, µ j − σ j

]
and µ j + σ j, respectively. While ap-

proximate uncertainties are available for many gas-phase rate
constants (Millar et al. 2024), this is not the case for the chemical
parameters required for ice modeling. Thus, we chose reasonable
values for their uncertainties, namely an uncertainty of 800 K for
energies, which is a bit larger than “chemical accuracy”3. For a
reaction with µi+ j = 1 amu and a nominal reaction barrier of
800 K, the variation described in Table 3 leads to a variation of
its reaction probability (Eq. 5) of about 4 orders of magnitude at
10 K, and a nominal reaction barrier of 1600 K has a variation of
its rate constant of about 5 orders of magnitude. Equation 2 un-
derestimates the desorption prefactor by multiple orders of mag-
nitude for many species (see Minissale et al. 2022), so we chose
a standard deviation of 2 orders of magnitude for all prefactors.

The amount of variation in the input parameters directly in-
fluences the magnitude of the variance in the abundances. Be-
cause we picked values for the input variation rather than take
their uncertainties from, for example, literature, we are not able
to do a proper error propagation and therefore cannot provide

3 Chemical accuracy is the accuracy required to match or exceed ex-
perimental accuracy, and to make realistic chemical predictions. It is
often taken to be 1 kcal mol−1 ≈ 500 K.

quantitative uncertainties. Nevertheless, the chosen variations in
parameters are small enough that it is still possible to determine
which species are qualitatively “uncertain”, meaning highly sen-
sitive to the input network. Because of the choice ofσ j = 0.5µ j if
µ j ≤ 1600 K, species with a binding energy below 3200 K have
their diffusion barriers varied between 25% and 75% of their
nominal binding energies. Each of the 1000 yi is considered a
“sample” network and is used to replace the original network.

The code is set up such that the values of the energy barri-
ers for reactions in surface and in bulk ice and corresponding
chemical desorption reaction(s) are adjusted equally. Similarly,
the binding energy and diffusion barrier of all bulk ice species
change with those of water. Each of these 1000 samples is then
run at the 225 different physical conditions. Running all models
took less than 5 days on 110 cores of an AMD EPYC 7702P.

3.3. Correlation coefficient

The correlation between the abundance of a species and a chem-
ical parameter is calculated using the Pearson correlation coef-
ficient, also referred to as Pearson’s r. Both the abundances and
parameters are first transformed using a rank-based inverse nor-
mal (RIN) transform (rankit, Bliss 1967),

fRIN (xi) = Φ−1
(

R [xi] − 0.5
n

)
, (22)

where n is the number of data points, and Φ−1 is the inverse
normal cumulative distribution function. R [xi] is the rank of xi

in x, such that the lowest value of x has R
[
xmin

]
= 1 and its

highest value has R [xmax] = n. Pearson’s r on the transformed
data, which we will refer to as rRIN, is then calculated using
SciPy 1.14.0 (Virtanen et al. 2020). rRIN essentially functions as
a Spearman correlation coefficient (Spearman 1904), because it
captures all monotonic correlations and not only linear correla-
tions as would be the case without the rank transformation, is
less sensitive to outliers and does not suffer in the case of non-
normally distributed data. We use the RIN-transformed Pear-
son correlation coefficient instead of the Spearman correlation
coefficient because it has more favorable statistical properties
(Bishara & Hittner 2012) and the implementation of the Pearson
correlation coefficient in SciPy 1.14.0 is more complete. Previ-
ous works used the Pearson correlation coefficient without RIN
transformation (and instead used logarithmic abundances, see
for example Penteado et al. 2017; Iqbal et al. 2018; Furuya et al.
2022a), but from our testing that misses or underestimates vari-
ous correlations.

The value of this coefficient indicates the “strength” of the
correlation; a value of 1 (−1) indicates a perfectly positive (neg-
ative) correlation, and values closer to 0 indicate a weaker cor-
relation. The correlation coefficient itself does not give any in-
formation about the actual magnitude of the spread of abun-
dances, only on the correlation between a certain parameter and
the abundances relative to each other. Thus, interpreting whether
a chemical parameter should be investigated more closely should
always be done while keeping into account how big the spread
of predicted abundances is. Without the RIN transformation, the
Pearson correlation coefficient squared gives a measure of the
explained variance. For example, a correlation coefficient of 0.5
explains 0.52 = 0.25 = 25% of the variance in the samples.
While this is not strictly true when using a RIN transformation,
r2

RINσ
2 still gives a general idea of both the variance of the abun-

dances and the strength of the correlation.
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Fig. 1. Abundances of all samples at T = 10 K, nH = 105 cm−3,
ζ = 1.3 × 10−17 s−1 and FUV = 1 Habing at 104 years as function of
the hydrogen diffusion barrier. Numbers at the bottom indicate rRIN and
its 95% confidence intervals. Pink crosses indicate nominal abundances
and hydrogen diffusion barrier.

There are two sources of error in the determination of the
correlation coefficient. Firstly, a sampling error as a result of
the finite number of Monte Carlo samples. From a convergence
test with 2000 samples at the extremes of densities and temper-
atures in our grid, the 95% confidence interval for this error is
around ±0.08. Generating the samples using Latin Hypercube
Sampling or Sobol’ sequences (Sobol’ 1967) did not result in
better convergence. The second error, from the correlation co-
efficient itself, is calculated using bootstrapping with the BCa
method (Efron & Tibshirani 1994, chap. 14) with 2000 samples.
The two errors are assumed to be independent, such that the to-
tal confidence interval is their sum. This is very likely an upper
limit of the width of the confidence interval (maybe even to a
factor of 2), since the correlation coefficients calculated with the
convergence test also include the error from the correlation co-
efficient itself. Only correlations with p ≤ 0.05 are reported and
discussed.

In the spirit of open science, we made all code to generate the
data and create the figures shown here publicly available under
the GNU GPLv3 license4. All data at ζ = 1.3 × 10−17 s−1 and
FUV = 1 Habing is available on Zenodo5.

4. Results and discussion

4.1. Understanding the correlation coefficient

Figure 1 shows the abundances of a few major ice species at T =
10 K, nH = 105 cm−3, ζ = 1.3×10−17 s−1 and FUV = 1 Habing at
104 years as a function of the sampled hydrogen diffusion barrier.
Here, it can be seen that the H2O abundance as a function of the
hydrogen diffusion barrier is a flat line, meaning that they are
not correlated. On the other hand, there is a strong correlation
between the CO abundance and H diffusion barrier, and this is
indeed reflected in the value of rRIN.

Methanol, CH3OH, also shows a strong correlation, where
the abundance at high H diffusion barriers (> 425 K) decreases
by nearly 10 orders of magnitude. This is an example of a non-
linear correlation, also when using logarithmic abundances. As
mentioned in Sect. 3.3, r without the RIN transformation under-
estimates the strength of this correlation, with r = −0.4 ± 0.11.

4 https://github.com/uclchem/SensitivityAnalysisIces
5 https://doi.org/10.5281/zenodo.17463693
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Fig. 2. Abundances (top) and correlation coefficients (bottom) of H2O,
CO, CO2, CH3OH, and NH3 ices at T = 10 K, nH = 105 cm−3,
ζ = 1.3 × 10−17 s−1 and FUV = 1 Habing. In the top panels, the dashed
pink line indicates the abundance using the nominal network, black lines
indicate the individual samples, and light green is the log-average of all
samples. In bottom subplots, the dashed gray line indicates perfectly
uncorrelated parameters (rRIN = 0), and the filled gray area indicates
“weakly” correlated parameters (|rRIN| < 0.4). The colored filled areas
correspond to the 95% confidence intervals of the correlation coeffi-
cients.

This highlights the need to use a rank-based correlation coeffi-
cient.

H2O, CH3OH and NH3 abundances all show a sharp decrease
at H diffusion barriers above 425 K. At these high diffusion bar-
riers, H becomes stationary, which leads to the unrealistic build-
up of H ice up to an abundance of 10−4, which corresponds to
about 102 monolayers. All carbon-, oxygen-, or nitrogen-bearing
molecules are pushed to the bulk, where reactions are extremely
slow due to the necessary diffusion of reagents through H2O.
Thus, the abundance of larger species that rely on their forma-
tion on ices sharply decreases.

To illustrate the analysis workflow, we first show results for
one set of physical conditions. The top panels in Fig. 2 present
the abundances of five major ice species as function of time at
T = 10 K, nH = 105 cm−3, ζ = 1.3 × 10−17 s−1 and FUV =
1 Habing for all 1000 samples in black. The dashed pink lines
indicate the abundance progression using the nominal network,
whereas the light green lines show the log-average (or geometric
mean) of all samples. All “strong” correlations, meaning |rRIN| ≥
0.4, at any point in time are plotted in the bottom panels.

There is a considerable difference in the sensitivities before
and after CO freeze-out, which occurs at around 104 years at this
density. For example, the H2O abundance is first not sensitive to
any parameter, however at 104 years becomes very sensitive to
the N diffusion barrier.

It might not be immediately obvious why the H2O ice abun-
dance is sensitive to the N diffusion barrier. Water and ammo-
nia are mostly formed by multiple barrierless hydrogenations of
O and N atoms, respectively. The nominal binding energies of
atomic H and N are 650 and 720 K, respectively, meaning that
the corresponding nominal diffusion barriers are 325 and 360 K.
The main destruction pathways of atomic oxygen are through
barrierless N + O −→NO and O + H −→OH. At later times,
the gaseous O abundance depletes, because most of the oxygen is
locked up in water already on the grain. Thus, the freeze-out rate
of oxygen decreases, and the abundance of surface abundance of
O decreases from ∼10−6 to ∼6 × 10−9 with respect to hydrogen
nuclei. This also happens because CO freeze-out pushes surface
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O to the bulk, where diffusion is much slower. Therefore, the
very limited amount of surface O is used by the two reactions
mentioned above, such that a more efficient N diffusion further
depletes the amount of surface oxygen, and decreases the for-
mation of OH and thus H2O. Additionally, with most of the CO
frozen out, atomic H is consumed much faster by H + CO −→
HCO. This means that the two reactions mentioned above will
swap in importance, that is to say, the ratio of the two reaction
rates,

(
kN+O

reac XN

)
/
(
kH+O

reac XH

)
, goes up, and so the diffusion barrier

of N becomes more important as well.
The opposite effect can be seen for the abundance of CO

ice, where it is very sensitive to the hydrogen diffusion barrier at
early times, and at later times that sensitivity is much weaker. CO
on the grain is mainly formed and destroyed by HCO + H −→
CO + H2 and CO + H −→HCO, respectively. A reaction be-
tween HCO and H can also form H2CO. At early times, when
HCO forms and subsequently reacts with H, the abundance of
CO will go down overall, because some will form H2CO. A
higher diffusion barrier of atomic hydrogen will lead to a lower
formation rate of HCO, and thus a higher abundance of CO
(rRIN ≈ 0.9). At later times, however, the H abundance is so low
that the correlation disappears. Methanol is still sensitive to the
H diffusion barrier, because the abundance of methanol remains
unchanged as all species are pushed to the bulk at 104 years and
then reaches steady state due to the slow reactions in bulk ice.

NH3 is sensitive to the NH binding energy at early times.
In the nominal network, the NH binding energy is 2600 K,
which means that thermal desorption is negligible at 10 K. How-
ever, the barrierless reaction N + H −→NH is quite exother-
mic (∆Hreac = −88.43 kcal mol−1), and at these early times
there is not yet a full monolayer of ice on the dust grains. Thus,
ηNH

CD,grain ≈ 0.56. Decreasing and increasing the binding energy
of NH by 800 K changes the desorption probabilities to about
0.67 and 0.47, respectively, so this will have a large effect on
the NH abundance, and in turn on the abundance of NH3. This
sensitivity disappears at later times, because the total ice abun-
dance increases and the chemical desorption probability goes
down. At later times, NH3 is sensitive to the CH diffusion bar-
rier at many physical conditions because of the barrierless reac-
tion NH3 + CH −→CH2NH2, the main destruction pathway of
NH3. The rate constant of this reaction, which is determined by
the diffusion barrier of CH, imposes an upper limit on the NH3
abundance.

4.2. Across physical conditions

For the species of interest here, the correlations are relatively un-
altered by changing the cosmic ray ionization rate (though this
might not be the case at even higher rates, such as in the Central
Molecular Zone; Le Petit et al. 2016). That is not to say that the
abundances are unchanged by increasing the cosmic ray ioniza-
tion rate, but the sensitivities are. Thus, for simplicity, we will
continue discussing the abundance profiles and sensitivities us-
ing the standard rate of ζ = 1.3 × 10−17 s−1. Similarly, the UV
field strength has no effect on the ice abundances for densities
above 104 cm−3 and no effect on the sensitivities at all physical
conditions, so we will use 1 Habing for the rest of this work.

Figure 3 shows sensitivities for various physical conditions,
as indicated above each set of panels. The temperature changes
across the rows, whereas the density changes between the two
columns. As expected, we observe that an increase in density
mainly decreases the chemical timescale, and that the correla-
tions are only affected to a limited extent. This can be seen by, for

example, comparing Fig. 2 at nH = 105 cm−3 and the top-right
panel of Fig. 3 at nH = 106 cm−3. On the other hand, chang-
ing the temperature allows other reactions to take over, such that
each temperature has different sensitivities. For clarity, only 10,
30 and 50 K are shown in Fig. 3.

At 10 K and 103 cm−3 (top left in Fig. 3), many species are
sensitive to the hydrogen diffusion barrier. There is no catas-
trophic CO freeze-out at this low density. This means that the
H abundance on the surface is high, so species are still sensitive
to its diffusion barrier. On the other hand, at higher densities, CO
freeze-out depletes the H abundance, as mentioned in Sect. 4.1.
The diffusion barriers of most species are too high for them to
diffuse, so most species are stationary at this temperature. Small
variations in the H diffusion barrier lead to large differences in
the rate constants. For example, variation of the diffusion barrier
between 350 and 450 K gives a difference in the rate constant
of a factor ∼2 × 104 (for the same prefactor) at 10 K. At 30 K,
the same variation only results in a difference of a factor of 28.
On the other hand, the variation of prefactors results in a factor
of 104, which is why the abundances are more sensitive to the
prefactors at 30 K.

The abundance of many species at 30 K and low density are
correlated with the diffusion barrier of atomic oxygen. Since O
is the more mobile reactant between C and O, some carbon-
and oxygen-bearing species, like CO2, rely on the diffusion of
O to be formed on the ice. For example, the second most impor-
tant formation reaction of CO2 at 30 K and nH = 103 cm−3 is
H2CO + O −→CO2 + H2. Thus, a smaller diffusion barrier of
O leads to a larger abundance of these species (rRIN < −0.4 at
early times). On the other hand, the formation of water occurs
mainly through diffusion of H atoms, and lowering the diffusion
of O atoms depletes the amount of oxygen (by formation of the
species mentioned above) and thus lowers the H2O abundance
(rRIN > 0.4).

The CO abundance at 30 and 50 K and CO2 abundance at
50 K indicate the need for the use of accurate values for the
desorption prefactor νdes. These are highly sensitive to the des-
orption prefactor, as indicated in the middle and bottom panels
of Fig. 3, with a spread of about 4 orders of magnitude. This
shows that the choice of prefactor is crucial, and astrochemi-
cal models need to use new chemical insight to calculate them
(Minissale et al. 2022; Ligterink & Minissale 2023).

An interesting observation from Fig. 3 is that only one re-
action energy barrier appears in these graphs, CO + OH −→
CO2 + H (Ereac = 1000 K). The maximum strength of corre-
lation with this reaction is still quite weak, with rRIN ≈ −0.45.
This means that all other reaction barriers have correlations
|rRIN| < 0.4 with all five species at all times and all of these
six physical conditions. To confirm the insensitivity of abun-
dances to reaction energy barriers, we repeated the calculations
with only varying reaction energy barriers and keeping all other
chemical parameters (binding energies, diffusion barriers, and
prefactors) fixed. The results of these calculations are shown in
App. D. The analysis here is limited to the total ice abundances,
and the picture might be different if this is further differentiated
to the surface and bulk abundances. The lack of correlations with
reaction energy barriers is further discussed in Sect. 5.3.

4.3. Parameters showing strongest correlation

Many of the same parameters appear in Fig. 3. We have summa-
rized these in Table 4. The references given in this table are by
no means an exhaustive list (especially for H diffusion), but are
there to give the reader an entry point into further reading.
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Fig. 3. Abundances (top) and correlation coefficients (bottom) of H2O, CO, CO2, CH3OH, and NH3 ices at various physical conditions indicated
by the text above each subfigure. In the top panels, the dashed pink line indicates the abundance using the nominal network, black lines indicate
the individual samples, and light green is the log-average of all samples. In bottom subplots, the dashed gray line indicates perfectly uncorrelated
parameters (rRIN = 0), and the filled gray area indicates “weakly” correlated parameters (|rRIN| < 0.4). The color indicates which species or reaction
the parameter belongs to, and the linestyle indicates its type. The colored filled areas correspond to the 95% confidence intervals of the correlation
coefficients. Legends are the same for all panels.

We can compare our main correlations at 10 K with
those of previous work. Comparing our results with those of
Penteado et al. (2017), we find quite similar results. They find
also the binding energy of C to be relevant, though they use a
nominal binding energy of 715 K, and here a binding energy of
10000 K corresponding to chemisorbed C H2O is used. They
find CH2 diffusion to be sensitive as well, but our results show
CH is actually the more sensitive one due to the slightly higher

values we use here for their binding energies. We do not have any
correlation with the H2 binding energy, because we incorporate
an encounter desorption (Sect. 2.2) method already. Iqbal et al.
(2018) and Furuya et al. (2022a) also found the diffusion barri-
ers of H, N, HCO, and O to constrain the predicted abundances.
Instead of CH, they found the CH2 diffusion barrier, however
that is also because the network they use makes CH2 more mo-
bile than CH, whereas our network has the opposite behavior.
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Table 4. Selection of chemical parameters that many species are correlated with, and the temperature(s) at which they were found to be have strong
correlations with ice abundances.

Species Type Nominal value Temperature (K) Relevant literature
H Ediff 325 K 10 Ásgeirsson et al. (2017); Senevirathne et al. (2017); Hama et al. (2012)

νdes 4.4 × 1012 s−1 30–50 Minissale et al. (2022)
N Ediff 360 K 10 Zaverkin et al. (2021)
O Ediff 800 K 10–50 Pezzella et al. (2018)
CO Ediff 650 K 30 Karssemeijer et al. (2013); Kouchi et al. (2020)

νdes 1.1 × 1012 s−1 30–50 Minissale et al. (2022)
HCO Ediff 1200 K 10–50 Ferrero et al. (2020)a , Bovolenta et al. (2022)a

CH3 Ediff 800 K 10–50 Enrique-Romero & Lamberts (2025)

Notes. Nominal diffusion barriers are half of the binding energy taken from Wakelam et al. (2017). Nominal prefactors are calculated according
to Eq. 2 (Hasegawa et al. 1992). (a) Determines the binding energy.

Sil et al. (2024) calculated the binding energy of CH on H2O
to be 2400 K, but Wakelam et al. (2017) found that CH barrier-
lessly reacts with H2O at a lower level of theory. The binding
energy of CH2 was estimated to be 1400 K by Wakelam et al.
(2017).

Of the parameters listed in Table 4, the H diffusion bar-
rier has been investigated the most. Ásgeirsson et al. (2017)
and Senevirathne et al. (2017) both investigated the diffusion
of atomic hydrogen on crystalline and amorphous solid wa-
ter using the same potential energy surface. They found dif-
fusion to binding energy ratios of 0.64 and 0.37 respectively.
This large difference is likely due to different surface structures.
Al-Halabi & Van Dishoeck (2007) also investigated diffusion of
H, and directly obtain the diffusion coefficient from molecular
dynamics simulations.

The diffusion of atomic nitrogen on amorphous solid water
was studied recently by Zaverkin et al. (2021), who found a ra-
tio of 0.76. Pezzella et al. (2018) showed that the average diffu-
sion barrier of atomic oxygen is 275 K, corresponding to a dif-
fusion to binding energy ratio of around 0.3 using their binding
energy. This confirms that there is no universal value for this ra-
tio Furuya et al. (2022a), not even for atomic species, as is used
in most astrochemical models.

The diffusion barrier of HCO has not been studied explic-
itly. However, the binding energies of HCO reported in literature
are larger than the ones used in this work. Thus, the diffusion
of HCO is likely not as relevant as it appears from this study.
We use a binding energy of 2400 K, as reported by Ferrero et al.
(2020), whereas Bovolenta et al. (2022) reports a binding energy
of around 1400 K. This large difference can likely be attributed
to the different clusters, as the former uses a cluster with a cav-
ity, and the latter uses a spherical cluster of only 12–15 water
molecules. Because HCO is formed from CO, it is most likely
formed on a CO-rich surface. The strength of interaction with a
CO surface is lower than on H2O, meaning HCO diffuses more
rapidly. To the best of our knowledge, the binding or diffusion of
HCO on CO has not yet been studied.

The diffusion of CH3 was studied recently by
Enrique-Romero & Lamberts (2025) on a small cluster of
14 H2O molecules. Due to the small cluster size, the binding
energies and diffusion barriers can be best regarded as lower
limits. Because they focused on the formation of CH3CN arising
from short-range diffusion, the long-range diffusion of CH3 was
not investigated.

4.4. Limitations

Nondiffusive chemistry means that reactions can take place be-
tween any two reactants in proximity. For example, after a re-
action has taken place, the product(s) of that reaction can again
react with other close-by species. This means that diffusion of
heavy radicals is not necessary to produce larger molecules such
as complex organic molecules, and thus allows for their forma-
tion at lower temperatures. Diffusion is still necessary for the
formation of the radicals. This is inherently present in kinetic
Monte Carlo simulations, which can reproduce laboratory ex-
periments at low temperatures where diffusion of larger rad-
icals is slow (Fedoseev et al. 2015, 2017; Simons et al. 2020;
Ioppolo et al. 2020). It has recently been implemented into rate
equation models (Jin & Garrod 2020), but was not considered in
this work. We expect that if it were, the correlations of abun-
dances with binding energies of weakly bound species would in-
crease because the nondiffusive chemistry would lead to cyclic H
abstraction and addition, making chemical desorption more effi-
cient (see Sect 4.1 of Jin & Garrod 2020). This also means that
the abundances would become more sensitive to how chemical
desorption is treated. On the other hand, we expect that corre-
lations with diffusion barriers of larger radicals (e.g., HCO and
CH3) to become less important because as a radical is formed,
it can react with other radicals without needing to overcome dif-
fusion barriers. As shown in Fig. 9 of Borshcheva et al. (2025),
the molecular diffusion barriers indeed matter less in the non-
diffusive framework. However, larger molecules such as com-
plex organic molecules are likely most affected by this. Occu-
pation of deeper binding sites by other species can also greatly
speed up diffusion (see for example Karssemeijer et al. 2013;
Zaverkin et al. 2021) and is not taken into account in current as-
trochemical models.

Besides Langmuir-Hinshelwood reactions, chemistry on ices
can also occur through Eley-Rideal reactions. Eley-Rideal reac-
tions can occur when a species from the gas-phase adsorbs on
the surface of the ice next to or on top of an already adsorbed
species. In the network used here, there is a very limited number
of Eley-Rideal reactions, meaning that chemistry must be driven
by Langmuir-Hinshelwood (diffusive) reactions. Including more
Eley-Rideal reactions might increase the importance of energy
barriers. However, because Eley-Rideal reactions rely on colli-
sions with the adsorbates, this is likely most important for major
ice species like CO.

Varying the reaction energy barrier affects the tunneling
probability, and thus the reaction rate. However, we note that
the tunneling probability estimated with the rectangular barrier
approximation can be off by orders of magnitude compared to
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Fig. 4. Width of the 68.27% confidence intervals of abundances of se-
lected ice species at various temperatures (averaged over all densities)
over time at ζ = 1.3×10−17 s−1 and FUV = 1 Habing. The solid, dashed,
dotted, dashed-dotted, and densely dotted lines correspond to 10, 20,
30, 40 and 50 K, respectively. The dashed gray line indicates a width of
2 orders of magnitude.

quantum chemical instanton calculations. For example, using
Eq. 1 from Lamberts et al. (2017) and data there-in, we find
an instanton tunneling probability of ∼4 × 10−9 at 10 K for
CH4 + OH −→CH3 + H2O. Using the energy barrier they calcu-
lated using density functional theory (2575 K) and the rectangu-
lar barrier approximation, we find Preac ≈ 3 × 10−13. Decreasing
this barrier by 800 K increases the probability to ∼4 × 10−11,
still two orders of magnitude off from the instanton probability.
An “effective“ energy barrier, the energy barrier that results in a
correct tunneling probability from Eq. 5, or Model 3 suggested
in Zheng & Truhlar (2010) for correct temperature dependence
could be used, but for many reactions no tunneling probabilities
are available.

5. Implications

5.1. Poorly constrained species

As mentioned in Sect. 3.2, we are not able to give quantitative
uncertainties of the abundances. Nevertheless, qualitative uncer-
tainties are still very beneficial to properly constrain physical
parameters of observed clouds. At 10 K, the abundance of H2O
is quite insensitive to changes in the ice chemistry, such that
observations of H2O ice can be accurately fitted. On the other
hand, the abundances of CO and CH3OH are very sensitive to
changes in the network (see for example the top row of Fig. 3),
such that fits of observations are also sensitive to changes in the
network. We note again that the hydrogen diffusion barrier is
varied with 162.5 K from the nominal value in either direction,
and this is a similar change as going from EH

diff = 0.25EH
bind to

EH
diff = 0.75EH

bind. This small (in terms of energy) change in hy-
drogen diffusion barrier has an extremely large effect on many
species at 10 K. At 20 K and above, variations of diffusion bar-
riers of larger species start to strongly affect the predicted abun-
dances. Figure 4 shows the width, meaning the ratio of the up-
per limit to the lower limit, of the 68.27% confidence interval
of abundances at various temperatures, averaged over all den-
sities. In general, the width goes down at later times, because
these species are mostly consumed by reactions. It is clear that
the abundances are often uncertain to within 2–4 orders of mag-
nitude.

This shows the risk of extracting chemical parameters from
comparisons between models and observations, such as a dif-

fusion barrier to binding energy ratio (Garrod & Pauly 2011;
Borshcheva et al. 2025). From our sensitivity analysis, we con-
clude that observations of specific species cannot determine a
ratio χ that is universal for all atoms and molecules.

5.2. Assumptions in models

Astrochemically relevant ices (e.g. amorphous solid water) do
not have unique binding sites, but have a distribution of binding
sites with various depths and probabilities (Amiaud et al. 2006;
He et al. 2016; Minissale et al. 2022). Early attempts to include
this in astrochemical models relied on treating the species in
different binding sites as entirely different species in the net-
work (i.e. with separate abundances and reactions), with rates
connecting them (Cuppen & Garrod 2011; Grassi et al. 2020).
This made it too computationally expensive to do so for ev-
ery species. Furuya (2024) developed an efficient method to
include binding energy distributions. While we do not take
binding energy distributions into account, we can still probe
whether a species will be strongly affected by including dis-
tributions. It is important that the binding energy distributions
are well-studied and implemented, as simply assuming a nor-
mal distribution is not valid for many species (see for example
Bovolenta et al. 2022; Enrique-Romero & Lamberts 2024), and
even the assumed width of the distribution has an effect on the
abundances (see Figs. 6 and 7 of Furuya 2024). Species that are
strongly correlated with binding energies or diffusion barriers
will be affected by the assumed distributions.

Recently, there have been multiple works that vary the bind-
ing energy, and as a result the diffusion barrier, of species by
the amount of CO in the ice (see for example Molpeceres et al.
2024). This becomes especially important after the catastrophic
CO freeze-out has occurred, which greatly increases the abun-
dance of CO on the surface, thus decreasing the interaction
strength of adsorbates with the ice surface. Some works simply
assume ratios of the interaction strengths Ei

bind on CO/E
i
bind on H2O

for all species (see for example Kalvāns et al. 2024), though this
should be done with care because, as shown above, assumptions
about diffusion barriers greatly influence the calculated abun-
dances. Thus, if scaling the binding energy by the amount of CO,
we recommend the method by Molpeceres et al. (2024), where
you calculate the binding energies of species of interest on CO
using density functional theory and verify that varying the bind-
ing energy on CO in the model of other species does not affect
abundances.

5.3. Recommendations for experiments and calculations

One of the main findings is that the calculated ice abundances
of many species are not sensitive to reaction energy barriers.
That means that getting accurate reaction energy barriers (using
e.g., high-level density functional theory) is often not necessary.
This also applies to complex organic molecules, as discussed in
App. C.

This is because of the treatment of competition. Consider a
reaction between i and j, of which i is the one with the lower dif-
fusion barrier. At low diffusion barriers, the diffusion rate (ki

diff ,
Eq. 3) becomes much larger than the reaction rate κi+ j if the re-
action has a barrier. Thus, the fraction describing competition
(Eq. 6) can be approximated as κi+ j/ki

diff , and the resulting reac-
tion rate constant (Eq. 7) becomes approximately

ki+ j
reac ∝

κi+ j

ki
diff

ki
diff = κ

i+ j, (23)
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Fig. 5. Ratio between the reaction probability (Eq. 5) and the Boltzmann
factor for diffusion at 10 K, for reactions with different energy barriers
and diffusion barrier of the most mobile reagent. Solid lines indicate
a reaction where tunneling is efficient (µ = 1 amu), and dashed lines
indicate a reaction where tunneling is inefficient (µ = 12 amu).

independent of the diffusion rate. On the other hand, reactions
with a low energy barrier or for which the diffusion barriers of
the reagents are high have κi+ j ≫ ki

diff , such that

ki+ j
reac ∝

κi+ j

κi+ j ki
diff = ki

diff , (24)

independent of κi+ j and thus the reaction barrier height. In other
words, the reaction rate constant ki+ j

reac is proportional to the rate
of the slowest process.

Figure 5 shows the ratio between the reaction probability
(Eq. 5) and the Boltzmann factor for diffusion at 10 K. Low ra-
tios, indicated by green, correspond to the fast diffusion limit
(Eq. 23) and high ratios, indicated by purple, correspond to the
slow diffusion limit (Eq. 24). We neglect the influence of the
prefactors in this figure, meaning that we show the ratio of the
reaction probability to the diffusion probability, and not their re-
spective rate constants. The exact values of the tunneling mass
µ in Fig. 5 are not important, but two examples are shown to
indicate how the tunneling efficiency affects the trend. For reac-
tions where tunneling through the reaction energy barrier is in-
efficient, like if a carbon atom is being exchanged (µ = 12 amu,
shown in Fig. 5), the height of the reaction energy barrier af-
fects the ratio more. Many relevant reactions on ices, especially
at this low temperature, have a reaction barrier below 1000 K to
2000 K, tunneling mass of µ = 1 amu and reagents with diffu-
sion barriers above 300 K. Thus, they fall in the slow-diffusion
limit, where Preac ≫ exp (−Ediff/T ), and their reaction rates
are dictated mainly by the rate of diffusion of the most mobile
species according to Eq. 24. This means that an accurate reaction
probability, calculated with for example instanton theory (e.g. in
Lamberts et al. 2017), or an exact energy barrier for the reaction
is not necessary. On the other hand, if there is reason to suspect
that the reaction might occur in the fast-diffusion limit (green
in Fig. 5), for example because it has a very high barrier or in-
volves movement of relatively heavy atoms making tunneling
inefficient, then the actual reaction probability becomes more
important. However, these reactions are generally less impor-
tant for the ice chemistry. At higher temperatures these regimes
shift further down and right, because diffusion is a temperature-
dependent process whereas the reactions are often tunneling-
dominated and so temperature-independent.

To give an example, the CO2 abundance at 50 K correlates
with the reaction barrier of CO + OH −→CO2 + H, as can be
seen in the bottom-left panel of Fig. 3. At the nominal CO and
OH diffusion barriers and energy barrier (1000 K), the ratio be-
tween the sum of the diffusion rate constants and the reaction
rate constant is around 2 × 10−3, in the fast diffusion regime. On
the other hand, at the minimum of the range of its energy barrier,
the ratio becomes around 50, in the slow diffusion regime. Thus,
the height of the reaction barrier is important for the abundance
of CO2.

This means that once the diffusion barriers are properly con-
strained, accurate reaction energy barriers are often not required
to have robust chemical models. After an approximate calcula-
tion (using e.g. a lower accuracy density functional or machine-
learned interatomic potential) or measurement has been done, it
can be decided if it needs closer investigation. If the reaction falls
in the slow diffusion regime at the physical conditions the reac-
tants are expected to be available, it is probably not needed to
obtain a more accurate energy barrier. On the other hand, if the
reaction falls close to the switch or in the fast diffusion regime, a
more accurate energy barrier might be necessary. We note again
that this is a diffusive rate equation model that has no micro-
scopic detail. In a model with more microscopic detail, for ex-
ample kinetic Monte Carlo, where explicit competition between
different reactions is taken into account, the situation might be
different.

6. Summary and conclusions

We investigated the correlation of abundances of ice species with
binding energies, diffusion barriers, reaction energy barriers, and
desorption and diffusion prefactors. We also improved the treat-
ment of interstellar ice chemistry in UCLCHEM by updating the
chemical desorption formalism, limiting the amount of H2 on
the surface, including better calculation of the tunneling proba-
bility, and correctly calculating the desorption prefactors. Below
we summarize the main findings of this work.

– Ice chemistry in rate equation based astrochemical models
for prestellar objects is mainly sensitive to diffusion of small
radicals such as H, N, O, CH3, and HCO. More attention
needs to be given to accurate calculation or measurement of
the diffusion barrier of these larger radicals.

– In many cases, accurate energy barriers for reactions are not
essential, because diffusion is actually the rate-limiting step.
This means that reaction energy barriers can be determined
using more approximate methods. Depending on whether it
is faster or not than the hopping rate, a more accurate barrier
needs to be determined.

– Fitting binding energies, diffusion barriers or reaction energy
barriers from observations is extremely risky because of the
complex interplay of many parameters. When trying to con-
strain parameters, the observed species need to be sensitive
to the parameters.

– Care needs to be taken when fitting observed abundances to
obtain physical conditions because the modeled abundances
of some species are highly sensitive to the chemical param-
eters in the network. This could lead to differences in deter-
mined physical conditions when using different astrochemi-
cal codes or networks.
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Appendix A: Estimation of tunneling mass

For a Langmuir-Hinshelwood reaction, the mass of the tunneling
“particle” is essential in correctly calculating the rate constant.
In most astrochemical models, the mass of the tunneling particle
is taken as the reduced mass of the two reagents (Hasegawa et al.
1992; Ruaud et al. 2016),

µi+ j =
mim j

mi + m j . (A.1)

However, this strongly overestimates the mass of the tunneling
particle (and so underestimates the rate constant) for some re-
actions. For example, the reagents of reaction CH4 + OH −→
CH3 + H2O have a reduced mass of ∼8 amu, while the tunneling
particle is a hydrogen atom (moving from CH4 to the OH radi-
cal) and so to get an accurate tunneling probability a tunneling
particle mass of 1 amu should be used instead. With a barrier of
2575 K (Lamberts et al. 2017), using the reduced mass results in
a tunneling probability underestimated by ∼23 orders of magni-
tude, whereas using µ = 1 amu underestimates the reaction rate
constant by about 4 orders of magnitude. To remedy this, we es-
timate the tunneling mass of a Langmuir-Hinshelwood reaction
using the following method, similar to Garrod et al. (2017). For a
one-product reaction, we simply use Eq. A.1. For a two-product
reaction, find which reagent is most similar to which product.
If the difference between a reagent and the corresponding prod-
uct is one atom, that atom has been exchanged between the two
reagents, and so the tunneling mass is set to the mass of that
atom. If not, Eq. A.1 is used. This method does not always de-
crease the tunneling mass. For example, for H + O2H −→ 2 OH,
the predicted tunneling mass is mO = 16 amu, whereas the re-
duced mass of the reagents is ∼1 amu. Barrierless reactions are
unaffected because their tunneling probability is unity, regardless
of the tunneling mass.

Appendix B: Enthalpies of formation

If the enthalpy of formation of a species was unavailable in
databases, it was instead calculated using quantum chemical
methods. First, the (approximately) optimal geometry was gen-
erated from the SMILES code using OpenBabel’s 3D conformer
generation (O’Boyle et al. 2011; Yoshikawa & Hutchison 2019).
The precision of the generated atomic coordinates was then
reduced to 3 decimal places to prevent ORCA from plac-
ing incorrect symmetry constraints during further geometry
optimizations. High accuracy energies were then calculated
for the molecules and the atoms they are composed of us-
ing the G2(MP2,SVP) method, as described by Curtiss et al.
(1996). This method consists of geometry optimizations, a
zero-point vibrational energy calculation, and high-accuracy
single-point calculations, resulting in E0. The calculations were
carried out in ORCA version 6.1.0 (Neese 2025), with the
compound[G2-MP2-SVP] keyword. This is done for the two
lowest multiplicities (i.e., multiplicities of 1 and 3 for a species
with an even number of electrons, and multiplicities of 2 and
4 for species with an odd number of electrons) to find the true
electronic ground state. The enthalpy of formation of a molecule
AxByCz is then

∆HAxByCz

form = EAxByCz

0 + x
(
∆HA

form − EA
0

)
+ y

(
∆HB

form − EB
0

)
+ z

(
∆HC

form − EC
0

)
,

(B.1)
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Fig. B.1. Comparison of enthalpies of formation from ATcT and cal-
culated using the method described in App. B. Blue circles indicate
molecules with an even number of electrons, whereas red crosses in-
dicate molecules with an odd number of electrons. The dashed gray line
indicates a perfect agreement.

Table B.1. Newly calculated enthalpies of formation using the method
described in App. B.

Species SMILES Multiplicity ∆Hform (kcal mol−1)
HCSH [H]=[C]S 1 72.60
NSH [N][S][H] 1 74.47
H2NS N[S] 2 35.1
HNSH [H][N]S 2 48.90
NSH2 [N]=[SH2] 2 98.93
CH2SH2 C=[SH2] 1 59.62
HSO S[O] 2 −4.18
HNSH2 N=[SH2] 1 56.20
OCSH O=[C]S 2 5.77
OCHS O=C[S] 2 6.47
HOCS O[C]=S 2 18.80
HSO2 O=S[O] 2 −30.81
HOSO O[S]=O 2 −54.64
HS2 S#[S] 2 27.50

where the enthalpies of formation of atoms A, B and C are ex-
perimental values taken from the Active Thermochemical Tables
(ATcT, Ruscic & Bross 2025). The effect of a non-zero temper-
ature is neglected. Figure B.1 compares literature values for the
enthalpies of formation from ATcT with values calculated with
G2(MP2,SVP). This method is clearly accurate enough, even for
open-shell molecules, with a mean absolute deviation of only
1.31 kcal mol−1, which is just above “chemical accuracy”. The
enthalpies of formation are only used here for determining the
chemical desorption probability, and are therefore less critical.
The newly calculated enthalpies of formation are shown in Ta-
ble B.1. The code to calculate enthalpies of formation of new
species is available on GitHub6.

Appendix C: Complex organic molecules

Complex organic molecules (COMs) are organic molecules con-
sisting of 6 or more atoms. They are believed to be important
precursors for the formation of biologically relevant molecules
that might lead to the emergence of life.
6 https://github.com/TobiasDijkhuis/HEAT_calculator
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Fig. C.1. Same as Fig. 3 but for various complex organic molecules.

Figure C.1 shows sensitivities at different physical condi-
tions for various COMs. At low temperature (10 K), many
COMs are sensitive to the diffusion barrier of atomic H. If the H
diffusion barrier is higher, their abundance is too. These COMs
are mostly formed by barrierless recombination of smaller radi-
cals, such as CH3 + CHO −→CH3CHO. The abundance of these
radicals is governed by the rate of their hydrogenation, for ex-
ample CH3 + H −→CH4 or CHO + H −→H2CO/CO + H2. Be-
cause these larger radicals are more strongly bound to the surface
than atomic hydrogen, the reaction rate is mainly determined by
the H diffusion rate. If the hydrogen diffusion barrier is higher,
these hydrogenation reactions will occur slower and as a result

the abundance of these radicals are larger, such that the abun-
dance of the resulting COMs is also larger. This was also found
by Furuya (2024) and Jin & Garrod (2020).

At 30 K, the abundance of H on the ice is low and its diffu-
sion occurs rapidly, and the limiting step becomes the diffusion
of the larger radicals. This means that many COMs are sensi-
tive to the diffusion barriers of the reagent radicals. For example,
CH3CHO is very sensitive to the CH3 diffusion barrier, because
it is the more mobile one of the two reagents that react to form it.
On the other hand, HCOOCH3 is more sensitive to the diffusion
barrier of HCO than the one of CH3O because CH3O is more
strongly bound to the surface.
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Fig. C.2. Width of the 68.27% confidence intervals of abundances of
some complex organic molecules at various temperatures (averaged
over all densities) over time at ζ = 1.3× 10−17 s−1 and FUV = 1 Habing.
The solid, dashed, dotted, dashed-dotted, and densely dotted lines cor-
respond to 10, 20, 30, 40 and 50 K, respectively. The dashed gray line
indicates a width of 2 orders of magnitude.

At 50 K, the situation is similar, but now also the desorption
of atomic hydrogen is important. Higher desorption prefactors
lead to a lower abundance of atomic hydrogen on the ice, which
leads to a lower rate of radical destruction. This in turn, as was
the case at 10 K, leads to a higher abundance of COMs.

Figure C.2 shows the widths of the 68.27% confidence in-
tervals of abundances. This shows that these complex organic
molecules are extremely sensitive to the network being used. Es-
pecially at 20 K, where diffusion of HCO is either possible or
not possible depending on its diffusion barrier, the uncertainties
of HCOOCH3 and NH2CHO are extremely large.

Appendix D: Variation of reaction energy barriers

To confirm that the abundances are not sensitive to the reac-
tion energy barriers, we repeated the same calculations, but only
varying the reaction energy barriers and keeping the binding en-
ergies, diffusion barriers and the prefactors fixed to their nominal
values. Additionally, we widen the spread of energy barriers to
enlarge the range of sampled rate constants κi+ j, as shown in Ta-
ble D.1. These calculations were done on a grid of only varying
the temperature and density because the cosmic ray ionization
rate and UV field strength have a negligible effect on the corre-
lations, as discussed in Sect. 4.2.

Figure D.1 shows the widths of the 68.27% confidence in-
tervals of the main ice species, varying only the reaction en-
ergy barriers. The confidence intervals of H2O, CO2 and NH3
are quite narrow, indicating that the abundances are unaffected
by changing the reaction energy barriers. The abundances of CO
and CH3OH at 20 and 30 K still have a spread of about 3 or-
ders of magnitude at most. This is mostly because of variation
of the energy barrier of H + CO −→HCO, with rRIN ≈ 0.8 at
30 K and 106 cm−3 from 103 to 106 years. Nevertheless, it can

Table D.1. Sample widths for reaction energy barriers..

Parameter type µ σ
Reaction barrier < 200 K 100 K

≤ 1600 K 4
5µ

> 1600 K 1280 K

Notes. Energies are at least 0 K. All other parameters are kept fixed.
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Fig. D.1. Width of the 68.27% confidence intervals of abundances
of selected ice species while only varying the reaction energy barri-
ers at various temperatures (averaged over all densities) over time at
ζ = 1.3 × 10−17 s−1 and FUV = 1 Habing. The solid, dashed, dotted,
dashed-dotted, and densely dotted lines correspond to 10, 20, 30, 40
and 50 K, respectively. The dashed gray line indicates a width of 2 or-
ders of magnitude.

be seen that the variance in abundances is much smaller, often
within 1 order of magnitude.
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