
 Environmental
Science
  Atmospheres
rsc.li/esatmospheres 

ISSN 2634-3606

Volume 4
Number 1
January 2024
Pages 1–106

PAPER
Max R. McGillen et al.
The use of the electrotopological state as a basis for 
predicting hydrogen abstraction rate coeffi  cients: a proof 
of principle for the reactions of alkanes and haloalkanes 
with OH



Environmental Science:
Atmospheres

PAPER

O
pe

n 
A

cc
es

s 
A

rt
ic

le
. P

ub
lis

he
d 

on
 0

1 
D

ec
em

be
r 

20
23

. D
ow

nl
oa

de
d 

on
 2

/1
1/

20
26

 2
:0

8:
11

 A
M

. 
 T

hi
s 

ar
tic

le
 is

 li
ce

ns
ed

 u
nd

er
 a

 C
re

at
iv

e 
C

om
m

on
s 

A
ttr

ib
ut

io
n-

N
on

C
om

m
er

ci
al

 3
.0

 U
np

or
te

d 
L

ic
en

ce
.

View Article Online
View Journal  | View Issue
The use of the ele
aInstitut de Combustion, Aérothermique, Réa
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ctrotopological state as a basis for
predicting hydrogen abstraction rate coefficients:
a proof of principle for the reactions of alkanes and
haloalkanes with OH†

Max R. McGillen, *a Lisa Michelat,a John J. Orlandob and William P. L. Carterc

Structure–activity relationships (SARs) are essential components of detailed chemical models, where they

are employed to provide kinetic information when high-quality experimental or theoretical data are

unavailable. Notwithstanding, there are very few types of SARs that are routinely employed to estimate

reaction kinetics. Accordingly, a new temperature-dependent and site-specific technique for rate

coefficient estimation is presented, based on the electrotopological state (E-state), a fundamental

property that can describe the substituent effect upon each hydrogen environment in a molecule. This

accounts for the electronic character of individual atoms within molecules and their respective distances

from one another. This method is applied to the hydrogen abstraction reactions of OH with alkanes and

haloalkanes, where it was found to perform well compared with other approaches for molecules whose

rate coefficients have been measured experimentally over a broad temperature range (∼200–1500 K).

To extend this comparison, an efficient software tool for batch-estimated rate coefficients has been

developed. By applying this software to fully enumerated lists of halocarbons containing from one to

four carbon atoms, we were able to compare predictions of >100 000 species between techniques, and

although experimental coverage is sparse, we could assess the degree of consensus between these

estimates. Disagreement between methods was found to increase with carbon number, and differences

of up to three orders of magnitude were observed in some cases. The reasons for these discrepancies

and possible solutions are discussed. In a further demonstration of the utility of the E-state approach, we

show that it can also be used to calculate bond-dissociation energy (BDE), which also compares

favourably with a state-of-the-art literature method. The E-state approach not only provides accurate

predictions of rate coefficients, but it does so with fewer fitting parameters and by being constrained by

a fundamental molecular property. From this we conject that it is less prone to overfitting and more

easily expanded to unfamiliar substituents than previous SAR approaches. The efficiency and robustness

with which estimates of BDE and rate coefficients are made over a wide range of conditions will be of

relevance to a variety of fields including atmospheric and combustion chemistry.
Environmental signicance

Haloalkanes are commonly emitted by natural and anthropogenic sources, and their central roles in climate forcing and stratospheric ozone depletion are well-
documented. This family of compounds represents a unique challenge to all aspects of atmospheric chemistry. Their low reactivity leads to a longevity that can
afford transport to the stratosphere, where they can contribute to ozone depletion. These long lifetimes are also responsible for their climate-forcing effects,
providing ample time to absorb radiation across a range of infrared frequencies that are situated in the “atmospheric window”. Haloalkanes are removed
principally through hydrogen abstraction reactions by the hydroxyl radical. In general, the environmental impact of a halocarbon is related directly to the rates
of these reactions, and, given the practically innite number of possible halocarbons, a rapid and accurate method for estimating the kinetic parameters is
desirable. In this work, we investigate a novel, effective, efficient, site-specic and temperature-dependent approach to rate coefficient estimation using
a chemical graph theoretical index: the electrotopological state.
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1. Introduction

There is a pressing need for structure–activity relationships
(SARs) to estimate properties in many elds where complexity
prevails, and where observational data is in short supply.
Atmospheric chemistry is a good example of this phenomenon,1

and recent developments in automated mechanism generation
soware demonstrate that even the oxidation of simple hydro-
carbons typically results in large numbers of reaction prod-
ucts.2,3 This is an instance of the combinatorial explosion that is
encountered not only in atmospheric chemistry, but also in
other systems of sufficient complexity such as combustion
chemical4 and biochemical mechanisms.5

In the atmospheric chemical community, a single SAR method
has come to dominate the estimation-space. This is a group-
additivity method based upon the approach of Atkinson and co-
workers, rst proposed in 1982,6–10 and has been recently upda-
ted and modied by Jenkin and co-workers11 and Carter.12 These
SARs form the backbone of oxidation rate coefficient estimation in
the near-explicit chemical models GECKO-A,2 the Master Chemical
Mechanism13 and SAPRC.14 The success of the approach can be
attributed to several factors: it reproduces experimental data rela-
tively accurately compared with other methods; it is easy to calcu-
late; it provides estimates of branching ratios for compounds with
more than one reactive site; and, following the pioneering obser-
vations of Greiner,15 it appeals to chemical intuition in that total
rate coefficients of organicmolecules are represented by the sumof
the site-specic rate coefficients attributed to each reactive site.
Nevertheless, the approach has an important disadvantage that
was recognized in its conception:6 since every organic moiety will
have a unique substitution effect, in principle, for this approach to
be truly accurate, one would need as many tting parameters as
there are substitution types. To bypass this problem, SAR tting
parameters tend to be limited to nearest-neighbour (i.e. a) and in
some cases, next-nearest-neighbour (i.e. b) substituents. Although
this is an entirely practical solution to this combinatorial problem,
the simplication leads to degeneracy in the SAR algorithm,
whereby several structures and substructures will yield numerically
identical estimates. Furthermore, for compounds that contain
substitutions that are poorly characterized in the kinetic database,
their associated predictions are necessarily highly uncertain.

One method that avoids the problem of degeneracy is the
linear free-energy relationship (LFER) between kOH and ioniza-
tion potential (IP). In principle, IP may be calculated for any
given molecule. So long as this calculation is sufficiently accu-
rate and the LFER is robust enough, an estimate of kOH can be
made without the lumping of broadly similar substitution
types. One drawback of this method is that IP is a property of
the whole molecule, which therefore does not yield site-specic
estimates, and has limited application in atmospheric chemical
models that include explicit chemistry.

For this reason, we were motivated to develop a new approach
to rate coefficient estimation. In this case, we searched for a site-
specic descriptor that could provide a priori information about
substituents that correlates with the reactivity of organic mole-
cules with respect to the OH radical. In this regard, the E-state,
© 2024 The Author(s). Published by the Royal Society of Chemistry
rst described by Kier and co-workers16 was found to possess
useful properties. This electrotopological index is based upon
chemical graph theory, in which molecules are treated as graphs
that are composed of vertices and edges that correspond to atoms
and bonds respectively. This index describes the electronic char-
acter of each atom within a molecule (referred to as an intrinsic
value, Ii) and its connectivity and interaction with every other
atom in thatmolecule (referred to as a perturbation term,DIi). The
strength of this perturbation is reduced as the distance between
a given pair of atoms increases. These calculations are made for
each atom in a molecule, and are generated algorithmically based
on any given molecular structure. This combination of properties
potentially circumvents the problems of simplication and
degeneracy posed by the Atkinson approach mentioned above.

The E-state has its origins in pharmacology, a very different
eld to atmospheric chemistry, but nonetheless one where the
challenges of molecular complexity and combinatorial problems
also occur, which may explain its utility in the present work.
Because this is the rst application of the E-state to atmospheric
chemistry that is known to us, we have applied the method to
a limited subset (see Table S1†) of an up-to-date, comprehensive
and evaluated database.17 Here, our selection is restricted to the
reaction of OH with acyclic alkanes and haloalkanes, which take
the form CnHmX2n+2−m where X represents any combination of F,
Cl, Br and I, n = [1, 2, .] and m = [1, 2, ., 2n + 2]. There are
several reasons for this selection, notably:

� They are atmospherically important, especially the less
reactive, longer-lived species that possess large global warming
potentials and high ozone-depletion potentials.18

� They are relatively well-studied compared with other
classes of compound and represent approximately 10% of the
OH/VOC kinetic database.17

� They exhibit a large range in reactivity towards OH, from
the extremely low-reactivity triuoromethane (room tempera-
ture rate coefficient in units of cm3 per molecule per s, k298 =

2.97 × 10−16) to the much more reactive n-hexadecane (k298 =

2.16 × 10−11). This can be considered to be a consequence of
the tuning effect that halogenated substitutions impart upon
the reactivity of C–H bonds as well as the variable number of
reactive sites that these molecules possess.

� They are mechanistically simple, in that reactions are not
expected to be mediated substantially by pre-reactive complexes,
unlike their oxygenated19–23 or unsaturated24–26 counterparts.

� The CnHmX2n+2−m set presents a rich combinatorial library
that grows rapidly with carbon number, reaching 4.59 × 1010

isomers at a carbon number of 8. Therefore, this represents
a practical test of the efficiency and stability of various batch-
enabled estimation methods applied to large arrays of molecules.

In summary, this subset of possible organic structures
provides an excellent testing ground for assessing the perfor-
mance and characteristics of this new estimation method. For
this purpose, we compare estimates using the E-state technique
with those of two other methods for which batch calculations are
practically accessed. Firstly, the Atkinson group-additivity
approach as implemented in the AOPWIN/EPI Suite soware,27

which features a batch calculation mode. Secondly, the correla-
tion with ionization potential, which has been documented
Environ. Sci.: Atmos., 2024, 4, 18–34 | 19
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previously for HFCs28 and is extended here to include the entire
CnHmX2n+2−m set and which can be computed rapidly using the
PM6 method29 with the MOPAC2016 programme.30
2. Methods
2.1. E-state SAR calculations

The current version of this SAR is designed to estimate kOH for
all acyclic alkanes and haloalkanes of the general formula Cn-
HmX2n+2−m (where X may represent F, Cl, Br or I). The calcula-
tion of the E-state of each atom forms the basis of the SAR
estimation method. This approach has been described in detail
elsewhere16 and has been implemented in the present work
without modication. Therefore, we will describe it here only
briey in the context of a worked example:

Taking the structure of the halocarbon 1-bromo-2-chloro-3-
uoropropane as a starting point, a hydrogen-suppressed
chemical graph is used to represent the molecule, where atom
numbers are shown in blue:
From this structure, a distance matrix is constructed, where
each element represents the distance, rij, (i.e. the number of
chemical bonds) between the ith and jth atom:
20 | Environ. Sci.: Atmos., 2024, 4, 18–34
At the same time, the intrinsic values (i.e. a description of the
inherent electronic character) of each atom, Ii, can be calculated
from the following equation:

I = (dv + 1)/d (1)

where dv and d are the number of valence and s electrons
respectively. It is important to stress that the halogen series
possess the same values for dv and d, yet different electronega-
tivities. This varies according to quantum number, N. Accord-
ingly, a modied equation for halogens is provided as follows:

I = [(2/N)2dv + 1]/d (2)

For an in-depth discussion of this calculation, readers are
referred to the original work of Hall et al.16

To begin with, eqn (1) and (2) are employed to produce the
following array:

The next step is to generate a matrix that describes the
electronic effect that the ith and jth atoms have on each other,
with each element dened as (Ii − Ij)/(rij + 1)2:
The sums of each row then provide perturbation terms, DIi,
which describe the overall electronic effect experienced by the
ith atom. When DIi is added to Ii, this provides the E-state array,
Si:
Next, the hydrogen count (nH) attached to each atom is
considered:

Reactive C–H bonds were classied by their degree of alkyl-
ation (in the case of the CnHmX2n+2−m: primary, secondary or
tertiary), and were tted with a different polynomial expression
in each case to yield the site-specic room temperature rate
coefficient, ki:

ki ¼ nHi
� 10aiSi

2þbiSi�ci (3)

The use of different polynomials based on hydrogen envi-
ronment was decided empirically, but its necessity can be
rationalized from the concept that reaction rate coefficients are
© 2024 The Author(s). Published by the Royal Society of Chemistry
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dened by enthalpic and entropic terms relating to barrier
heights and steric aspects. Given that we don't anticipate
a simple relationship between electronic character and these
terms, especially the steric effect, we suggest that these tting
parameters compensate for the variation in reactivity that is
observed with the degree of alkylation in the OH reaction.

In order to obtain estimates of ki, the values of ai, bi and ci
were optimized to minimize the difference between measure-
ments and predictions using a non-linear generalized reduced
gradient solver. Values for tting coefficients a, b and c for the
three different types of C–H bond are provided in Table 1. This
leads to a total of 9 adjustable parameters (3 × 3 polynomials)
that are necessary for rate coefficient estimation using this
approach.

In our worked example of 1-bromo-2-chloro-3-
uoropropane, this yields calculated site-specic rate coeffi-
cients (in units of cm3 per molecule per s) for H-bearing atoms
1, 2 and 4: k1 = 1.83 × 10−13, k2 = 2.02 × 10−13 and k4 = 3.15 ×

10−14, and a total rate coefficient, ktot, of 4.17 × 10−13.
Although these calculations are computationally trivial, it is

impractical to perform them manually for large numbers of
molecules, therefore we provide an open source soware pro-
gramme for batch-calculation, in which the only required input
is a list of SMILES strings31 that can be generated in various
soware packages such as the opensource project Open Babel.32

Our soware is written in Python 3, and makes use of some
existing libraries and functions in RDKit33 for generating
distance matrices, atom types, hydrogen counts and other
structural information, together with some additional code that
processes this information to calculate the E-state for every
atom and ki for every H-bearing carbon atom in the molecule
(for Python script, see ESI†). This programme outputs total rate
coefficients, together with site-specic rate coefficients and
their associated carbon-centred radical products provided in
SMILES notation.
2.2. Atkinson group-additivity SAR calculations

The group-additivity approach of Atkinson and co-workers
has been documented in detail elsewhere, e.g.9 In short, the
Atkinson method considers three group rate coefficients
distinguished by their degree of alkylation: kprim, ksec and
ktert, and modies these values according to their
Table 1 Fitting parameters for making site-specific estimates of
room-temperature rate coefficients using the E-state method

Hydrogen count a b c

3 (primary) 0.235348 0.448094 15.226433
2 (secondary) 0.079290 0.770329 13.470563
1 (tertiary) 0.051234 0.723300 12.452133

© 2024 The Author(s). Published by the Royal Society of Chemistry
substituents using multiplicative F-factors in the following
equations:

k(CH3–X) = kprimF(X) (4)

k(X–CH2–Y) = ksecF(X)F(Y) (5)

k[X–CH(–Y)–Z] = ktertF(X)F(Y)F(Z) (6)

with the total rate coefficient dened as the sum of all primary,
secondary and tertiary reactive sites contained within a given
molecule.

In this case, we used a version of this algorithm that is
provided by the AOPWIN/EPI Suite soware package,27 in which
we employed the batch-mode of AOPWIN to generate estimates
from lists of SMILES strings.

Unlike the E-state method, these F-factors do not possess
a physical basis, they are tting parameters that optimize eqn
(4)–(6) to match experimental data. In the current version of
AOPWIN, the number of F-factors that pertain to the CnHm-
X2n+2−m set amounts to 32, which together with the three group
rate coefficients totals 35. (See Table S2† for a comprehensive
list of these factors). It is noted that some of these F-factors are
treated as the same value in this implementation, and so,
depending on the interpretation, the adjustable parameter
count could be as low as 28.

2.3. DeMore group-additivity SAR calculations

Despite its apparent good performance,34 automated calcula-
tions for the group-additivity method of DeMore35 are to our
knowledge unavailable, and were performed manually in this
case, using the method described in the original paper. As
a consequence, our assessments of this SAR's performance were
restricted to comparisons with the experimental database, since
it was impractical for us to assess the performance of this
method in the larger estimation-space.

The method of DeMore can be considered to be similar to
Atkinson's approach, although it possesses some algorithmic
differences. It is based on the following equation:

log k = log k(CH4) + G1/G3 (7)

In this case, the G-factors perform an equivalent role to the
abovementioned F-factors. One of the key differences of this
method is its treatment of sites with more than two substitu-
ents, whereby it employs a “3rd-group multiplier”. This serves to
limit the electronic effect on heavily substituted reaction sites.
The strength of the G-factor is therefore to some extent con-
strained by the other substitutions on the site, and in this sense,
it can be considered to be broadly analogous to the perturbation
term (DIi) of the E-state method, albeit in a much-simplied
form. In total, there are 20 adjustable parameters that are
used for making predictions of the CnHmX2n+2−m set, although it
Environ. Sci.: Atmos., 2024, 4, 18–34 | 21
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Fig. 1 All possible isomers for the CnHmX2n+2−m set (blue) plotted as
a function of carbon number. For comparison purposes, the number
of isomers with experimental measurements (red) are also presented.

Environmental Science: Atmospheres Paper

O
pe

n 
A

cc
es

s 
A

rt
ic

le
. P

ub
lis

he
d 

on
 0

1 
D

ec
em

be
r 

20
23

. D
ow

nl
oa

de
d 

on
 2

/1
1/

20
26

 2
:0

8:
11

 A
M

. 
 T

hi
s 

ar
tic

le
 is

 li
ce

ns
ed

 u
nd

er
 a

 C
re

at
iv

e 
C

om
m

on
s 

A
ttr

ib
ut

io
n-

N
on

C
om

m
er

ci
al

 3
.0

 U
np

or
te

d 
L

ic
en

ce
.

View Article Online
is noted that in its current version the coverage of the DeMore
method is incomplete. In order to extend it towards iodinated
species, and structures with C>1 non-halogenated side-chain
lengths, this number would likely approach that of the Atkin-
son method.

2.4. Ionization potential correlation calculations

The LFER between IP and k298 to predict oxidation rate coeffi-
cients has been demonstrated previously for various systems
including OH + alkanes36 and OH + hydrouorocarbons,28 and
here, we extend the correlation to all members of the CnHm-
X2n+2−m set. Although IP as a quantity can be obtained accu-
rately through measurements, these are not available in many
cases. Therefore, in order to automatically generate IP esti-
mates, these must be calculated based on chemical structural
input. Furthermore, this process must be rapid enough that
they can be performed for long lists of molecules within
a practical timeframe. For this purpose, the PM6 method29 that
is available in MOPAC2016 (ref. 30) was used. To verify the
accuracy of the PM6 calculations, they were compared with
literature values (where these were available) from the NIST
Webbook.37

In order to batch calculate IPs, it was necessary to convert
SMILES notation into MOPAC2016 input les (.mop). Here,
Open Babel32 was used in the command line to generate
a sequence of input les, which were subsequently passed to
MOPAC2016 (ref. 30) using an appropriate batch le. Once
these calculations were performed, output les were parsed
using a Python script, to obtain IP values which were then
corrected to account for differences between experimental and
calculated values.

Ionization potential is a molecular property, rather than one
that pertains to any specic reaction site. As such, whereas
a rate coefficient will increase additively as the number of
abstractable hydrogen atoms increases, its correlate, IP will only
be affected by the single-most loosely bound electron within
a molecule. This becomes most apparent in members of
homologous series with large hydrogen counts, whose rate
coefficients are high, yet whose IPs remain largely unchanged
compared with the smaller homologues. To account for this, the
correlation is rst performed on the rate coefficients that have
been normalized to the number of hydrogen atoms:

k/nH = 10(−0.70 × IP + 5.62) (8)

and these values are then multiplied by nH to provide an
approximation of the total rate coefficient. In contrast to the
other techniques of this study, it is shown from eqn (8), that this
22 | Environ. Sci.: Atmos., 2024, 4, 18–34
LFER method applies the fewest tting parameters (only two
from the equation of the straight line) for estimation purposes.

2.5. Generation of enumerated lists of the CnHmX2n+2−m set

To generate complete lists of the CnHmX2n+2−m set between
carbon numbers 1–4, the MOLGEN 5.04 soware package was
used.38 These lists can be generated for each carbon number by
inputting “fuzzy” molecular formulas into the MOLGEN so-
ware in the command line (MS-DOS prompt) using the
following commands (interested readers are directed to the
MOLGEN 5.04 instruction manual for further information):
MOLGEN was used to enumerate the CnHmX2n+2−m set up to
8 carbon atoms, and we compare the number of possible
isomers with that of experimental determinations in Fig. 1.
Because of the rapid growth of this set with carbon number, we
restricted our analysis up to a carbon number of 4, which
already generates 150 665 structures and was considered
adequate for our study. Many members of the CnHmX2n+2−m set
possess chiral centres and their associated optical isomers.
These were not included in the isomer count, since enantiomers
will yield identical estimates and are expected to react in an
identical way in the hydrogen abstraction reaction.

Because this method requires proprietary soware that may
not be readily available to the readership, as an alternative, this
© 2024 The Author(s). Published by the Royal Society of Chemistry

http://creativecommons.org/licenses/by-nc/3.0/
http://creativecommons.org/licenses/by-nc/3.0/
https://doi.org/10.1039/d3ea00147d


Fig. 2 Markush structures for the CnHmX2n+2−m set containing at least one hydrogen atom, where L represents H, F, Cl, Br or I. The position of
these hydrogen atoms can vary (in molecules of C$3), as can the structure of the carbon chain (in molecules of C$4). As a consequence, the
number of Markush structures increases with carbon number according to the well-studied sequence: number of rooted ternary trees with n
nodes; number of n-carbon alkyl radicals C(n)H(2n + 1) ignoring stereoisomers.39
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set of compounds can be visualized as a series of Markush
structures (see Fig. 2).

Such structures, if produced in freeware such as Marvin-
Sketch can be rendered as MDL extended molles (v3000),
which encode sufficient information that can, in principle, be
enumerated in much the same way using other soware pack-
ages. However, we have yet to locate a freely available and
convenient approach for doing this at the time of writing.

The structures in the CnHmX2n+2−m set can be subdivided
into 7 categories: alkanes (CnH2n+2), uoroalkanes (CnHm-
F2n+2−m), chloroalkanes (CnHmCl2n+2−m), bromoalkanes (CnHm-
Br2n+2−m), iodoalkanes (CnHmI2n+2−m),
hydrouorochlorocarbons (HCFCs) (CnClpFqH2n+2−p−q) and
halons (CnXpYqH2n+2−p−q), where n and m are dened as above,
p and q s 0, and where X and Y represent any combination of
halogens in which at least one possesses a quantum number
above that of chlorine. Inspection of these categories shows that
at each carbon number, the halons are the most numerous
group of compounds (see Fig. 3). The contribution of other
groups drops off sharply with increasing carbon number, and
by a carbon number of 4, the contribution of all other groups
towards the total number of isomers is reduced to a negligible
fraction. Therefore, as carbon number increases, the compari-
sons of estimates in the CnHmX2n+2−m set (see Fig. 3), can be
viewed increasingly as a comparison of OH + halon estimates.
3. Results and discussion
3.1. Comparisons with experimental data

Because of the greater number of experimental determinations
available at room temperature, rst we compare the various
estimation techniques with k298 as provided by a subset of the
reviewed database of McGillen et al.17 (see Table S1†). It should
be noted that whereas the E-state and IP approaches have been
optimized on a recently compiled dataset,17 the Atkinson and
DeMore methods have been optimized on different datasets.
© 2024 The Author(s). Published by the Royal Society of Chemistry
The reasons for this are partly practical, in the Atkinson
approach, for example, we did not consider it to be within our
current scope and time resources to update this approach in its
entirety and produce a new implementation beyond that
already provided by AOPWIN. Other reasons were more
conceptual, for example, to extend DeMore's approach towards
a greater variety of species would require us to make some
executive decisions on how this technique should be extended.
We refrained from doing this, in the spirit of comparing our
approach to parameterization with those of other studies.

3.1.1. E-state SAR. The new E-state method was found to
perform comparatively well for the majority of compounds
contained within the experimental training set. A plot of E-state-
based estimations against experimental values is shown in
Fig. 4. The best performance was found for the alkanes,
although most compound types contained within the CnHm-
X2n+2−m set were handled well by this algorithm. This is with the
apparent exception of certain iodine-containing compounds
and some of the very low-reactivity hydrouorocarbons. For this
reason, two iodine containing compounds were excluded
during the SAR optimization: iodoform and 1,1,1,2,2,3,3,4,4-
nonauoro-6-iodohexane. The standard error, s, was calculated
to be 0.0256.

3.1.2. Atkinson group-additivity SAR. The comparison
between the Atkinson group-additivity estimates and the
experimental data is shown in Fig. 5. Estimates represent the
unmodied output of AOPWIN, which is itself based mostly on
Kwok and Atkinson (1995).9 In this case, the best performance
was observed for the alkanes. By contrast, the uoroalkanes
exhibit the most scatter. As with the E-state method, two of the
iodoalkanes (diiodomethane and iodoform) were found to be
signicantly underpredicted, which is intriguing, given the
dissimilarity of these methodologies. A standard error of 0.0301
was calculated for Atkinson group-additivity predictions.

3.1.3. DeMore group-additivity SAR. Rate coefficient esti-
mates using DeMore's group-additivity method were calculated
Environ. Sci.: Atmos., 2024, 4, 18–34 | 23
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Fig. 3 The categories of compounds contained within the CnHm-
X2n+2−m set separated by carbon number. Halons represent the most
numerous fraction at all carbon numbers, and the dominance of this
category increases strongly as a function of carbon number.
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based on DeMore (1996).35 This method specializes in halocar-
bons, as a consequence, the DeMore approach in its current
form cannot be applied to the entire CnHmX2n+2−m set. Never-
theless, the performance of this method is good, especially with
respect to the uoroalkanes (see Fig. 6). This can in part be
attributed to the non-additive effects of substituents built into
this SAR algorithm, in particular regarding the geminal
substitution of F atoms, which are substantially less effective
than two individual F substituents at reducing the rate coeffi-
cient, together with the 3rd-group multiplier as mentioned
above. A standard error of 0.0298 was calculated for DeMore
group-additivity predictions on the limited dataset to which it
applies.

3.1.4. Ionization potential LFER. Unlike the SAR methods
considered in this study, this LFER utilizes IP, a molecular
property that provides an estimate of the total reactivity of
a molecule. Therefore, no site-specic information is obtained
from this estimation technique. Although IP is a physical
property that can be measured, there are many members of the
CnHmX2n+2−m set that have no associated measurements. As
a result, it is desirable to calculate IP rather than depend upon
available experimental determinations. To test that the PM6
approach was sufficiently reliable at calculating IP, output was
compared with available experimental values (see Fig. 7). In this
instance strong relationships were obtained for alkanes and
haloalkanes, which could be tted using quadratic polynomial
functions. These functions were employed to correct PM6
calculations, which were used together with eqn (8) to predict
24 | Environ. Sci.: Atmos., 2024, 4, 18–34
rate coefficients (see Fig. 8). A standard error of 0.0439 was
calculated for the IP predictions.

3.1.5. General comparisons with experimental data at 298
K. By making comparisons of estimates using different tech-
niques, it becomes possible to observe systematic similarities
and differences between methods. In reference to the Atkinson
and the DeMore techniques, there are some algorithmic varia-
tions between these methods, as well as some differences in the
training sets and domains of applicability. However, there is
also a large degree of mathematical equivalency between the
tting factors of these two SARs. Larger differences are expected
for comparisons with the E-state and IP methods, which employ
different structural and chemical information, and which
operate under very different principles.

One interesting outcome from this comparison is the
recurrence of outliers between these seemingly disparate tech-
niques. For example, the suspiciously photolabile diiodo-
methane and iodoform are both signicantly underestimated
by all applicable techniques: E-state, Atkinson and IP. Penta-
chloroethane is underestimated by all four techniques. On the
other hand, 1,1-dichloro-1,3,3,3-tetrauoropropane is over-
estimated by all four methods to a greater or lesser extent. Given
that no experimental dataset is perfect, we can hypothesize that
some of these errors in the estimation space result from
systematic errors in the measurement dataset. There are many
more comparisons that can be made in this respect, but an in-
depth analysis of this phenomenon is beyond the scope of the
current work, which would merit a dedicated publication in
order to reach any rm conclusions.

The number of tting parameters required by each estima-
tion technique is another consideration, since it is possible that
in cases where rare or unusual substitution patterns are
encountered, overtting becomes important. In such
a scenario, experimental data may be reproduced precisely by
poorly constrained tting factors that compensate for any
systematic biases within a given technique. As mentioned
above, the purely empirical approaches (Atkinson and DeMore)
possess the largest number of tting factors (28–35 and 20
respectively). By comparison, the more fundamental
approaches of E-state and IP require fewer tting factors (9 and
2 respectively). It is therefore possible that some of the appar-
ently good performance of the Atkinson and DeMore methods
can be attributed to the phenomenon of overtting. Again,
a thorough and systematic investigation of this is outside of our
intended scope and would warrant a follow-up study. Notwith-
standing, the comparatively good performance of the E-state
technique with relatively few tting parameters is a promising
outcome, and indicates that it may be relatively reliable outside
its immediate training set. The IP method also exhibits
a reasonable degree of robustness, with even fewer tting
parameters, albeit with signicantly more scatter than the E-
state technique.
3.2. Comparisons of site-specicity

Although the total rate coefficient is essential for dening the
atmospheric lifetime of a molecule with respect to an oxidation
© 2024 The Author(s). Published by the Royal Society of Chemistry
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Fig. 4 Comparison of k298 estimated using the E-state technique with
experimental values. The bold red line represents the 1 : 1 line, i.e.
perfect agreement between observation and estimate, and the lines
either side represent a factor of two difference.

Fig. 5 Comparison of k298 estimated using the Atkinson group-
additivity technique with experimental values.

Fig. 6 Comparison of k298 estimated using the DeMore group-addi-
tivity technique with experimental values. Please note that fluoroform
is denoted with an open symbol, which reflects the fact that it was
considered to be an exceptional case in the DeMore study.35 We
include it here for comparison purposes, since it was included in the
other SAR approaches of this study.

Fig. 7 Comparison of PM6 calculated ionization potential with
experimental values obtained (where available) from the NIST Standard
Reference Database.37
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process, for those compounds that contain different reaction
sites, site-specic rate coefficients are required in order to
assess product distributions. Unfortunately, experimental and
quantitative site-specic rate coefficients are very uncommon in
the kinetics literature,1 and in this case the only comparisons
that we can make are between the site-specic estimates of the
SARs themselves (see Fig. 9 and 10).

The site-specic estimates of the Atkinson group-additivity
approach were found to be in reasonable agreement with the
© 2024 The Author(s). Published by the Royal Society of Chemistry
output from the E-state method, where they follow the same
general trend as the total rate coefficient. There is more scatter
in the individual estimates which appears to be connected with
degeneracy in the site-specic estimates, and is a consequence
of the algorithm that is used. For example, in the normal
alkanes containing only C and H, the possible number of
unique estimates for primary, secondary and tertiary sites is 2, 3
Environ. Sci.: Atmos., 2024, 4, 18–34 | 25
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Fig. 8 Comparison of k298 estimated using the correlation of IP with
experimental values (see Fig. 7). Fig. 9 Estimates of k298 and site-specific ki from the E-state technique

compared with those of the Atkinson group-additivity approach. In
general, better agreement is observed as the total rate coefficient
increases, and poorer agreement is observed for site-specific esti-
mates compared with total rate coefficient, which is demonstrated by
their respective standard errors (s) given in parentheses.
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and 4 respectively. In contrast, the E-state technique discrimi-
nates between these commonly encountered groups. These
different treatments lead to the vertical striping (i.e. degeneracy)
in Fig. 9.

The agreement between the E-state and DeMore group-
additivity methods is similar to that observed above for the
Atkinson approach (see Fig. 10). The main difference is that the
numerous and well-predicted larger alkanes are not included in
DeMore's approach, which is likely to be responsible for the
larger standard errors in the correlation.

Granted the dissimilarity between the algorithms and
training sets, the general agreement between all three
approaches is encouraging. It appears to conrm (as might be
hoped) that even though the F-factors of Atkinson and the G-
factors of DeMore are purely tting factors obtained from linear
regressions, that by optimizing their values to a sufficiently
large and accurate dataset, these factors contain some funda-
mental information about the effect of substitution upon
reactivity.
Fig. 10 Estimates of k298 and site-specific ki from the E-state tech-
nique compared with those of the DeMore group-additivity approach.
As with the Atkinson approach, general better agreement is observed
for total estimated rate coefficients compared with site-specific ones,
as indicated by their respective standard errors (s) in parentheses.
3.3. Comparisons of temperature dependence

Many temperature-dependent measurements are available for
the reactions of OH + CnHmX2n+2−m, and extend from low (<200
K) to high (>1500 K) temperatures.17 The methodology and
performance of the E-state method over this T range is assessed
in this section, together with those of Atkinson and DeMore.

3.3.1. E-state. For the purposes of temperature-dependent
predictions using E-state, an empirical approach was taken.
We began by parameterizing the activation energy (Ea), based
upon the correlation between k298/nH and Ea/R described in
DeMore (2005).40 It is noted that in DeMore's study, the corre-
lation was applied only to those compounds that possess
a single type of hydrogen atom. In our own case, because we
have the facility to make site-specic estimates of k298 using eqn
26 | Environ. Sci.: Atmos., 2024, 4, 18–34
(3), we can extend this correlation to produce site-specic esti-
mates of Ea/R for all molecules, leading to the modied eqn (9):

Ea/R = m(aiSi
2 + biSi − ci) + d (9)
© 2024 The Author(s). Published by the Royal Society of Chemistry
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Table 2 Fitting parameters for making site-specific temperature-
dependent estimates of rate coefficients using the E-state method

Polynomial tting parameters

Hydrogen count a b c

3 (primary) 0.499883684 3.4716 × 10−8 15.02936825
2 (secondary) 0.071820619 0.732006578 13.37605256
1 (tertiary) 0.044353068 0.685568344 12.48928548

Temperature-dependent tting parameters

m d f g
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where m and d represent the gradient and intercept respectively
of the equation of the straight line, and the other terms are the
same as those described in eqn (3). Prior to our own optimiza-
tion, the optimized values of DeMore (2005) were used as initial
guesses (m = −509.05 and d = −5771.2).

With estimates of both k298 and Ea/R, it is possible to esti-
mate the A-factor (A) by rearranging the Arrhenius equation as
follows:

A ¼ k298exp

�
Ea

298� R

�
(10)

Over a sufficiently large temperature range, abstraction
reactions exhibit curvature in their Arrhenius diagrams.17,41 This
can be represented in various ways, but for simplicity, we opt for
the following extended Arrhenius (i.e. Kooij) equation:

kðTÞ ¼ A exp

�
� Ea=R

T

��
T

298

�n

(11)

where the (T/298)n term is introduced to account for this
curvature. In order to estimate the value of n, we can exploit the
relationship suggested by Burgess and Manion (2021),42 who
identied a relationship between Ea and n in the uoromethane
series as shown in eqn (12).

n = f + Ea/g (12)

where f and g are tting parameters, and prior to optimization,
the values suggested by Burgess and Manion (2021) were used
as initial guesses (f = 1.39 and g = 56).

Similar to the estimation of room temperature rate coeffi-
cients, in order to obtain estimates of k(T), the values of ai, bi, ci,
m, d, f and g were optimized to minimize the difference between
measurements and predictions using a non-linear generalized
reduced gradient solver, the values of which are provided in
Table 2. In this instance, estimates and experiments were bin-
ned into 23 temperature intervals between 185 and 1507 K. The
results of this comparison are shown in Fig. 11, where it is
found that estimates tend to agree better with measurements as
temperature increases. There are several potential reasons for
this, which could be experimental or physico-chemical in
nature:

(1) From the experimental perspective, given that hydrogen
abstraction reactions between OH and the CnHmX2n+2−m set
exhibit an almost entirely positive temperature dependence,
this leads to faster experimental reaction rates at higher
temperatures, which tend to be easier to measure. For example,
as the rate coefficient becomes smaller, higher reactant
concentrations become necessary in the absolute techniques,
leading to increasing quenching and decreasing signal to noise
ratios in uorescence-based apparatuses.43 It is also possible
that any reactive impurities present35 will possess comparatively
low Ea/R, which will become proportionately more important as
temperature is decreased. Furthermore, for those compounds
that possess lower saturation vapour pressures, a combination
of low reactor temperature and high concentration could lead to
© 2024 The Author(s). Published by the Royal Society of Chemistry
wall effects that impact the measured rate coefficient at these
low temperatures.

(2) For each molecule – and to varying degrees – quantum
tunnelling effects on hydrogen abstraction rate coefficients
become more signicant at lower temperatures.44 This presents
an additional condition of the mechanism that the SAR
parameterization must satisfy in order to successfully repro-
duce the experimental observation. The magnitude of the
tunnelling transmission coefficients varies by treatment,
however, parameterizations of the commonly used Eckart
method45 have taken a functional form that may be more
complex than our current parameterization can accommodate,
e.g. eqn (5), Paraskevas et al. (2015).46

3.3.2. Atkinson group-additivity. For the temperature-
dependent predictions of the group-additivity method, the
output from the AOPWIN/EPI Suite soware was collected.
Because this soware only outputs estimates at room temper-
ature, we applied the temperature-dependent treatment of
Kwok and Atkinson to this output, which imparts temperature
dependence to the group rate coefficients as well as the F-
factors. The results of this approach are shown in Fig. 12.

As with the comparison with the E-state prediction method,
better predictions are obtained for more reactive compounds
and, in general, predictions become more accurate at higher
temperatures. As we mentioned above, there are several
potential reasons for this and the same arguments apply in this
case. Nevertheless, the overall performance of the group-
additivity method is inferior to that of the E-state approach.
This is most notable in the underprediction of less reactive
compounds in the dataset.

3.3.3. DeMore group-additivity. Temperature-dependent
predictions of the DeMore group-additivity method were ob-
tained using the methodology described in DeMore (1996),35

which rst estimates A-factor from nH. This quantity, together
with estimated k298, allows the activation energy to be deduced.
From this, k(T) is estimated based on the Arrhenius equation
and is compared with experimental measurements (see Fig. 13).

For the most part, excellent agreement between estimates
and experiments is observed, although for compounds whose
temperature-dependence has been studied at higher tempera-
tures, the estimates become signicantly worse as temperature
−199.2590651 −2242.434844 0.797686801 2.911224679
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Fig. 11 Temperature-dependent predictions of k(T) based on the E-
state technique, eqn (11), plotted against all available temperature-
dependent measurements. With very few exceptions, it is noted that
predictions become more accurate as temperature increases.

Fig. 12 Temperature-dependent predictions of k(T) based on the
Atkinson group-additivity approach plotted against all available
temperature-dependent measurements. More scatter is observed
compared with the E-state predictions (see Fig. 11), especially
regarding the less reactive molecules in the dataset. However, similar
to Fig. 11, predictions are found to improve with increasing
temperature.

Fig. 13 Temperature-dependent predictions of k(T) based on the
DeMore group-additivity approach plotted against all available
temperature-dependent measurements. In its current form, this
method cannot be applied to all compounds, but applicable
compounds are predicted well at lower temperatures. As temperature
increases, predictions for some compounds become progressively
worse, which is a consequence of the Arrhenius-type parameteriza-
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increases. This is because the unmodied Arrhenius equation
forms the basis of this temperature-dependent estimate, which
maintains a purely exponential increase in rate coefficient with
temperature.

3.3.4. General comparisons with temperature-dependent
experimental data. Comparisons of all three temperature-
dependent estimation techniques demonstrate some inter-
esting parallels in some cases. For example, it is generally the
case that estimates become more accurate as temperature
increases, yet for each temperature-dependent method,
predictions for two of the chlorinated compounds (1,1-dichlo-
roethane and 1,1,2-trichloroethane) become progressively
worse. It is notable that both of those compounds are thermally
sensitive and are known to yield vinyl chloride and vinylidene
chloride respectively at high temperatures.47 This could have
potentially affected the results of the respective high-
temperature measurements,48,49 neither of these publications
appear to consider the possibility of dehydrochlorination reac-
tions yielding the corresponding alkenes. Some consistency
between outlying values in the temperature-dependent dataset
is observed compared with the k298 dataset, such as for
1,1,1,3,3,3-hexauoropropane and diiodomethane. Further-
more, each of the methods appears to struggle to reproduce the
temperature-dependence (and indeed the room temperature
rate coefficient) of uoroform, which may result from the
unusual behaviour of this compound, or which may indicate
measurement problems with this atmospherically important,
but experimentally challenging uorocarbon. In general, by
comparison with the k298 dataset, there is more variety in
outliers between methods in the temperature-dependent data-
set. Ethane, for example is well-predicted by both the E-state
28 | Environ. Sci.: Atmos., 2024, 4, 18–34
and Atkinson methods, but is poorly reproduced by the
DeMore method. The reason for this is in part due to the
different treatments of temperature-dependence between
tion employed.

© 2024 The Author(s). Published by the Royal Society of Chemistry
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Fig. 14 Comparisons of estimated k298 based on the E-state and Atkinson group-additivity approaches for the CnHmX2n+2−m set for values of n#

4. Individual compounds are shaded according to their electron count, from which it can be observed that compounds containing larger
numbers of higher quantum number halogens yield systematically lower estimates than the E-state technique.
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methods. Nevertheless, as was observed above in the k298 data,
the prospect that these comparisons may identify situations
where experimental problems were encountered is tantalizing
and should be investigated more fully, but in the present work,
it highlights a potential advantage of using multiple estimation
techniques.
3.4. Comparisons in the larger estimation-space

As noted above, the CnHmX2n+2−m set (see Fig. 1) is far larger
than the experimental database, which is comprised of 136
datapoints in the current study. As a result, only a limited subset
of values can be tested against experimental determinations.
However, a large number of comparisons can be made between
different estimation methods, where it is practical to generate
estimates in an automated way. Estimates using E-state are
Fig. 15 Comparisons of estimated k298 based on the E-state and ionizat
Better agreement between the ionization potential LFER and the E-state a
increasingly diffuse. Larger disagreements between estimates are exhi
potential estimates are systematically higher.

© 2024 The Author(s). Published by the Royal Society of Chemistry
compared with the Atkinson group-additivity approach (see
Fig. 14) and the IP LFER (see Fig. 15).

Regarding comparisons with the Atkinson group-additivity
approach, a broad agreement between the techniques is
observed, although the degeneracy of the Atkinson algorithm is
obvious from C2 and upwards, demonstrated by the prominent
vertical stripes in Fig. 14. By colouring species according to their
electron count, it becomes apparent that the Atkinson approach
produces comparatively high estimates for species with fewer
electrons, and lower estimates for those with more. Conversely,
for comparisons with the IP technique, no obvious signs of
degeneracy are observed in the E-state algorithm or the PM6
calculations (see Fig. 15). However, the agreement between
these approaches is generally poorer above C3, becoming
somewhat diffuse and appearing to worsen as carbon number is
increased. Applying the same colouration as before, it is shown
ion potential approaches for the CnHmX2n+2−m set for values of n # 4.
pproach is observed for n# 2, beyondwhich this relationship becomes
bited by compounds with a larger electron count, where ionization
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Fig. 16 The percentage of unique predictions for the algorithmic
methods in the larger estimation-space plotted as a function of carbon
number.
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that the largest disagreements are observed in the compounds
with higher electron counts.

A graphical representation of the degeneracy of the algo-
rithmic methods of this study is provided in Fig. 16. As ex-
pected, the fraction of numerically unique estimates decreases
with carbon number (and therefore with the number of
isomers). From Fig. 16, it is apparent that this decrease is far
more pronounced in the case of the Atkinson group-additivity
approach compared with the E-state method.

Comparisons in the larger estimation space such as those
shown in Fig. 14 and 15 are essentially “model-vs-model”, with
Fig. 17 Box-and-whisker diagrams showing the degree of consensus
between estimation methods. Here, standard deviations are per-
formed on log-transformed estimates of the OH rate coefficient for
each molecule using three techniques: E-state, Atkinson group-
additivity and ionization potential correlation.

30 | Environ. Sci.: Atmos., 2024, 4, 18–34
no direct way of assessing individual estimation accuracy
(besides extrapolating their respective performances on the
experimental dataset). Nevertheless, we can at least determine
some measure of the degree of consensus between techniques
within the estimation-space as a whole using descriptive
statistics, which provides an indication of the types of mole-
cules for which we can expect the largest degree of uncertainty.
For this purpose, standard deviations between estimates were
calculated on log-transformed values from the E-state, Atkinson
group-additivity and ionization potential approaches for each
member of the CnHmX2n+2−m set for n # 4 (see Fig. 17).

From Fig. 17 it is observed that medians and interquartile
ranges remain largely unchanged between C2 and C4. It is
further noted that whereas standard deviation can never drop
below zero, the maximum standard deviation is statistically
more likely to increase with sample size, which imparts an
asymmetrical appearance in the whiskers of this box-and-
whisker plot. In order to probe the types of compounds that
are likely to produce the largest discrepancies, correlations can
be made between standard deviation and some other molecular
property. Similar to our treatment in Fig. 14 and 15, we can
colour individual estimates according to their electron count,
from which we note systematically larger discrepancies in
species containing more electrons (i.e. those species with larger
numbers of higher quantum number halogen substitutions).
There are several potential reasons for this. Firstly, there may be
a systematic challenge in calculating IP for these computa-
tionally difficult species, even for the diverse parametric
method, PM6. Secondly, there are far more kOH measurements
for species substituted with F and Cl than there are for Br and I,
which may suggest that the training set for the purely empirical
Atkinson approach is at present inadequate. Thirdly, although
care has been taken to select only high-quality, reviewed kinetic
data,17 it is certainly possible, given the difficulties associated
with kinetic measurements of photolabile iodinated species,
that some of the training data is imperfect. This could
Fig. 18 Correlations between the electrotopological state (Si) and the
bond-dissociation energy (BDE) for substituted methanes. Left panel:
correlation with experimental BDEs.51 Right panel: correlation with
BDEs computed from amachine-learning technique.52 Four clusters of
points can be observed. This relates to F-atom counts of 0–3 in the
CnHmX2n+2−m set where n = 1.

© 2024 The Author(s). Published by the Royal Society of Chemistry
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potentially lead to increasing divergence in estimation tech-
niques under more extreme conditions (e.g. large numbers of
iodine substitutions). Whichever of these interpretations is
correct, it is clear that improving the quality and number of
experimental observations of this type of compound would be
a useful target in order to further improve general SAR perfor-
mance for the CnHmX2n+2−m set and help to resolve some of
these discrepancies.
3.5. The relationship between the electrotopological state
and bond-dissociation energy

In Section 3, we have demonstrated the robust and apparently
reliable performance of the E-state method towards OH rate
coefficient estimation for alkanes and haloalkanes. However,
we nd it instructive to consider why this simple correlation
Fig. 19 A correlationmatrix of bond-dissociation energies estimated from
respectively, together with experimental BDE and kOH data. The correl
corner of each panel.

© 2024 The Author(s). Published by the Royal Society of Chemistry
works in the rst place. In this proof-of-principle study, we
selected a family of compounds, the CnHmX2n+2−m set, whose
OH rate coefficients are expected to decrease as electrons are
withdrawn from C–H bonds in these systems. These C–H bonds
are shorter and stronger than their more electron-supplied
counterparts. We therefore anticipated – given its skill in
describing OH rate coefficients – that the E-state, Si, will
correlate with bond-dissociation energies (BDEs) of the CnHm-
X2n+2−m set in accordance with the Evans–Polanyi principle.50 In
fact, when Si is correlated with experimental BDEs, BDE(ex-
perimental), where n = 1,51 the results were initially under-
whelming (see le panel, Fig. 18). However, when this
correlation is applied to a purportedly chemically accurate
machine-learning approach,52 BDE(ML), and is extended to
a fully enumerated set for n = 1, we observe a clustered
E-state andmachine-learning approaches, BDE(E-state) and BDE(ML)
ation coefficient for each relationship is provided in the bottom right
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appearance to this correlation which we found to correspond to
the F atom count.

Accordingly, a simple correction to Si was applied in order to
yield BDE(E-state):

BDE(E-state) = (Si + nF × w)m + c (13)

where Si is the electrotopological state of the C–H bond in
question, nF is the number of uorine atoms in the compound
in question, w is a weighting factor (optimized to 2.07), and m
and c are the slope (3.40) and intercept (93.27) of the straight
line, respectively. From Fig. 19, it is shown that eqn (13)
provides a close approximation to both BDE(experimental) and
BDE(ML). It is also shown that when the logarithm of the OH
rate coefficient is correlated with the BDE, that the relationship
becomes negative, which would be expected: as the energy
required to break the C–H bond increases, the rate coefficient
ought to decrease. However, it is also noted that this rela-
tionship is scattered, which appears to relate to the degree of
uorination (i.e. the correction of Si for F atoms is required in
the BDE correlation, but is counterproductive in the kOH
correlation). Two of the largest discrepancies in both the
BDE(E-state) and BDE(ML) relationships come from diiodo-
methane and iodoform, which was foreshadowed by the SAR
relationships in Fig. 4, 5 and 8, and therefore casts additional
doubt on these experimental determinations for kOH (or may
otherwise indicate a different mechanism operating in these
particular reactions).

One notable nding from the relationship with BDE is that
the E-state appears to contain a similar amount of information
compared with the far more complicated machine-learning
approach,52 which requires an extensive collection of quantum
chemical data (R2 = 0.87). In fact, it is not known at the present
time which of the two is more accurate, since relationships with
experimental data are comparable (R2 = 0.73 and 0.74 respec-
tively), and since the experiments themselves are not without
uncertainties. Furthermore, similar to the problems outlined
above, for systems containing higher electron counts, it is
possible that the performance of a machine-learning technique
that depends on quantum chemical data will become less
accurate for larger molecules. We anticipate that further work
will be necessary in order to make rm conclusions on these
points, and also to determine whether BDEs modied for
uorination may provide a viable estimation tool for kOH in
hydrogen abstraction reactions.
4. Conclusions

We present a new chemical graph theoretical approach to rate
coefficient estimation based on an electrotopological index.
Although the potential use of topological indices for oxidation
rate coefficient estimation has been explored previously,36,53–56

to the best of our knowledge, this is the rst successful appli-
cation of the electrotopological state towards estimating
temperature-dependent, site-specic oxidation rate coefficients.
In its application to the CnHmX2n+2−m set, this novel technique is
found to represent an improvement over existing SAR
32 | Environ. Sci.: Atmos., 2024, 4, 18–34
algorithms and LFERs, such as the popular Atkinson group-
additivity and ionization potential methods.

One of the main advantages of SAR approaches is their
ability to provide rapid estimates for large lists of compounds.
With this in mind, we provide an opensource Python-based
programme that enables rapid and automated rate coefficient
calculations. We use this soware to study the estimation-space
of the fully enumerated CnHmX2n+2−m set up to n = 4. From this,
we observe the level of consensus between several techniques
and the extent of the degeneracy of the SAR approaches.

Perhaps most interestingly, there are some compelling
similarities in output from these different techniques, with
estimates of site-specicity and temperature dependence
showing excellent consistency for the most part. In the latter
case, unusual temperature dependences are highlighted for
several chemicals that may indicate experimental difficulties,
suggesting that new experiments are warranted.

As a family of compounds, the CnHmX2n+2−m set is of great
importance to atmospheric chemistry, especially regarding
their role in climate warming and ozone depletion, both of
which are highly dependent upon hydrogen abstraction reac-
tion rate coefficients. This study is therefore able to provide
fresh insights into the reactivity of themanymembers of this set
that have yet to be experimented upon, which may nd utility
among atmospheric chemical modellers.

Beyond its initial application towards estimating the kinetics
of OH abstraction reactions, E-state demonstrates considerable
skill in estimating bond-dissociation energies for the CnHm-
X2n+2−m set, and compares well with experimental data51 and
cutting-edge machine-learning methods.52

The electrotopological state represents an information-rich
independent variable for describing chemical reactivity. It
provides site-specic information on the reactivity of each atom of
amolecule and accounts for the electronic interactions of all atoms
present in that molecule. This is achieved using an efficient algo-
rithm that requires considerably fewer tting parameters than
existing methods, and with more accuracy than the ionization
potential linear free-energy relationship. We have presented its
rst application to the alkanes and haloalkanes, whose reaction
kinetics are simple compared with other volatile species found in
the atmosphere. Many of the oxygenated species, for example, will
engage in hydrogen-bonded complexation and other mechanistic
complications. Notwithstanding, the fundamental nature of the E-
state and the level of information that it carries is expected to
provide a useful basis for estimating rate coefficients for such
species in the future.
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