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ic toxicity of anionic hydrocarbon
and perfluorinated surfactants using membrane-
water partition coefficients from coarse-grained
simulations†
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Anionic surfactants are widely used in commercial and industrial applications. For assessment of their

environmental fate and effects, it is highly desirable to quantify the membrane-water partition/

distribution coefficient (Kmw/Dmw). Here, we further develop a computational route to Dmw for anionic

surfactants based on coarse-grained molecular dynamics simulations, validating it against new and

existing experimental measurements. Having parameterised molecular fragments for the coarse-grained

models, the simulations are used to predict Dmw for molecules where no experimental values are

available. This expanded set of simulated Dmw values is then used to derive QSARs for acute toxicity of

mono-constituent anionic surfactants in daphnids and fish, allowing for extrapolation to similar

compounds without experimental Dmw values. For this study, we have selected hydrocarbon-based (HC)

surfactants because of their widespread use, and perfluorinated (FC) surfactants as a challenging case

study. Separate daphnid and fish QSARs demonstrate good fits, robustness and predictivity, and highlight

differing toxicity relationships for HC and FC surfactants in daphnids. Overall, the combined use of

simulated Dmw and derived QSARs is a promising approach for ecotoxicity screening of surfactants.
Environmental signicance

Regulation and screening of chemicals for environmental risk assessment oen rely on the octanol–water partitioning coefficient (Kow). However, for ionogenic
and charged molecules, Kow is hard to measure or predict and has limited biological relevance. The membrane-water partitioning/distribution coefficient (Kmw/
Dmw) is acknowledged as a more appropriate descriptor of bioaccumulation and toxicity, especially for surfactants. Here, we address the need to reliably predict
Dmw by developing, validating and applying coarse-grainedmethods for molecular dynamics simulations. The results are used to build QSARmodels to facilitate
ecotoxicity screening. We focus on families of anionic surfactants with hydrocarbon and peruorocarbon backbones. Due to their environmental persistence
and unique physicochemical properties, the latter group is both important and challenging.
1. Introduction

Over the last decade, the chemical safety regulatory landscape
has seen an accelerating shi away from a historic framework,
based largely on the generation of in vivo data to ll hazard
endpoints, towards a new position which supports greatly
reducing or completely eliminating the use of animal testing. In
the European Union, REACH Regulation1 states that testing on
ience (SERS), Unilever, Colworth Park,

oberts@unilever.com
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ity, South Road, Durham DH1 3LE, UK.

tion (ESI) available. See DOI:

f Chemistry 2025
vertebrate animals can only be used as a last resort to full data
requirements for the registration of chemicals.2 In the United
States, the amended Toxic Substances Control Act (TSCA)
explicitly promotes the reduction and replacement of vertebrate
animals in the testing of chemicals and actively encourages the
development of alternative test methods.3

Withmore than 100 000 chemicals estimated to be in regular
industrial use across Europe and North America alone,4 many of
which have insufficient hazard data for regulatory submission,
the development and acceptance of computational (in silico)
approaches provide opportunities to address endpoint data
requirements either directly or as part of a weight-of-evidence
approach. Historically, in silico approaches established in
regulations to determine aquatic toxicity endpoints have been
focussed on the application of structure-based predictions
using quantitative structure–activity relationship (QSAR)
models coupled with well-established Modes or Mechanisms of
Environ. Sci.: Processes Impacts, 2025, 27, 1131–1144 | 1131
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Action (MoA/MechoA) such as that described by non-specic
toxicity (narcosis).5–7 The majority of such published QSARs
derived for narcosis rely on the octanol–water partition coeffi-
cient (Kow) as a proxy for the lipophilicity/hydrophobicity of
chemicals.5,8–12 Since narcosis is driven by critical accumulation
in tissues and phospholipid membranes,13,14 resulting in
disturbance in their integrity and function, the toxicity of
chemicals demonstrating this MoA/MechoA is highly correlated
with lipophilicity. However, biological membranes are ordered,
anisotropic three-dimensional structures. Therefore, as octanol
is a homogenous isotropic medium, it cannot adequately
describe the membrane interactions of chemicals such as ion-
isable organic compounds and surfactants.15,16

Hydrocarbon (HC) based surfactants are widely used around
the globe in both industrial and consumer products.17 They are
amphiphilic structures containing both hydrophobic and
hydrophilic components17,18 and are commonly classied
according to the charge of their hydrophilic “head” as anionic,
non-ionic, cationic or zwitterionic. Anionic surfactants are by
far themost widely used class of surfactants17 with 45 individual
anionic surfactants (with hydrocarbon backbones) currently
registered under the European Union's REACH legislation in
volumes greater than 100 tonnes per year.19 In addition to the
hydrocarbon-based surfactants, surfactants with peruorinated
carbon (FC) chains, which belong to a large group of chemicals
known as poly- and peruoroalkyl substances (PFAS), are
currently used in a variety of specialist applications from elec-
tronics and textiles to re-ghting foams.20 Peruorinated
surfactants are widely reported as an environmental and health
problem, particularly due to their high environmental
persistence.20–25 Their surfactant structure with fully uorinated
carbon backbone gives them unique properties (e.g., high
stability), but also causes challenges when modelling the
physical–chemical properties and environmental fate/
partitioning parameters of PFAS.26,27 Deriving animal-based
toxicity endpoints for such an abundance of compounds
(currently estimated at more than 14 000,24,28 many being
surfactants20) is also not possible or ethical and emphasises the
need for their grouping.29 Peruorinated surfactants have
a high affinity for binding to proteins27,30 and membrane
phospholipids, making the membrane-water partitioning coef-
cient a highly relevant parameter for these compounds26,27,31,32

and a potential proxy for (eco)toxicity predictions. Hence,
considering their unique properties and methodological chal-
lenges, the FC group of surfactants provide an interesting case
study.

The amphiphilic nature of both hydro- and peruoro-carbon
surfactants makes it difficult to accurately determine Kow via
empirical methods due to these species' tendency to accumu-
late at the octanol–water interface.26,33 For ionised compounds,
Kow can lead to a signicant underestimation of lipophilicity
when used as a proxy for membrane partitioning, represented
by the membrane lipid–water partitioning coefficient, Kmw.16,34

The speciation-corrected membrane lipid–water distribution
coefficient (Dmw) provides a more biologically relevant and
methodologically defensible alternative to Kow. It has been
previously shown to perform as well as Kow for predicting the
1132 | Environ. Sci.: Processes Impacts, 2025, 27, 1131–1144
toxicity of neutral narcotics and is superior as a predictor of
toxicity for ionisable chemicals,15,26,35–37 which is inuenced by
the degree of ionisation at environmentally relevant pH.37–39

Hence, in these cases, Dmw is considered a more appropriate
descriptor than Kow

26,40 and is also methodologically more
robust to derive both experimentally and computationally.
Previously, QSARs based on Dmw as a single predictor have
shown a good correlation with baseline toxicity in different
aquatic species (e.g., algae, Vibrio scheri, daphnids and sh),
for both neutral and ionisable narcotics.15,37,41,42 Despite this,
QSARs based on Kmw/Dmw are much less prevalent in the liter-
ature and regulatory applications due to the limited availability
of experimental membrane liposome-water partitioning coeffi-
cients, and the need for method standardisation. However, in
recent years, there has been more effort to generate experi-
mental Kmw/Dmw values for different classes of
surfactants.19,26,43–45

Several in silicomethods are capable of calculating Kmw/Dmw.
While linear regressions based on log Kow,36 and poly-parameter
Linear Free Energy Relationships (ppLFERs)46 work well for
neutral organics, for ionisable chemicals commercial soware
such as COSMOtherm's COSMOmic module was shown to
perform better.34,46 Still, COSMOmic has limitations for some
chemical groups,47 including those containing short hydro-
carbon26 or peruorinated alkyl chains.26,27 Additionally, for
long or exible molecules, running the associated conformer
generation soware COSMOconf can be prohibitively slow,
limiting COSMOmic's utility as a screening tool.

Another computational approach for calculating Kmw/Dmw is
molecular dynamics (MD) simulation, where the chemical
species of interest, along with the lipid membrane and water,
are all represented with atomistic detail. In order to reduce the
computational expense of MD simulations, coarse-graining is
sometimes used, grouping sets of atoms into “beads” and
simulating the movement and interaction at this slightly
reduced resolution. This approach simplies the representa-
tion, allowing rapid simulation of large systems.48 In particular,
the Martini coarse-grained force eld is an appealing candidate
for the calculation of Dmw

49,50 because the interactions between
beads are derived from solvent partitioning data. Previous work
by Potter et al.47 integrated the newest version of the force eld,
Martini 3, with an automatic procedure47 for generating coarse-
grained representations of organic solutes.47 Using these tools,
Dmw was calculated for a series of charged and zwitterionic
molecules. That work exploited some, but not all the new
features of Martini 3, leaving room for further expansion of the
method to a wider chemical space. In the context of this work,
the new halogenated beads included in Martini 3 are particu-
larly relevant for PFAS. In addition, the recent increase in the
availability of Kmw/Dmw surfactant data19,26,43–45 provides a timely
opportunity to validate the rened Martini force eld for
membrane-water partitioning of a broader range of molecules.

The application of Kmw/Dmw measurements for surfactants
thus far has been almost entirely focused on its potential use as
a predictive proxy for assessing bioaccumulation in sh.19,44,51,52

To our knowledge, the approach has not yet been applied to
developing ecotoxicity QSARs for charged surfactants.
This journal is © The Royal Society of Chemistry 2025
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The present study, therefore, aims to: (1) develop a general
hydrocarbon-based anionic surfactant toxicity QSAR model for
sh species and QSAR models for hydro- and peruorocarbon
-based anionic surfactants for daphnids, using simulated Dmw;
(2) build on our previous work to further develop coarse-grained
MD simulations for anionic surfactants, increasing condence
in the approach as an efficient computational method for
deriving the Dmw for both hydro- and peruorocarbon-based
anionic surfactants.
2. Methods
2.1. Surfactant selection

The focus of this study is on anionic surfactants with$6 carbon
atoms in their hydrocarbon chains or $4 carbon atoms in
peruorinated chains. All the selected surfactants had pKa

values below 4.8. Apart from two carboxylic acid salts which are
>90% ionised, all remaining surfactants are expected to be fully
ionised in the environmentally relevant pH range of 6–9. A full
list of all chemicals, including the representative structures,
and relevant physical–chemical properties is given in Tables S1–
S3 of the ESI.† Both group (sub-class-based) and individual
compound abbreviations are used throughout, with naming
conventions explained in Tables S1 and S2.† In brief, the
majority of headgroups of hydrocarbon chain-based surfactants
belong to several larger sub-classes: alkyl sulfates (AS), alkyl
sulfonates, alkyl ether sulfates (AES), linear alkylbenzene
sulfonates (LAS), salts of carboxylic acids (soaps), fatty acid ester
sulfonates (FAES) and alkyl isethionates (AI). Most anionic
peruorocarbon-based surfactants belonged to peruoroalkyl
sulfonic acids (PFSA) and peruorocarboxylic acids (PFCA).
Other surfactant sub-classes are reported in Table S2 of the
ESI,† including some branched and cyclic backbone-containing
compounds.
2.2. Experimental methods

To address the experimental data gaps in the structural repre-
sentation of some anionic surfactant groups (mainly AES, AS
and AI molecules), we have experimentally determined new
empirical membrane lipid–water distribution coefficients (Dmw)
values. These values were subsequently used for further devel-
opment and validation of the coarse-grained simulation
method. Dmw values were measured by one of two methods:

(1) Liposome-water partitioning, based on the approach
described by Ebert et al.27 using the extrusion method of prep-
aration of large unilamellar liposome vesicles. Samples of the
commercial mixture at 200 mM and single-component refer-
ences at 50 mM and 100 mMwere dosed in triplicate into wells of
the rapid equilibrium dialysis (RED) plate containing phos-
phate buffered saline at natural pH 7.4. Incubation was carried
out for 48 h for the mixture and 24 and 48 h for the single
components at 37 °C. Triplicate data are reported for the C12
isethionate and duplicate for the C14 isethionates commercial
mixture and the C14 single component reference standards. For
the C12SO4 reference standard, triplicate data are reported for
50 mM and 100 mM aer 48 h incubation (n = 6) and 50 mM and
This journal is © The Royal Society of Chemistry 2025
100 mM aer 24 and 48 h incubation for the C12EO3S (n = 12),
respectively.

(2) Solid-supported lipid membranes (SSLM), using
a commercially available pre-dosed assay as described by Tim-
mer et al.43 Here, the analysis was carried out using acetate
buffer with pH 7.4, following the manufacturer's guidance. The
incubation time was optimised for each component and ranged
from 0.5 to 144 h.

All other experimental Dmw values were obtained from
existing literature (full list given in Table S11†). Full details of
the experimental methods and a list of all newly generated
values can be found in ESI Section 2.† In cases where multiple
values for the same surfactant were available, an arithmetic
mean was taken to give a single value.

The liposome Dmw values naturally emerge in units of L kg−1

(as do the simulation results). However, the protocol for SSLM
measurements returns a dimensionless Dmw. The differing
factor is the lipid density, which is close to 1 in units of kg L−1.
Therefore, in practice, the two conventions are interchangeable.
The equations associated with each of the methods are given in
the ESI 2.†
2.3. Coarse-grained simulation method

In coarse-grained simulations of partitioning into lipid
membranes, an all-atom representation of the whole system
(solute, lipids and water) is mapped into groups (“beads”) of
atoms. In the Martini framework,53 a typical bead represents up
to four heavy atoms and the hydrogens attached to it. This
reduction in resolution simplies the representation, allowing
rapid simulation of large systems, but opens questions of how
best to map the atomistic system and parametrise the interac-
tions between the resulting beads. Martini uses molecular-level
structural data to parametrise chemically bonded interactions
between beads, and bulk solvent–solvent partitioning data
(including Kow) for the non-bonded interactions.47,49,50,53–55 This
results in a set of bead types designated by codes such as P2,
where “P” indicates a polar group and 2 is a measure of
hydrophobicity on a scale from 1 to 6. Of particular relevance to
this work are the charged beads Q1 to Q5, where the number
indicates the hardness on the Hofmeister series for monovalent
ions. Modier tags, such as p/n for some hydrogen-bond donors
and acceptors are also available. Any bead can have an S (small)
or T (tiny) prex, if it represents three or two heavy atoms rather
than four.

The present work expands the automatic procedure from
Potter et al.,47 to exploit the new Martini 3 halogenated bead
types, re-optimise the bead assignment of some charged
groups, and modify the mapping algorithm to comply with the
Martini developers' latest guidance.54 In this section, we outline
these developments, which are implemented in the most recent
version of the cg_param script (available on GitHub at https://
github.com/cgkmw-durham/cg_param_m3/tree/martini3_v3).

The automatic script assigns neutral fragments using their
log Kow values, allowing a broad range of groups to be repre-
sented without arbitrary tting. However, charged “Q” groups
partition so strongly into water that they cannot be reliably
Environ. Sci.: Processes Impacts, 2025, 27, 1131–1144 | 1133
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assigned on Kow values. Instead, assignments can be chosen to
reproduce other properties, such as experimental Dmw values
for simple species containing the charged groups. These
assignments can then be transferred without further adjust-
ment to other molecules, where experimental Dmw values might
not be available.

In line with previous work, parameterisations for charged
groups have been hard-coded for carboxylate, sulfate and
sulfonate functional groups before applying the general graph-
based algorithm for mapping the rest of a given molecule. The
beads for these groups were SQ5n, Q2, and Q3 respectively. The
carboxylate SQ5n and sulfate Q2 assignments are the starting
points recommended by the Martini developers.47 The sulfonate
Q3 assignment has changed from the SQ4p recommendation in
a previous publication47 which contained only one example of
a sulfonate;47 the new assignment is derived from the larger
number of experimental logDmw sulfonate values made avail-
able by the present work, as detailed in Section S3.1 of the ESI.†

The new Martini 3 halogenated “X” beads have been added
to the cg_param algorithm. Any aliphatic group containing two
or more uorine atoms is now assigned to a bead selected from
the X category according to the Kow of the molecular fragment in
the same way that other bead types are chosen. For PFAS
molecules, where experimental log Dmw values are available, the
use of X beads improves the agreement between experiment and
simulation, providing some condence also for molecules
where experimental log Dmw is not known. We have not
extended the use of X beads to other halogens, aromatic groups,
or cases where a bead contains only one uorine, all of which
are outside the scope of this study.

To describe PFAS accurately, it is also necessary to recognise
the inuence of uorine atoms on adjacent charged groups,
even if they are not part of the same coarse-grained bead.
Martini normally adopts a building-block approach where all
fragments are parametrised independently. However, uorine
has such strong and complex electronic effects on adjacent
moieties51 that they cannot satisfactorily be neglected. We have
shied the assignment of charged beads for the sulfonate and
carboxylate groups from Q3 to Q1p, and SQ5n to SQ1p,
respectively, whenever these groups are directly bonded to
a bead containing at least two uorine atoms. Detailed infor-
mation on the parameterisation of PFAS is given in ESI Section
S3.2.†

Another functional group requiring attention is the ester
fragment in AI and FAES surfactants. In general, it is preferable
for esters to be kept intact in a single bead, rather than split over
adjacent beads. Furthermore, a dedicated study of esters (in
preparation) shows that the optimal bead assignment is slightly
different from that returned by routine matching to Kow. We
therefore protect the –COO– fragment from being split by
topological analysis in the spectral mapping algorithm and
assign it to an SP2 bead, wherever possible. However, there are
some cases where splitting the –COO– group is inevitable.
Details of how these cases are handled are given in ESI Section
S3.3.†

The present work tackles larger molecules than previously
applied to this algorithm. Long chains with highly branched
1134 | Environ. Sci.: Processes Impacts, 2025, 27, 1131–1144
heavy-atom sites, such as sulfur in sulfate, can lead to numer-
ical difficulties in the spectral mapping calculations56 as
implemented in our coarse-graining procedure.50 In brief, the
centrality scores of atoms in such molecules (which are used to
determine the order in which they are grouped into beads) may
span so many orders of magnitude that they cannot be accu-
rately calculated with normal machine precision. We have
introduced an adaptive weighting procedure to mitigate the
problem while retaining the inuence of mean mass and
bonding path length as in our original algorithm. This modi-
cation is described in more detail in ESI Section S3.4.† It can
alter the precise mapping of molecules in cases where more
than one option is plausible.

In line with new recommendations of the Martini 3 devel-
opers,57 bead coordinates are now dened by the centre of
geometry (COG) of the atoms that they represent, rather than by
the centre of mass used in previous generations of the force
eld. The change to COG coordinates is focused on capturing
molecular packing densities54 and only has a minor impact on
the resulting Dmw values, as shown in ESI Section S3.5.†

Once the coarse-grained models have been derived for each
surfactant, umbrella sampling molecular dynamics simulations
are used to obtain the free energy prole in a 1-palmitoyl-2-
oleoylphosphatidylcholine (POPC) membrane, from which
Dmw is then derived. These methods match those used in the
previous work.47,50 The simulation parameters are given in ESI
Section S3.6† and the connection between the free energy
proles and the calculation of Dmw (in L kg−1) is detailed in ESI
Section S3.7.†
2.4. Ecotoxicity data

2.4.1. Data gathering and evaluation. Experimental eco-
toxicity data were preferentially gathered from publicly available
sources. For HC surfactants, the initial focus was on the USEPA
ECOTOX database58 and ECHA's eChemPortal59 both of which
allow for bulk data exports and selection of required ecotox-
icological endpoints. The search was based on a previously
compiled database of HC anionic surfactants with chemical
identiers, including the CAS number, and was performed for
both sh and daphnid acute endpoints. Details of the compi-
lation of this surfactant identication database are given in ESI
Section 5.†

In addition to the bulk database search described above, an
extensive review of scientic literature was conducted using
both chemical and common surfactant names as keywords.
Included in this were also a variety of externally available review
documents originally prepared for the environmental risk
assessment of surfactants.60–63 These documents contained
industry-shared data which have been collated and evaluated by
independent bodies. Hence, some toxicity values from those
documents are from proprietary studies and full access to the
study details was not possible, but the values were still
considered scientically relevant. A few additional data points
were obtained from Unilever's historic proprietary (unpub-
lished) internal studies. As a result, a small proportion of the
values used in deriving the sh HC and daphnids HC QSARs
This journal is © The Royal Society of Chemistry 2025
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(equivalent to 16% and 14%, respectively) were from proprietary
studies. For the daphnid FC QSAR, proprietary study data were
used only as part of averaged values for peruorooctanoic acid
(PFOA).

For all data points, quality criteria were established and
applied as follows:

(1) Only values reported as 96 h LC50 s (for sh) and 48 h LC/
EC/IC50 (for daphnids) were included in compliance with the
current OECD Guidelines.64,65

(2) No restriction was made regarding sh species.59 Inter-
species sensitivity of sh is a complex topic and is oen
chemical-specic with insufficient evidence to state whether
one species or another would be more sensitive.66 Similarly,
data for both Daphnia sp. and Ceriodaphnia have been included
since it was previously demonstrated that there is no signicant
difference in their sensitivity to different chemicals.67 This
approach, therefore, provides the broadest applicability to
predicting sh and daphnids acute toxicity on the trophic level
basis rather than by individual species.

(3) The solubility of surfactants is difficult to dene due to
the formation of micelles, which are soluble aggregates of
surfactants. The critical micelle concentration (CMC) at which
they form denes the maximum solubility of the single-
molecule form.33 Hence, when evaluating the reported toxicity
threshold concentrations against solubility considerations, we
also relied on descriptive evaluation of test systems; in cases of
described solubility issues in original publications or reported
visible residuals of surfactants, these data points were omitted
regardless of them being reported as below the solubility
threshold.

(4) Data reported for the “active ingredient”were preferred to
“formulation” data from the USEPA ECOTOX database.

(5) Data reported as measured concentrations were given
preference to nominal concentrations. However, nominal
concentrations were included in the absence of measured data.

(6) When data from ECHA's registration dossiers were used
(initially accessed via eChemPortal and individually assessed
aerwards), only data marked with high reliability (Klimisch
scores of 1 or 2) were used.

(7) Only data for mono-constituent surfactants were used to
develop the QSARs.

(8) When more than one equivalent endpoint for the same
surfactant was available — either for the same or different sh/
(Cerio)daphnia species — the geometric mean of these values
was calculated and used.

Compilation of ecotoxicity data for PFAS chemicals classied
as anionic surfactants was performed using the USEPA ECOTOX
database.58 Data for all PFAS chemicals were exported based on
the “organic compounds” ECOTOX classication by selecting
the group of “Per- and Polyuoroalkyl substances (PFAS)” and
subsequently ltering to obtain the ecotoxicity data for PFAS
chemicals for both sh and daphnids. The extracted chemicals
were further evaluated based on the provided chemical identi-
ers to keep only those that can be classied as “anionic
surfactants”. Toxicity data quality criteria were applied as
described above. As the sh studies reporting 96 h LC50s were
mostly limited to peruorooctane sulfonic acid (PFOS) and
This journal is © The Royal Society of Chemistry 2025
peruorooctanoic acid (PFOA), data scarcity for other per-
uorinated (anionic) surfactants prevented us from developing
the sh QSAR alongside the daphnids QSAR.

2.4.2. QSAR development and validation. All QSAR models
were derived by least-squares linear regression based on the
−log10 transformed ecotoxicity endpoints (reported as
−log(LC50) or −log(EC50) values converted to molar concen-
tration in mol L−1) in dependence on log10 transformed Dmw

data. To seek statistical differences between the QSARs,
a statistical comparison of the regression equations (slopes and
intercepts) was performed with the two-tailed Student's t-test.
Regressions and related analyses were performed using the MS
Excel® Data Analysis Toolpak. To ensure high-quality and
reproducible QSARs, statistical evaluation of regression equa-
tions was performed, to ensure their goodness-of-t, robustness
and predictivity, following the usual requirements of the QSAR
Model Reporting Format (QMRF).68 The goodness-of-t of all
regression models was assessed by the coefficient of determi-
nation (R2) and by checking the distribution of residuals (i.e.,
normal distribution with a mean of 0). The robustness of QSARs
was evaluated by using the leave-many-out cross-validation (Q2)
and bootstrap condence intervals were calculated by resam-
pling the data and rerunning the model t to get a range of
possible parameter estimates. The predictivity was assessed by
randomisation of the data sets into 7 groups, leaving one
(validation) group out and using the rest for predictions.69

Median Q2 and R2 values were computed aer 100 random-
isations. Quality criteria were set according to Eriksson et al.
and their recommendations for the assessment of uncertainties
and reliability of QSARs and their proposed reference values,
e.g., R2 − Q2 should not be more than 0.2–0.3, with Q2 > 0.9
marking an excellent QSAR and Q2 > 0.5 a good QSAR.69 These
analyses were performed in SAS, version 9.4 (SAS Institute Inc.).
For a detailed description of these metrics and the results, refer
to ESI Section 7.†

3. Results and discussion
3.1. Experimental and simulated logDmw

To further develop the coarse-grained mapping and simulation
methodology47 for calculating log Dmw for surfactants, the
simulated values were compared with measured values for
selected chemical species from the existing literature and new
experiments in this study (ESI 4†). This process has resulted in
an expansion of the molecular fragments that can be accurately
represented and consequently in an increase in the chemical
space covered by the models. Simulation-generated log Dmw

values and the corresponding experimental data are compared
in Fig. 1, demonstrating a good t (root mean squared error =
0.36).

Of the 43 molecules in Fig. 1, 23 have been used to inform
the selection of Martini bead types for key molecular fragments,
as detailed in ESI Section S3.† These chemical species can be
regarded as a training set for parametrisation of the coarse-
grained models. The log Dmw values for the remaining 20
species were then produced by simulation of models con-
structed using the mapping and parametrisation algorithm
Environ. Sci.: Processes Impacts, 2025, 27, 1131–1144 | 1135
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Fig. 1 Correlation of simulation logDmw values with the corre-
sponding experimental logDmw values (SSLM and liposome data).
When multiple experimental data points were available for the same
surfactant they were averaged, with SSLM data and liposome data
treated as equal quality. Solid symbols indicate molecules used to
select the Martini charged bead assignments (linear sulfate, sulfonate
and PFAS species given in Table S12†). Open symbols indicate
predictions for chemical species that were not used in the model
development. The black full line is a regression line for the entire data
set; its equation is shown on the graph with standard errors of the
slope and intercept (in brackets) and coefficient of determination. The
dotted grey line is a line of 1 : 1 correlation, logDmw (simulation) = log
Dmw (experimental).
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without further adjustment. These values constitute a partial
test of the method.

The QSARs in this paper are based on a total of 71 unique
chemicals for which relevant ecotoxicological data are available
(some of which apply to both sh and daphnids). Experimental
log Dmw values are available for only 29 of these molecules.
Hence, the coarse-grained models are supplying logDmw for 42
species that could not otherwise be included in construction of
the QSARs.

While other Kmw/Dmw predictive methods exist, they are
either limited to neutral organics36 or, in the case of COSMO-
mic, struggle to predict Dmw for both shorter anionic hydro-
carbons (4–8 C atoms of alkyl sulf(on)ates)26 and molecules
containing peruorocarbon chains.26,27 Droge used COSMOmic
to calculate log Dmw of neutral and ionisable alkyl sulf(on)ates
and peruoroalkyl acids (PFAAs), but only COSMO simulations
for neutral species were able to replicate experimentally deter-
mined chain length increments, with experimental Dmw values
still based on ionised species.26 Ebert et al. used the same tool
and observed a similar effect for PFAAs and their industrial
alternatives; for shorter chain molecules, i.e., for PFCAs with 3–
6 CFx and PFBS, log Dmw was overpredicted by COSMOmic by
0.5–2 log units. Other Dmw results were varied, with per-
uoroalkyl carboxylates HFPO-DA (GenX) and NaDONA over-
predicted while peruoroalkyl sulfonates PFHxS and PFOS and
their (cyclic) alternative PFECHS were underpredicted.27 Dmw

was well captured for these compounds using coarse-grained
simulations (ESI Section 4.1†). A comparison of those
1136 | Environ. Sci.: Processes Impacts, 2025, 27, 1131–1144
COSMOmic values and coarse-grained simulation logDmw for
anionic surfactants against experimental data is provided in
more detail and visualised in ESI Section 4.2 (Table S13 and
Fig. S9).†

Regardless of the good t between the simulated and
experimental Dmw values, in the specic case of alkylethoxy
ethers the simulations predict an increase in log Dmw with
respect to the number of ethoxylate units (EO), in contrast to the
decrease seen in experimental results35 (a trend also predicted
by the ALOGPS70 neural network in log Kow of these molecules).
The disagreement is particularly pronounced for compounds
containing more than four ethoxylate units. The difficulty with
alkylethoxy ethers in simulations was recognised by Rossi
et al.,71 who published a custom extension to Martini 2 for
polyethylene glycol. We nd that, even with the extended
chemical space covered by the new Martini 3 beads, we cannot
capture the behaviour of both short- and long-chain polyethers
with a single ether mapping and parameterisation. This class of
molecule, therefore, needs dedicated attention, which is beyond
the scope of this work.

Due to this known issue, to include C12EO8S in our training
set for predicting (eco)toxicity, logDmw was calculated using the
multiple regression equation from Droge et al. derived for
anionic surfactants.51 This equation uses a fragment-based
approach to predict Dmw and has demonstrated a good t for
anionic surfactants, providing they are within the applicability
domain and contain fragments which were initially included in
the regression. Hence, it is limited to the surfactant sub-classes it
was derived with and, therefore, not applicable for groups such as
AI, FAES and PFAS other than peruoroalkyl acids.
3.2. Anionic surfactant QSARs

The full dataset of acute ecotoxicity endpoints for mono-
constituent anionic surfactants is reported in ESI Section 6.†
The convenience of the coarse-grained simulation method, as
previously discussed, meant that log Dmw could be predicted for
all anionic surfactants where ecotoxicity data were available,
avoiding the need to eliminate data points based on a lack of
experimental liposome-water partitioning values. The least-
squares linear regression QSAR models were developed using
logarithmic transformation of ecotoxicity endpoints for sh and
daphnids correlated with log Dmw. All QSAR models are pre-
sented in Fig. 2a–c, with the regression equations and coeffi-
cients of determination presented on the corresponding
graphs. Due to limitations in the number of suitable ecotoxicity
data points, they were all used as a training set. All regressions
for sh and daphnid toxicity demonstrated a good t, with R2

greater than 0.7, meeting the robustness and predictivity
criteria indicative of a good QSAR, with the full details of their
statistical evaluation reported in ESI Section 7.†

3.2.1. Hydrocarbon-based anionic surfactant QSARs. A
total of 21 individual data points (Table S14†) were used to
generate the sh acute toxicity QSAR model (Fig. 2a) for HC
anionic surfactants. The dataset comprises a range of different
anionic surfactant sub-classes. However, there is a bias towards
AS, AES and LAS reecting the fact that these sub-classes have
This journal is © The Royal Society of Chemistry 2025
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Fig. 2 Fish and daphnid logDmw-based QSAR models. Respective
regression equations and coefficients of determination are shown for
each set of chemicals (HC indicating the hydrocarbon and FC per-
fluorocarbon backbones) and fish/daphnids toxicity from (a) to (c).
Standard errors for slopes and intercepts are reported in brackets.
Inner dotted lines represent 95% confidence intervals of regression
lines, while outer dotted lines represent prediction intervals of the
regressions. LogDmw are simulated values, except for C12EO8S where
Droge et al., 2021 method51 was used for calculations.

Table 1 Summary characteristics of the applicability domains for each
HC surfactant QSAR

Fish (Cerio)daphnia

Structural domain:
functional groups
contained (anionic
surfactant sub-classes)

Sulfate Sulfate
Sulfonate Sulfonate
Sulfosuccinate Sulfosuccinate
Carboxylic acid Carboxylic acid
Ester sulfonate Isethionate
Ether sulfate Ester sulfonate
Taurate Ether sulfate
Dithiophosphate Sulfoacetate

Physicochemical domain:
logDmw range

0.03–6.91 1.94–6.91

Molecular weight 158–566 216–619
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large datasets supporting regulatory registrations17 due to their
long-established use as high-tonnage surfactants. A larger data set
of 51 data points (Table S15†) was available for (Cerio)daphnia
species, similarly biased towards AS, AES and LAS, mostly derived
from a few studies targeting homologue series for QSAR devel-
opment such as Dyer et al. for AES and AS,72,73 Belanger et al.74 for
LAS and Hodges et al.75 for LAS and FAES. Similar targeted mono-
constituent data were not available for sh.

The resulting QSAR equations (with number of data points n,
regression coefficient R2, standard error SE and statistical
signicance F) are:
This journal is © The Royal Society of Chemistry 2025
log

�
1

LC50

�
fish

¼ 0:45ð�0:07Þlog Dmw þ 2:49ð�0:32Þ;

n ¼ 21; R2 ¼ 0:71; SE ¼ 0:53; F ¼ 45:5

(1)

log

�
1

EC50

�
daphnids

¼ 0:78ð�0:06Þlog Dmw þ 0:45ð�0:27Þ;

n ¼ 51; R2 ¼ 0:80; SE ¼ 0:42; F ¼ 193:67

(2)

The applicability domains for the QSAR models have been
determined based on the structural and physicochemical
descriptors within the training set (Table 1). To give each QSAR
model the broadest level of applicability, we have included as
many different headgroups as data availability allowed.

The general consensus in scientic literature through
multiple lines of evidence including toxic unit approaches,
structure–activity analysis and both phenotypic and genotypic
observations, is that anionic surfactants such as AS, AES, FAES
and LAS have a narcotic mode of ecotoxic action14,62,75,76 such
that toxicity is predominantly driven by adsorption, penetration
and disruption of cell membranes.72,77,78 In sh, the primary
target organs are the gills, where disruption of the epithelium of
primary and secondary lamellae can result in hypertrophy and
oedema, causing hypoxia and respiratory failure.79 Such adverse
effects are well described by hydrophobicity-based descriptors
and even at a gene level a cross-species transcription switch
correlation with Kow is observed when an organism is exposed to
chemicals with a narcotic mode of action.14,80

The additional charge that is integral to anionic surfactants,
and the resulting association with headgroups of membrane
lipids, have been previously proposed as a reason for observed
enhanced toxicity, particularly for surfactants of lower chain
length/hydrophobicity, compared to neutral compounds.9,81 As
chain lengths increase, hydrophobic tendency becomes the
predominant factor in toxicity causation and other factors such
as biotransformation and variability in uptake kinetics as
hypothesised by Droge et al. (2019)26 may inuence observed
regression slopes. This is reected in eqn (1) and (2) which
Environ. Sci.: Processes Impacts, 2025, 27, 1131–1144 | 1137
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deviate from perfect positive correlation, the deviation being
consistent with similar observations for widely used and
accepted QSARs derived using log Kow for both baseline and
polar narcosis (for both surfactants and non-surfactants) such
as those of Hodges et al. (2006),75 Könemann (1981),8 Saarikoski
and Viluksela (1982)9 and Verhaar et al. (1995).11

Previously, Müller et al.35 applied experimental log Kmw to
derive toxicity QSARs based on a small group of alcohol ethox-
ylate (nonionic) surfactants. Here, we present the rst
membrane-water-based sh and daphnid QSAR models for
anionic surfactants which are applicable to a broad range of
charged moieties associated with a number of surfactant
subclasses. To date, the only published QSARs that use this
descriptor (and the experimentally derived ecotoxicity
endpoints) while not relying on Kow–Kmw regression equations,
relate to toxicity in Aliivibrio scheri37 and the zebrash embryo
test (FET).15,41 Both studies demonstrated the applicability of
log Kmw/Dmw for predicting baseline (narcotic) toxicity of neutral
and ionisable chemicals. However, neither included surfac-
tants. Existing published surfactant subclass-specic QSARs
have so far focussed predominantly on log Kow or chain length-
based descriptors.73–75,82

There are advantages and drawbacks in using both descrip-
tors when predicting surfactant toxicity. Regulatory and general
acceptability of Kow as a proxy for hydrophobicity and hence
toxicity of neutral, organic chemicals,83–85 coupled with readily
available computational tools,86 are an important advantage of
the descriptor and use of Kow-based QSARs for neutral organic
chemicals. Whilst QSARs based on log Kow are widely used,85,87

as already mentioned, the determination of accurate and reli-
able log Kow values is highly challenging for surfactants due to
their amphiphilic properties.33,87 Their tendency to aggregate at
solvent interfaces and emulsify solvent phases, combined with
a lack of a dened solubility limit, results in signicant diffi-
culties in determining accurate and reliable empirical values
using currently available methods (e.g. OECD 123 (ref. 88)). In
addition, Quantitative Structure–Property Relationships
(QSPR)-predicted Kow/Dow values, with the exception of non-
ionic surfactants, do not correlate well with experimental
values for surfactants and also exhibit large inter- as well as
intra-method-dependent variability.33 This variability has been
exemplied by a study of two similar sub-classes of anionic
surfactant which identied systematic differences in the log Kow

calculation method when applied to the two classes.75 Despite
these limitations, some Kow-based QSARs with good predictivity
have been successfully derived for individual surfactant sub-
classes using a range of modications to existing QSPR
methods to address some of the limitations of the existing Kow

calculation methods.81,89–92 However, these QSARs are still
restricted to a small range of surfactants, rather than to the
general group of anionic surfactants.

Surfactant chain length has also been demonstrated to be
positively correlated with aquatic toxicity and simple rules
relating chain length to toxicity are straightforward to apply
when assessing homologues.72–74,77 However, this approach does
not account for the differing polar headgroups which may exert
differing levels of toxicity.93 For this reason, QSARs based on
1138 | Environ. Sci.: Processes Impacts, 2025, 27, 1131–1144
chain length are restricted to small sub-classes with the same
headgroup moiety. This limitation is evident, for example, in
the US EPA ECOlogical Structure–Activity Relationship Model
(ECOSAR),82 developed initially to support data gaps lling
under TSCA.

3.2.2. Daphnid QSAR for peruorinated anionic surfac-
tants. Both high environmental relevance and challenges in
their chemical behaviour made peruorinated anionic
surfactants relevant for simulation method validation and
QSAR development. Unlike hydrocarbon-based surfactants
which are known to have a narcotic MoA,75,76,94 PFAS (including
peruorinated surfactant structures) are classied as having
a specically acting MoA for environmental toxicity,94 with
some being associated with the disruption of lipid homeo-
stasis in sh95 in addition to having estrogenic effects in both
sh and humans.96,97 Whilst these studies are limited to only
several (long-chain) anionic peruoroalkyl acids (PFAAs), they
still provide a basis to treat them as a separate surfactant
group from the start, not only because of their physicochem-
ical properties being different due to their peruorinated
backbone but also due to their specic MoA. A recent in vitro
study screening bioactivity performed on 142 different PFAS
structures determined that PFAS molecules falling into the
category of anionic surfactants were those that exhibited the
highest bioactivity. Even though performed with human
toxicity as a target, this chemical group demonstrated specic
toxicological relevance.98

A total of 17 peruorinated anionic surfactants with acute
daphnid toxicity data fullling the quality criteria dened in
Section 2.4.1 were used to generate a QSAR model (Fig. 2c and
Table S16†). Initial plots indicated that uorotelomer acids (6
individual chemicals) formed a different relationship with log
Dmw than the remaining surfactants and were consequently
eliminated from the regression.

Fluorotelomer acids are known precursors of peruoroalkyl
acids and have already been associated with eco(toxicity) several
orders of magnitude higher than corresponding PFAAs of the
same chain lengths in different organisms.99,100 This excess
toxicity was postulated to come from unsaturated and saturated
uorotelomer carboxylic acids (FTUCAs and FTCAs) releasing
HF (hydrogen uoride) as they biotransform into PFAAs (their
terminal degradation product), and generally additive effects of
FT(U)CAs with their metabolites.100 While more research is
needed to understand the mode of action of uorotelomer acids
in aquatic organisms, vertebrates and invertebrates, this is
beyond the scope of this paper.100

The resulting QSAR model equation for FC surfactants in
daphnids is:

log

�
1

EC50

�
daphnids

¼ 0:42ð�0:07Þlog Dmw þ 1:61ð�0:26Þ;

n ¼ 11; R2 ¼ 0:82; SE ¼ 0:34; F ¼ 40:4

(3)

The structural applicability domain includes PFCAs and
PFASs of varying CFx chain lengths and their two substitutes
belonging to the subclass of peruoroalkyl ether carboxylates
This journal is © The Royal Society of Chemistry 2025
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and cyclic PFSA, with molecular weights ranging from 213 to
613 and log Dmw 0.86 to 6.02 (Fig. 2c).

The lower magnitude of the slope for the FC QSAR compared
to that of the hydrocarbon equivalent indicates a smaller
increase in toxicity to daphnids with a log Dmw increase, with
higher toxicity of FC surfactants with low log Dmw shown in the
higher intercept. Statistical comparison of the slopes and
intercepts of FC and HC QSARs indicated that both parameters
are statistically signicantly different between the two QSARs
(correlation p-values of 0.00013 and 0.003, respectively). In
addition to their affinity for phospholipids,26,27,101 for some
anionic PFAS (e.g. PFOS, PFOA and some other long-chain
PFAAs), protein binding has been highlighted as an important
mechanism in their bioaccumulation and toxicity in verte-
brates30,98,102,103 due to their strong affinity for proteins. This
additional consideration of binding behaviour makes under-
standing their mode of action and the link between their
structure and “hydrophobicity” highly complex and uncer-
tain.26,103 Despite these difficulties, and the limited available
data, here we have been able to demonstrate that log Dmw can
not only be successfully captured by the simulation method for
different peruorinated structures but that it also provides
a useful proxy for the toxicity of anionic FC surfactants to
daphnids.

4. Conclusions

The advantages of replacing the octanol–water partitioning
coefficient Kow by the membrane-water distribution coefficient
Dmw as a bioaccumulation predictor for charged chemicals
(including surfactants) have been clearly demonstrated in
recent years.15,26,37,51 Accordingly, Dmw has been incorporated
into regulatory guidelines for bioaccumulation.40 Reliable in
silico methods to predict Dmw for surfactants with different
backbones and a variety of headgroups therefore have the
potential to expand the application of Dmw in environmental
risk and hazard assessment. The developments in coarse-
grained simulation of anionic hydrocarbon and uorocarbon
surfactants described in this paper provide advantages over
other computational and predictive methods, namely applica-
bility over a wider chemical scope and superior representation
of trends for PFAS chemicals. Validation of the new simulations
has been enabled in part by new experimental Dmw data, also
presented here.

While the application of Dmw in bioaccumulation assess-
ments of surfactants, either directly or as an input parameter for
bioaccumulation models, is now becoming established,19,51,52

the use of Dmw in aquatic toxicity assessments of surfactants has
so far been limited.26,35 The use of coarse-grained Dmw values
(instead of only the available experimental Dmw values) enabled
the inclusion of all available ecotoxicity data in our QSARs. If
restricted to experimental Dmw, the sh HC QSAR would contain
only 9 data points of its current 21, and the daphnid HC QSAR
only 17 of 51. We were, therefore, able to develop QSAR models
for predicting aquatic toxicity of HC and FC anionic surfactants
that span multiple anionic surfactant sub-classes and incorpo-
rate them into a single anionic surfactant QSAR for sh and
This journal is © The Royal Society of Chemistry 2025
daphnids. Ultimately, enhanced predictive capability helps to
eliminate unnecessary animal testing. Derived QSARs facilitate
the application of in silicoNew ApproachMethodologies (NAMs)
for aquatic toxicity screening, and hazard and risk assessment
of anionic HC surfactants, which are high-tonnage, high-use
substances commonly registered under REACH.

For FC surfactants, the derived daphnid QSAR model
advances the ability to predict their aquatic toxicity as a group.
Further work is needed to develop QSARs for other trophic
levels and individual chemicals, including diverse PFAS struc-
tures and functional groups. However, even the potential of
grouping some of these molecules as “anionic surfactants” is
signicant, given the sheer variety of PFAS chemicals in use,
and current and ongoing regulatory initiatives for targeting
them on a class basis.104–107

As shown in this study, coarse-grained models for new
moieties can be parametrised from high-quality experimental
data. The model parameters can then be transferred to related
chemical species for which no experimental partitioning data
are available. The strength of this modelling approach is that
the full response of a molecule's conformations to the aqueous
and membrane environments is then fully explored by the
molecular dynamics. This approach can signicantly increase
the breadth of chemical coverage for future (eco)toxicity
predictions over QSARs based on Kow/Dow.

Developments in coarse-grained simulation methods for
deriving Dmw of surfactants are a signicant step in modelling
the environmental fate, behaviour and toxicity of surfactants
and of ionisable chemicals in general. Further research will be
directed towards expanding this approach to other ionisable
chemicals including cationic and zwitterionic surfactants.
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