
rsc.li/espi

As featured in:

See Trevor N. Brown et al., 
Environ. Sci.: Processes Impacts, 
2024, 26, 1986. 

Featuring work from Dr Trevor N. Brown from ARC Arnot 
Research & Consulting where he researches chemical 
property prediction.

Improved prediction of PFAS partitioning with PPLFERs and 
QSPRs

Partitioning properties are important for assessing the 
hazard and risk that PFAS pose to humans and ecosystems. 
Predictions of PFAS partitioning properties were improved 
by leveraging new experimental data. The insights from 
this work can be used to guide the improvement of other 
models.

Registered charity number: 207890



Environmental
Science
Processes & Impacts

PAPER

O
pe

n 
A

cc
es

s 
A

rt
ic

le
. P

ub
lis

he
d 

on
 2

6 
Fa

nk
w

a-
b 

20
24

. D
ow

nl
oa

de
d 

on
 2

02
5/

10
/1

7 
3:

48
:5

6 
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
Improved predic
aARC Arnot Research & Consulting, Toron

trevor.n.brown@gmail.com; alessandro@ar
bAES Armitage Environmental Sciences, Ott

aesenvsci@outlook.com
cDepartment of Physical and Environm

Scarborough, Toronto, Ontario M1C 1A4, C
dDepartment of Pharmacology and Toxicolog

M5S 1A8, Canada

† Electronic supplementary informa
https://doi.org/10.1039/d4em00485j

Cite this: Environ. Sci.: Processes
Impacts, 2024, 26, 1986

Received 15th August 2024
Accepted 21st September 2024

DOI: 10.1039/d4em00485j

rsc.li/espi

1986 | Environ. Sci.: Processes Impac
tion of PFAS partitioning with
PPLFERs and QSPRs†

Trevor N. Brown, *a James M. Armitage,b Alessandro Sangiona

and Jon A. Arnot acd

Per- and polyfluoroalkyl substances (PFAS) are chemicals of high concern and are undergoing hazard and

risk assessment worldwide. Reliable physicochemical property (PCP) data are fundamental to assessments.

However, experimental PCP data for PFAS are limited and property prediction tools such as quantitative

structure–property relationships (QSPRs) therefore have poor predictive power for PFAS. New

experimental data from Endo 2023 are used to improve QSPRs for predicting poly-parameter linear free

energy relationship (PPLFER) descriptors for calculating water solubility (SW), vapor pressure (VP) and the

octanol–water (KOW), octanol–air (KOA) and air–water (KAW) partition ratios. The new experimental data

are only for neutral PFAS, and the QSPRs are only applicable to neutral chemicals. A key PPLFER

descriptor for PFAS is the molar volume and this work compares different versions and makes

recommendations for obtaining the best PCP predictions. The new models are included in the freely

available IFSQSAR package (version 1.1.1), and property predictions are compared to those from the

previous IFSQSAR (version 1.1.0) and from QSPRs in the US EPA's EPI Suite (version 4.11) and OPERA

(version 2.9) models. The results from the new IFSQSAR models show improvements for predicting PFAS

PCPs. The root mean squared error (RMSE) for predicting log KOW versus expected values from quantum

chemical calculations was reduced by approximately 1 log unit whereas the RMSE for predicting log KAW

and log KOA was reduced by 0.2 log units. IFSQSAR v.1.1.1 has an RMSE one or more log units lower than

predictions from OPERA and EPI Suite when compared to expected values of log KOW, log KAW and log

KOA for PFAS, except for EPI Suite predictions for log KOW which have a comparable RMSE.

Recommendations for future experimental work for PPLFER descriptors for PFAS and future research to

improve PCP predictions for PFAS are presented.
Environmental signicance

QSPR predictions for partitioning properties of PFAS have been found to be inaccurate due to their unique properties and a lack of experimental data. Accurate
values for partitioning are important for assessing the hazard and risk that PFAS pose to humans and ecosystems. This work nds that by leveraging recently
published experimental data, QSPRs can be recalibrated to produce more accurate predictions for partitioning properties. The model validations and mech-
anistic insights from this work can be used to guide the improvement of other QSPRs, and to prioritize further experimental work.
1. Introduction

Physicochemical property (PCP) data are essential for con-
ducting legislated ecological and human health assessment.1–3
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Commonly required properties include water solubility (SW;-
mol L−1), vapor pressure (VP; Pa), and the octanol–water (KOW),
octanol–air (KOA), and air–water (KAW) partition ratios. Chemical
assessment outcomes are sensitive to selected property values,
e.g.,4–7 and thus reliable measured or predicted property data
are necessary for reliable chemical assessments.8,9 Per- and
polyuoroalkyl substances (PFAS) are chemicals of high
concern with extensive data gaps, including basic PCPs.10–13 The
US Environmental Protection Agency (EPA) has outlined testing
strategies, road maps, and action plans that seek to address
data gaps for PFAS assessments for as many as 15 000
substances.14–17 There are technical challenges for obtaining
PCP measurements for certain PFAS18–20 which contributes to
the recognized data gaps and emphasizes the need for reliable
This journal is © The Royal Society of Chemistry 2024
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predictions that ideally also convey key information for
considering the use of the predicted values such as the appli-
cability domain (AD) and the uncertainty of the prediction.21 In
this work we use the denition of Gaines et al.17 to help classify
chemicals in various datasets as PFAS. In this denition
a chemical is classied as a PFAS if one of four substructures is
present, or if uorine makes up 30% or more of the non-
hydrogen atoms.

Two general approaches for predicting PCPs are quantitative
structure–property relationships (QSPRs) and poly-parameter
linear free energy relationships (PPLFERs). QSPRs are devel-
oped from experimental datasets for a property of interest in
which the molecule (structure) is expressed in terms of struc-
tural fragments, topological descriptors, or whole molecular
descriptors.22,23 The fragment-based QSPR approach is used in
several models within the US EPA's Estimation Program Inter-
face Suite (EPI Suite™) program24 and for predicting PCPs and
solute descriptors in the Iterative Fragment Selection Quanti-
tative Structure–Activity Relationships (IFSQSAR) system devel-
oped by Brown and colleagues.25,26 The QSPRs in the US EPA's
Open (Quantitative) Structure–activity/property Relationship
App (OPERA) use a nearest neighbours approach by selecting
the best descriptors for each property from a pool of fragments,
topological, and other descriptors.23 PPLFERs are models cali-
brated with experimental data for PCPs and empirically-derived
or predicted solute descriptors that correlate with molecular
interactions of a solute of interest, e.g., a PFAS chemical, in
a system of interest, e.g., octanol–water. There are two sets of
PPLFER solute descriptors for PFAS in the literature. The orig-
inal set of solute descriptors was developed by Abraham and
colleagues and incrementally expanded over many years,27,28

exemplied by a recent publication of values for uorotelomer
alcohols (FTOHs).29 In the database of reliable solute descrip-
tors developed in previous work30,31 there are 385 solutes con-
taining uorine atoms, 180 of whichmeet the denition of PFAS
proposed by Gaines et al..17 Another set of solute descriptors was
developed by Goss and colleagues,32–34 and is exemplied by the
recent publication of Endo which presents values for PFAS,
including FTOHs.35 There are 47 fully calibrated solutes in the
Endo set, all of whichmeet the Gaines et al.17 denition of PFAS.
It should be noted that all the PFAS calibrated by Endo are
neutrals, so the results of this work are only applicable to
neutral PFAS. The two sets of solute descriptors are calibrated
using the same types of data, i.e., gas chromatogram (GC)
retention data and partition ratios in reference solvent-air or
solvent-water systems.28,36 In the calibration some solute
descriptors are xed or directly measured while the others,
primarily the hydrogen bonding and polarity descriptors, are
simultaneously calibrated to t the experimental data. Because
of this simultaneous calibration differing assumptions and
xed values can result in different calibrated values. The
primary difference between the two sets of solute descriptors is
one solute descriptor with a xed value, McGowan volume, to
which Goss and colleagues made an alteration to bring it more
in line with liquid molar volume, which improved predictive
power for PFAS.32 However, this difference propagates through
This journal is © The Royal Society of Chemistry 2024
the calibration process causing the other solute descriptors to
also be different between the two PFAS solute descriptor sets.

The goal of this work is to improve the IFSQSAR QSPRs to
predict solute descriptors and subsequently parameterize
PPLFER equations for common PCPs of PFAS by leveraging
recently published PFAS solute descriptors and other data. To
achieve this, we investigate the differences between the
competing PFAS solute descriptor sets and make recommen-
dations for selecting the most reliable values. This analysis
leads to updated QSPRs for solute descriptors and retted
PPLFER equations which are implemented in IFSQSAR v.1.1.1
models for several PCPs. The new IFSQSAR property predictions
are compared to predictions from the previous IFSQSAR version
(v.1.1.0), predictions from QSPRs in EPI Suite and OPERA,
COSMOtherm calculations, and to available measured data.
Finally, recommendations to further improve the prediction of
PCPs for PFAS using PPFLERs are provided.
2. Methods
2.1 PPLFER theory

The theory, application, and interpretation of PPLFER equa-
tions have been extensively reviewed28,37 and are briey outlined
here to communicate the differences between the two sets of
PFAS solute descriptors. Eqn (1) and (2) show the PPLFER
equations developed by Abraham for liquid–liquid and liquid–
gas27,38 partitioning systems, respectively. Goss proposed eqn (3)
as an alternative because, among other reasons, it better
explained the partitioning of PFAS.39

logK = eE + sS + aA + bB + vV + c (1)

logK = eE + sS + aA + bB + lL + c (2)

logK = sS + aA + bB + vV + lL + c (3)

In these equations log K is a partition ratio between two phases,
e.g., solvents, water, air, or other natural matrixes. Lowercase
letters are the system parameters quantifying the relative
propensity of the two phases to engage in molecular interac-
tions with the solute, and uppercase letters are solute descrip-
tors which are specic for a given solute and correlate with
various molecular interactions. E is excess molar refraction
which correlates with van der Waals interactions and polariz-
ability, and S correlates with solute dipolarity and polarizability.
Important to note for this work is that E and S are expected to
have low values for PFAS because they correlate with polariz-
ability, and uorine atoms are very electronegative. A is
hydrogen bond acidity, B is hydrogen bond basicity, V is
McGowan volume which correlates with cavitation energy i.e.,
the energy required for the solute to make space for itself in the
solvent,40,41 and L is the log10 partition ratio between n-hex-
adecane and air which correlates with van der Waals interac-
tions. Goss et al. suggested an adjustment to V specically for
uorine atoms, to eliminate an observed deviation between V
and the molar volume (MV).32 We refer to this adjusted McGo-
wan volume as VF in this work.
Environ. Sci.: Processes Impacts, 2024, 26, 1986–1998 | 1987
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2.2 Analysis of PPLFER parameters for PFAS

The only PFAS solutes from Endo35 with measured values for all
three partition ratios of interest in this study, i.e., KOW, KOA, and
KAW, are 4 : 2, 6 : 2 and 8 : 2 FTOHs. Table 1 shows two sets of
solute descriptors (“Abraham” and “Endo”) with the PFAS
arranged together with their corresponding uorine-free alkane
backbone for comparison. The values for V and VF are notably
different between the two datasets because of the different
calculation procedures. Abraham uses the V calculation as
developed by McGowan,40 while Endo uses the modication by
Goss32 which is the same for all atoms except for F which is
increased so that VF is signicantly larger than V for PFAS, this
difference is discussed in more detail below and in the ESI.† The
value of E is calculated from an experimental refractive index, but
the calculation uses the V or VF descriptor, so the values are
different between the two solute descriptor sets but are not
calibrated with partitioning data. The L descriptor can be directly
measured for small solutes but is calibrated by regression vs. GC
retention times on non-polar stationary phases for larger solutes.
The calibration of L is quite reliable and independent, so it is
typically done separately and considered to be xed in the cali-
bration of the hydrogen bonding and polar solute descriptors. In
the case of Endo35,45 the L values were calibrated with GC reten-
tion times on non-polar stationary phases. This method uses the
V descriptor in the calibration, so the choice of using V or VF may
inuence the results, but Table 1 shows the L values are nearly
identical to the values from Abraham and Acree.29 The S, A, and B
descriptors are either calibrated or set to an assumed value of 0 in
both sets and therefore the difference between the V and VF
solute descriptors manifests in the calibrated descriptor values.
The Abraham group solute descriptors have higher A and B values
for the FTOHs than the Goss/Endo group, but by far the largest
discrepancy is between the S values which also have different
signs. This presents a problem for recalibrating QSPRs for the
Table 1 Solute descriptors derived from the two sets of measurements

CAS Name Sourcea E

2043-47-2 4 : 2 FTOH Abraham −0.51
2043-47-2 4 : 2 FTOH Endo −0.67b

111-27-3 1-hexanol 0.21

647-42-7 6 : 2 FTOH Abraham −0.83
647-42-7 6 : 2 FTOH Endo −1.04b

111-87-5 1-octanol 0.2

678-39-7 8 : 2 FTOH Abraham −1.19
678-39-7 8 : 2 FTOH Endo −1.87b

112-30-1 1-decanol 0.191

307-34-6 Peruorooctane Abraham −1.130
375-96-2 Peruorononane Endo −1.819b

111-65-9 n-octane 0
111-84-2 n-nonane 0

a Competing group of solute descriptors, Abraham and colleagues,29 or G
b Endo did not measure the E descriptor, E values used in this work are
refractive indexes predicted using ACD Labs. The calculation of E includes

1988 | Environ. Sci.: Processes Impacts, 2024, 26, 1986–1998
solute descriptors, because including data from both competing
sets in a recalibration of the QSPRs would result in predictions
that are consistent with neither set which will likely result in poor
predictive power. No explanation for the large discrepancy
between the S values is offered by either of the competing groups.
A key objective of this work is to examine and resolve the
discrepancies between the two sets of solute descriptors.

Each competing set of solute descriptors can be compared to
the values and trends observed for other chemicals in the
database of reliable solute descriptors. This comparison shows
that the competing solute descriptor sets have different merits
and limitations, but this comparison does not conclusively
favor one set or the other. More details about this comparison
can be found in Section SI1.†

The competing solute descriptor sets can also be compared
to the theoretical background and original calibration data of
PPLFER solute descriptors to see which is most supported.
Using gas–liquid chromatography (GLC) data for various polar
stationary phases Abraham et al. recalibrated the S descriptor
(then named pH

2 ) for about 400 solutes46 from a previous version
developed by Kamlet and Ta.47,48 This dataset was used to
calibrate system parameters for various partitioning systems
which have subsequently been used to calibrate the rest of the
ca. 8000 solutes in the Abraham database. The dataset notably
contains no negative values of S, and very few uorinated
chemicals. Only three solutes have a high degree of uorina-
tion: 2,2,2-triuoroethanol, hexauoropropan-2-ol, and
dodecauoroheptan-1-ol. These are assigned S values of 0.60,
0.55, and 0.55 respectively, values which are more in line with
the values of the Goss/Endo set. The strongly negative values of
S suggested by the Abraham group are clearly outside of the
calibration range of the original dataset of S values.

In early versions of the PPLFER equations Abraham used
liquid molar volume (MV[l]) as a solute descriptor, but aer
S A B V or VF L Ref.

−0.43 0.84 0.41 1.172 2.520 29
0.35 0.60 0.31 1.352 2.421 35
0.42 0.37 0.48 1.013 3.610 42

−0.89 0.79 0.54 1.525 2.960 29
0.35 0.60 0.31 1.785 2.997 35
0.42 0.37 0.48 1.294 4.619 42

−1.25 0.82 0.51 1.875 3.470 29
0.35 0.60 0.31 2.217 3.554 35
0.42 0.37 0.48 1.576 5.610 42

−1.45 0 0.42 1.554 2.165 43
−0.19 0 0 2.131 1.571 35
0 0 0 1.236 3.677 44
0 0 0 1.377 4.182 44

oss and colleagues,32 exemplied by the recent publication of Endo.35

calculated from measured refractive indexes from other sources,32 or
the V descriptor, so an adjustment is made to the value when using VF.

This journal is © The Royal Society of Chemistry 2024
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some analysis in collaboration with McGowan it was decided to
change from MV[l] to V.41 Abraham concluded that intrinsic
molar volume was a better metric for the cavitation energy and
found that using MV[l] instead of V while calibrating PPLFER
equations would produce different system parameters s, a, and
bwhich capture the molecular effects of dipolarity/polarizability
and hydrogen bonding.41 There is more discussion on this topic
in Section SI1.† When Goss et al. adjusted the V parameter for
uorine atoms they did so to make VF for uorinated solutes fall
into the general correlation between V and MV[l] for organic
compounds,32 which is a major departure from the theoretical
background of PPLFERs. Based on recent work26 other atoms
with discrepancies between V and MV[l] have been identied,
see Section SI1 and Fig. S2† for more discussion. Chlorine and
bromine atoms also have a discrepancy, though smaller than
uorine, while boron and silicon have an even larger discrep-
ancy than uorine. The solute descriptors of organosilicon
compounds have also been noted to be anomalous.34
2.3 IFSQSAR

The IFSQSAR QSPRs for PPLFER solute descriptors are
described in detail in Brown 2022.31 The IFSQSAR PCP models
combine these solute descriptor QSPRs with PPLFER equations
that were calibrated with experimental data in IFSQSAR
v.1.1.0.26,30 The models use experimental solute descriptors if
available, but this behaviour can be overridden. The applica-
bility domain (AD) and the prediction uncertainty of the models
are well dened and thoroughly quantied.26 One goal of this
work is to update the IFSQSAR QSPRs and the PPLFER equa-
tions with the new data from Endo,35 resulting in IFSQSAR
v.1.1.1. IFSQSAR is available on GitHub (https://github.com/
tnbrowncontam/ifsqsar) and is integrated in the Exposure
And Safety Estimation (EAS-E) Suite online platform (https://
www.eas-e-suite.com).

More details of the QSPR development are available in the
literature.25,26 Briey, IFSQSAR QSPRs are group contribution
models in which counts of molecular fragments are multiplied
by coefficients and then summed to obtain predictions. The
model development proceeds by rst creating a pool of molec-
ular fragments from the dataset to be predicted and then
rational splitting into training and external validation datasets
ensuring that the maximum possible number of fragments are
represented in both the training and validation datasets. The
training dataset is then split into internal cross-validation
datasets. Model parameter selection proceeds by choosing
fragments from the pool based on predictive power assessed by
cross-validation, beginning with simple fragments and
proceeding to more complex fragments. The model parameters
are tted by multiple linear regression (MLR) of fragment
counts against the expected property values. The nal steps are
to dene the AD and quantify the prediction uncertainty.

The existing IFSQSAR QSPRs can be updated with new data in
two different ways. In the rst method, the selected fragments
are kept unchanged and new data are inserted into the existing
training, validation and cross validation datasets, then MLR is
applied to update the regression coefficients. In the second
This journal is © The Royal Society of Chemistry 2024
method the new data are again inserted into to the existing
training, validation and cross validation datasets, but the
selected fragments are reset, and new fragments are selected
from the original pool to train a new QSPR. The selected frag-
ments would then be different because of the new data.

3. Results and discussion
3.1 Recommendations for selecting PPLFER descriptors for
PFAS

Based only on the analysis of PPLFER parameters for PFAS it is
not evident which of the two solute descriptor sets is best for
making PCP predictions with PPLFERs for PFAS. The two solute
descriptor sets are calibrated on different data, the Abraham set
uses eqn (1) and (2) whereas the Endo set uses eqn (3), the
Abraham set uses the V solute descriptor whereas the Endo set
uses VF, and other details are different as described in Section
SI1.† To decide which set to use we re-created the calibrations of
the two sets and compared the predictive power of the sets to
experimental data. First the calibration of the two solute
descriptor sets was investigated. Further details are available in
Section SI1,† but in brief we took the data from each set and
applied the calibration methods of the other set, to see if we
could force the solute descriptors of the Abraham set to match
the Endo set, or vice versa. For the Abraham set the calibrated
solute descriptors could be exactly reproduced. Various
adjustments were made to the calibration such as using eqn (3)
instead of eqn (1) and (2) and changing V to VF. Using these and
other alterations described in Section SI1† it was possible to
make the Abraham set of solute descriptors approximately
match the Endo set. The reverse was also attempted. The Endo
set calibration was reasonably but not exactly reproduced; the
data and calibration methods are much more complex than
those used to calibrate the Abraham set. The same alterations
were made in reverse, but it was found that the Endo solute
descriptors were quite stable. It was not possible to force the
Endo set solute descriptors to match the Abraham set by using V
instead of VF, and by using eqn (1) and (2) instead of eqn (3).
This test indicates that the Endo calibration data are sufficient
to provide a unique set of solute descriptors, while the data used
by Abraham leaves the calibration under-determined meaning
that multiple solutions can exist.

Partition ratios calculated with the solute descriptor sets and
PPLFER equations were compared to the experimental data.
More discussion of this comparison can be found in Section
SI1,† but in brief the results are consistent with previous anal-
yses by Endo and Goss,34 which found that the PPLFER equa-
tions make the most accurate predictions for PFAS when they
have been included in the training set of the PPLFER equation,
and when eqn (3) is used. Based on the stability of the cali-
bration and the t with experimental data the Endo set is rec-
ommended. Including PFAS in the calibration dataset of
PPLFER system parameters is required for making accurate
predictions for this chemical class, as demonstrated here and in
previous work by Endo and Goss.34 While testing the calibration
of the 47 PFAS solute descriptors from Endo it was conrmed
that the accuracy of the partition ratio calculations was best
Environ. Sci.: Processes Impacts, 2024, 26, 1986–1998 | 1989
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when using VF instead of V. However, this was only true when
using eqn (3). Using the Endo solute descriptors with eqn (1) or
(2) resulted in a larger deviation between calculated and
experimental values.

The 47 PFAS calibrated solute descriptors from Endo have
been added to the database of reliable solute descriptors used to
train the IFSQSAR QSPRs using eqn (3). The measured and
curated partition ratio data in Endo35 have also been added to
the system parameters training dataset. However, the IFSQSAR
training and external validation datasets already contain 383
uorinated solutes, some of which are from previous work of
the Goss group,32,34,49 but most have been calibrated by the
Abraham group. Removing so much data and adding only 47
solutes from Endo would likely degrade the predictive power of
the QSPRs, so we only removed some of the uorinated solutes
calibrated by Abraham group based on reasonable selection
criteria derived from the comparison between the two sets.

3.1.1 Selection criterion 1. In the Endo solute descriptors,
peruorinated alkanes (PFAs) are the only solutes with a nega-
tive S value (S = −0.19). PFAs also have the lowest S values
calibrated by the Abraham group, but with considerably lower
values of about −0.9 to −1.5.43 Because of the instability in
solute descriptor calibration of the Abraham group we conclude
that the strongly negative S values must be erroneous. There-
fore, all solutes calibrated by the Abraham group with an S value
lower than −0.2 have been removed from the database of reli-
able solute descriptors. There are 21 solutes which fail this
selection criterion and were removed, all of which were also
identied as PFAS according to the method of Gaines et al.17

3.1.2 Selection criterion 2. The S, A, and B solute descrip-
tors have different values depending on whether V or VF has
been used during solute descriptor calibration. Replacing V
with VF may therefore lead to erroneous results in cases where
the difference between V and VF is large, and recalibrating the
solute descriptors for all these solutes is beyond the scope of the
current work. The partition ratio datasets we used in our re-
creation of the Endo set calibration contained 22 uorinated
solutes, which had their V solute descriptors replaced with VF.
Plotting the residuals between the tted and experimental
partition ratios for these 22 solutes versus the difference
between the VF and V solute descriptors shows some obvious
biases towards over or under tting. The maximum deviation
between tted and experimental partition ratios is less than 0.4
log units so the effect is not large, but no such biases or trends
are observed in the residuals of solutes in the Endo set. All 22 of
these solutes have VF values that are less than 0.12 greater than
their V values, whereas for all the Endo set solutes the VF values
are more than 0.14 greater than V. We have therefore removed
all solutes calibrated by the Abraham group from the database
of reliable solute descriptors where VF is greater than V by 0.12
or more, i.e., solutes with 6 or more uorine atoms were
removed. There are 59 solutes which fail this selection criterion
and were removed, all of which were also identied as PFAS
according to the method of Gaines et al.17

Some solutes fail both selection criteria, so the total number
of PFAS solutes removed is 64. Aer applying the selection
criteria there are 321 uorine-containing solutes from the
1990 | Environ. Sci.: Processes Impacts, 2024, 26, 1986–1998
Abraham set remaining in the database of reliable solute
descriptors, 116 of which meet the Gaines et al.17 denition for
PFAS. The PFAS from the Abraham set are mostly small solutes
that are likely refrigerants. The 47 Endo set solutes are added to
these bringing the number of PFAS in the database of reliable
solute descriptors to 163.

3.2 Model recalibration and validation

The partitioning property QSPRs in IFSQSAR are hybrid models
which combine PPLFER equations (system parameters) cali-
brated with experimental data and QSPRs trained for the indi-
vidual solute descriptors S, A, B, V/VF, and L. The system
parameters for nine PPLFER equations calibrated in previous
work26,30 have been recalibrated by removing experimental data
for uorinated chemicals that meet the criteria outlined in
Section 3.1, and adding PFAS with calibrated solute descriptors
and experimental partitioning data from Endo.35 The recali-
brated equations are shown in Table 2. The b system parameters
are mostly unchanged by this recalibration, the a and s system
parameters have larger changes, but the v and l system
parameters have the largest and most inuential differences.

The fragment-based QSPRs for the individual solute
descriptors have also been updated, the QSPR training and
validation datasets in IFSQSAR have been updated by removing
and adding PFAS solutes as described in Section 3.1. The Endo
solutes were split between the training and validation datasets
in a ratio of 2 : 1. Solutes were sorted, and every third solute was
assigned to the validation dataset. This was done in steps,
sorting by partitioning properties where available and sorting
by the L solute descriptors for PFAS with no measured parti-
tioning, ensuring that the solutes with available partitioning
data were present in both training and validation datasets. The
regression coefficients of the MLR for all fragments in the
QSPRs were then retrained with the new datasets, no fragments
were added or removed in this process.

New PCP models have been implemented in IFSQSAR which
combine the retrained solute descriptors QSPRs with the reca-
librated PPLFER equations (system parameters) in the form of
eqn (3). A new QSPR for VF has been implemented in IFSQSAR
and is now used in these models instead of the V solute
descriptor. These updates are part of IFSQSAR version 1.1.1. The
previous versions of the partitioningmodels are still available in
IFSQSAR and can be applied by users for comparison by spec-
ifying the version making calculations. These new models were
validated using data from Endo,35 who applied the quantum
chemistry-based soware COSMOtherm to predict log KOW, log
KAW, and log KOA for the same solutes for which solute
descriptors were calibrated, as well as a diverse dataset of other
PFAS. COSMOtherm is an upper tier prediction method for PCPs
and Endo found the root mean squared error (RMSE) between
the predictions and PPLFER calculated values was 0.33 to 0.42
log units.

3.3 Comparison of IFSQSAR v.1.1.1 to other QSPRs

Predictions have been made for the PFAS partition ratios using:
(1) the old version of IFSQSAR (v.1.1.0), (2) the new version of
This journal is © The Royal Society of Chemistry 2024
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Table 2 Poly-Parameter Free Linear Energy Relationship (PPLFER) system parametersa

System s a b db v l c Total s.e.

log KAW −2.127 (0.038) −3.69 (0.038) −4.783 (0.037) 2.505 (0.047) −0.445 (0.013) 0.504 (0.027) 0.153
log KOA 0.475 (0.05) 3.566 (0.052) 0.885 (0.049) 0.109 (0.059) 0.892 (0.016) −0.166 (0.028) 0.156
log KOW −1.219 (0.035) −0.058 (0.028) −3.579 (0.034) 2.702 (0.047) 0.341 (0.012) 0.326 (0.025) 0.162
Dry log KOW

c −1.652 (0.063) −0.124 (0.064) −3.898 (0.062) 2.614 (0.076) 0.447 (0.021) 0.339 (0.039) 0.219
log KO[w]O[d]

c 0.433 (0.072) 0.066 (0.07) 0.319 (0.07) 0.087 (0.089) −0.106 (0.024) −0.013 (0.046) 0.272
log VP[l]

c (Pa) −1.309 (0.098) −0.983 (0.217) −0.558 (0.118) −1.629 (0.257) −0.779 (0.132) −0.655 (0.035) 7.084 (0.068) 0.607
log SW[l] (mol L−1) 0.831 (0.091) 2.707 (0.213) 4.218 (0.112) −1.629 (0.257) −3.316 (0.124) −0.206 (0.033) 0.194 (0.062) 0.587
log SO[d][l]

c (mol L−1) −0.821 (0.11) 2.583 (0.223) 0.32 (0.128) −1.629 (0.257) −0.702 (0.145) 0.241 (0.039) 0.532 (0.073) 0.627
log SO[w][l]

c (mol L−1) −0.388 (0.097) 2.649 (0.215) 0.639 (0.117) −1.629 (0.257) −0.615 (0.132) 0.136 (0.035) 0.519 (0.067) 0.609

a The standard error (s.e.) for each system parameter is shown in parentheses. b System parameter corresponding to the term (A$B)0.5. c System
parameters calculated by thermodynamic cycle. Total s.e. and s.e. of the coefficients are estimated by propagation of uncertainty.
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IFSQSAR (v.1.1.1) which implements the solute descriptor
QSPRs and system parameters recalibrated with the new PFAS
data from Endo, (3) OPERA v.2.9,23 and (4) EPI Suite v.4.11.24

These predictions are plotted against expected values and are
Fig. 1 Predicted vs. expected log KOW for (A) IFSQSAR old, (B) IFSQSAR

This journal is © The Royal Society of Chemistry 2024
shown in Fig. 1, 2, and 3 for log KOW, log KAW, and log KOA,
respectively. Note that only the green triangles in these gures
are cases where the expected values are experimental partition
ratios. The blue circles represent cases where the expected
new, (C) OPERA, and (D) EPI Suite.
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Fig. 2 Predicted vs. expected log KAW for (A) IFSQSAR old, (B) IFSQSAR new, (C) OPERA, and (D) EPI Suite.
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values are partition ratios calculated using the PPLFER equa-
tions and solute descriptors calibrated with experimental data
from Endo 2023, and the orange squares represent cases where
the expected values are partition ratios calculated with COS-
MOtherm from the ESI† of Endo 2023.35 Predictions for the three
partitioning properties have also been made using solute
descriptors calculated using ACD Labs 2023.1.0 (Build 3666)
combined with PPLFER equations from previous work,26 these
are shown in Fig. S5.† PFAS solutes with experimental parti-
tioning data or with calibrated solute descriptors which were
assigned to the validation dataset are shown in green and blue,
respectively. It should be noted that all the partitioning data
were used by Endo to calibrate the solute descriptors, so there is
“information leakage” into the validation dataset making this
not a completely independent external validation for IFSQSAR.
OPERA v.2.9 and EPI Suite v.4.11 do not use the new data from
Endo but do include other experimentally measured partition
ratios from the literature in their training datasets. There are
172 to 175 novel PFAS solutes with no experimental or PPLFER
1992 | Environ. Sci.: Processes Impacts, 2024, 26, 1986–1998
data available but have values predicted with COSMOtherm;
these are the orange points in the gures. In panels A and B of
Fig. 1, 2, and 3 the results for IFSQSAR v.1.1.0 and IFSQSAR
v.1.1.1 can be compared. Adding new data has improved the
predictive power dramatically for log KOW reducing the RMSE
against the COSMOtherm predictions from 2.1 to 1.2 log units,
log KAW and log KOA also show modest improvement with the
RMSE of both reduced from about 1.7 to 1.5 log units. The
RMSE for IFSQSAR v.1.1.1 predictions against PPLFER calcu-
lated values is also reduced for all three partition ratios, though
the number of solutes (11 to 13) is relatively small. Only 1 to 3
experimental partition ratios are available in the validation
dataset which are too few data to draw conclusions. Outliers are
identied as chemicals with deviations between predicted and
expected values greater than 3 × RMSE. Only three PFAS are
identied as outliers for the IFSQSAR v.1.1.1 log KAW predic-
tions: hexauoroglutaryl chloride, 2-aminohexauoropropan-2-
ol, and 3H-peruoro-2,2,4,4-tetrahydroxypentane; and only two
PFAS are identied as outliers for the log KOA predictions: 6 : 2
This journal is © The Royal Society of Chemistry 2024
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Fig. 3 Predicted vs. expected log KOA for (A) IFSQSAR old, (B) IFSQSAR new, (C) OPERA, and (D) EPI Suite.
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monoPAP and 8 : 2 monoPAP. None are identied as outliers by
this criterion in the log KOW predictions. Applying a criterion of
1.5 × RMSE gives a longer list of outliers, common PFAS classes
agged as outliers are sulfonic acids (PFSAs), sulfonyl uorides
(PASFs), phosphinic acids (PFPiAs), and phosphates (PAPs).

Fig. 1C, 2C and 3C show OPERA predictions vs. expected
values for log KOW, log KAW, and log KOA of PFAS. OPERA is
a nearest neighbors QSPR, where predictions are made by
comparing a chemical structure to structures in the database
and calculating an average value from available experimental
data. These types of models have good performance when
interpolating between existing data. Other researchers have
found that OPERA made accurate predictions of the partition-
ing of PFAS when compared to experimental data.50 However, it
should be noted that the PFAS used in the previous model
evaluation50 were all data rich PFAS which are most likely to
have neighbors with experimental partitioning data in the
internal OPERA database. In fact, when OPERA identies an
exact match for the predicted chemical within its internal
This journal is © The Royal Society of Chemistry 2024
database, it directly provides that value from the database
without averaging with the nearest neighbors. In other words,
the program is selecting the experiment value, rather than
making a prediction. When OPERA predictions are compared to
COSMOtherm predictions for novel PFAS from Endo, and even
many of the PFAS with newly tted PPLFER solute descriptors,
the OPERA predictions are not as accurate. This is expected
behavior because nearest neighbor QSPRs cannot extrapolate to
new chemistries, only interpolate between existing chemistries.
The horizontal lines of solutes in Fig. 2C for log KAW indicate
that the OPERA predictions are using a small number of
experimental PFAS data to make predictions for most novel
PFAS.

Fig. 1D, 2D, and 3D show EPI Suite v.4.11 predictions against
expected values for log KOW, log KAW, and log KOA of PFAS.
Predictions for log KOW are good, comparable to IFSQSAR
v.1.1.1 with high R2 (0.86–0.99) and low RMSE (0.38–1.27)
values. EPI Suite predictions for log KAW and log KOA against
experimental and PPLFER-calculated values have moderate to
Environ. Sci.: Processes Impacts, 2024, 26, 1986–1998 | 1993
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strong correlations with R2 values of 0.90 to 0.75 but they tend to
over-predict volatility, with log KAW values biased high and log
KOA values biased low, resulting in high RMSE values of about
2.3 log units for both. The predictions for log KAW and log KOA of
novel PFAS are poor, with high RMSE values of 2.7 to 3.3 log
units compared to the COSMOtherm calculated values. It should
be noted that EPI Suite v.4.11 does not have an independent log
KOA QSPR, the predictions are calculated by thermodynamic
cycle from log KOW and log KAW, which does not account for the
discrepancy between wet and dry octanol. Clearly the fragment
based QSPRs in EPI Suite can make good predictions for par-
titioning properties when they are calibrated with adequate data
as shown by the good predictions for log KOW, but some of the
QSPRs are lacking adequate calibration data for PFAS.

The plot of log KOA values calculated by IFSQSAR v.1.1.1
showed an under-prediction bias with a slope of 0.623 when
compared to the COSMOtherm calculated values, see Fig. S4A.†
The log KOA values did not show the same under-prediction bias
when compared to the experimental and PPLFER expected
values. Hammer and Endo found that COSMOtherm tends to
over-predict solvent-air partitioning, which would explain some
of the observed bias.45 An extensive investigation of the under-
prediction bias was undertaken but the cause could not be
denitively identied. There is a notable discrepancy in the
difference between partitioning of PFAS in wet vs. dry octanol,
i.e., octanol that is saturated with water as is the case for log KOW

measurements vs. octanol that contains no water as is the case
for log KOA measurements. The new IFSQSAR v1.1.1 and the
COSMOtherm predictions do not match the same trends
observed for other chemical classes, see Section SI2† for details.
During this investigation the A solute descriptor QSPR in
IFSQSAR was re-created de novo to include the new PFAS data.
This improved the statistics of the external validation but did
not completely resolve the under-prediction bias, as seen in
Fig. 3B the slope of the log KOA plot for IFSQSAR predictions
against COSMOtherm predictions was increased to 0.727.
IFSQSAR v.1.1.1 uses the A QSPR that was re-created de novo,
and this is what is shown in the rest of the gures and statistics
in Section 3.3.

Fig. S5† compares PPLFER calculations parameterized by
solute descriptors predicted in ACD Labs. ACD Labs predicts the
V solute descriptor rather than VF, and PPLFER equations from
our previous work calibrated to use V were applied.26,30 The
PPLFER predictions for log KOW made using the solute
descriptors from ACD Labs show a better match with expected
values than OPERA and IFSQSAR v.1.1.0, but worse than EPI
Suite or IFSQSAR v.1.1.1. For log KAW and log KOA the PPLFER
predictions using solute descriptors predicted by ACD Labs are
a better match with expected values than predictions from EPI
Suite or OPERA but are worse than predictions from IFSQSAR
v.1.1.0 or v.1.1.1.

PFAS are relatively scarce in the training datasets used to
develop EPI Suite v.4.11, OPERA v.2.9, and before this work also
IFSQSAR. All these models are still only able to generate
predictions for the neutral form of ionizable PFAS such as
peruoroalkyl acids (PFAAs). As documented in the literature
for KOW,51,52 there can be substantial discrepancies in the
1994 | Environ. Sci.: Processes Impacts, 2024, 26, 1986–1998
predicted values generated by different QSARs/soware pack-
ages and also in the predicted values generated by different
versions of the same QSAR/soware package. For example, the
predicted log KOW of the neutral form of PFOS (referred to as log
KOW,N) generated by EPI Suite KOWWIN v1.67 is 6.28 but is 4.49
if using EPI Suite KOWWIN v1.68 or later versions. This is due to
the inclusion of the “–CF2(–CF2)(–CF2) (linear –CF2–core)” factor
in KOWWIN v1.68 and later versions.

Upon inspection of some of the property data included in the
US EPA CompTox dashboard for PFAAs which uses OPERA for
property prediction, there are instances of pseudo-replication
(same value attributed to multiple sources), mischaracteriza-
tion of predicted values as “experimental”, and inclusion of
anionic (i.e., charged form/salt) property values with neutral
form property values. There are also instances when the OPERA
v.2.9 predicted values are exactly or nearly identical to the
average of “experimental” values (but which may in fact be a set
of predicted values). As explained above, this is because the
average “experimental” values from the US EPA CompTox
database are included in OPERA and are preferentially selected
when a perfect match is found. See Section S3† for additional
details. While some of these issues are not uncommon when
compiling large quantities of property data from numerous
sources, it is important to account for them when selecting
property values.

4. Conclusion

In this work we found that the best predictive power for PCP of
PFAS with PPLFERs was obtained when three criteria were met:
VF was used instead of V, eqn (3) was used instead of eqn (1) and
(2), and the PPLFER calibration datasets included PFAS. We
have recalibrated PPLFER equations, i.e. Table 2, and IFSQSAR
for the most commonly used PCP so that these three criteria are
met. Abraham and Acree argued that the inclusion of VF was
unnecessary in their calibration of solute descriptors for
FTOHs, and used eqn (1) and (2).29 However, we have deter-
mined in this work that their calibration was underdetermined
due to insufficient data, meaning that the PCP data could be t
exactly but the predictive power would be poor for other
systems. The large discrepancy observed between S solute
descriptor values from the two competing sets also appears to
have been due mainly to insufficient training data available to
be used by Abraham and Acree. Only four partition ratios, SW,
and VP were used in the Abraham calibration,29 whereas Endo
used the same partition ratios plus multiple GC retention time
measurements on columns with different polarities.35 Applying
equations and tting methods favored by the Abraham group
on the data from Endo still resulted in S values which were close
to the Endo set, so the results are quite stable. In contrast,
applying the equations and tting methods used by Endo to the
data from Abraham dramatically changed results. The S values
in the Endo set are consistent with data from the original
derivation of the S.46 However, the S, A, and B values of PFAS will
still have differences due to the three criteria outlined above.

The introduction of VF and eqn (3) by Goss, Endo and
colleagues has improved the predictive power of PPLFERs for
This journal is © The Royal Society of Chemistry 2024
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PFAS, though we view VF an interim method because it conicts
with the underlying theory as developed by Abraham and
McGowan. Additionally, because we found deviations between V
and MV[l] for other atoms, see Section SI1 and Fig. S2,† further
adjustments may be needed or a new volume parameter
selected. Another example of an adjustment made to the
calculation of V is when van Noort et al. adjusted V for PCBs by
tting it along with the other solute descriptors.53 They attrib-
uted this change to steric effects when chlorine atoms are in the
ortho position, but it is interesting that this adjustment was
made for another class of highly halogenated solutes which
have a discrepancy between V and MV[l]. Changing the V
descriptor to a different characteristic volume might resolve the
observed discrepancies but would require recalibrating the
entire PPLFER system and the community should agree on what
to use. Abraham's original criteria for selecting V are still a good
guide,41 these are as follows. (1) The descriptor should correlate
with the cavitation free energy, i.e., the energy required to make
space for the solute in a solvent. (2) The calculation should be
trivial to make calibrating the other descriptors easier. (3) The
descriptor should be largely an intrinsic solute property, inde-
pendent of the partitioning system. Not explicitly stated by
Abraham but also important is: (4) the descriptor should be
orthogonal to the other descriptors as much as possible.
Criterion 2 is not very restrictive, a QSPR based on McGowan's
method for calculating V can be tted to any volume dataset,
such as was done for MV[l] in our recent work.26 Molar volume at
the critical point (critical volume, VC) is used as the character-
istic volume in some equation of state models, and specic
molecular interactions such as hydrogen bonding do not occur
in the critical state so this would meet criterion 4. Partial molar
volume in a reference solvent, such as water, super critical
water, or some other solvent may also be an option provided
that the training data and model tting are selected to reduce
the effects of hydrogen bonding and dipole interactions. van
Noort used the solvent accessible volume to justify the adjust-
ments made to V made for PCBs,53 which can be calculated by
various soware.

The work of Endo35 also includes another important depar-
ture from how the solute descriptors are typically calibrated.
During the tting procedure the PFAS were also included in the
training dataset of the PPLFER system parameters, and both the
solute descriptors for PFAS and system parameters of the
PPLFER equations were calibrated together in an iterative
procedure. Similar iterative tting was done when Abraham was
originally creating the PPLFER system, but the typical procedure
now is to keep the system parameters xed and calibrate only
the solute descriptors,28 or keep the solute descriptors xed and
calibrate the system parameters. Endo kept the solute descrip-
tors for non-PFAS solutes xed, so the calibrated PFAS solute
descriptors should still be consistent with the Abraham PPLFER
system. There is a competing PPLFER system constructed by
Poole54 which uses the same solute descriptors and equations as
the Abraham system, but it uses the iterative retting procedure
to calibrate the entire system simultaneously, and the result is
that the solute descriptors and system parameters are different
enough that the two systems are no longer compatible. The
This journal is © The Royal Society of Chemistry 2024
Abraham system would likely also benet from a full recali-
bration using this iterative procedure, or some other simulta-
neous tting procedure.

Another aspect of the Abraham PPLFER system relevant for
PFAS is the extension for ionized solutes because some of the
most problematic PFAS are ionized at environmental pH. The
system requires two additional solute descriptors to account for
molecular interactions of ions, but the number of solutes with
calibrated descriptors is still small. This system is a simplica-
tion, because it does not account for ion pairing and other
process which can affect ion partitioning. Properly accounting
for these additional effects is still a research need. The easiest
method to calibrate the new descriptors is using empirical
regressions with the other solute descriptors.55 However, the
number of ionizable groups with empirical regressions is small
and these are unlikely to work for ionizable PFAS. In our
previous work developing empirical regressions with solute
descriptors30 PFAS were strong outliers that had to be excluded.
Including the extension for the partitioning of ions in a full,
iterative recalibration of the Abaraham system may allow for
expanding the applicability.

The solute descriptors and PPLFER equations calibrated by
Endo, and those calibrated in this work, are only applicable to
neutral PFAS and to the neutral forms of ionizable PFAS, so they
will generally not be applicable to PFAAs. Caution and addi-
tional scrutiny are required when compiling PCP data for PFAS
in general but PFAAs in particular because of their strong
tendency to dissociate (i.e., pKa values < 2).56,57 Measured
property data (e.g., water solubility, octanol–water partitioning,
biopartitioning) for PFAAs should be assumed to predomi-
nantly represent the behaviour of the charged form unless it is
explicitly stated that experimental conditions have been estab-
lished such that the presence of the neutral form is favoured.
Despite the extra steps taken in this work to improve the
prediction of the A solute descriptor for PFAS with sulfonic and
sulfonamide functional groups these still have some of the
largest discrepancies between predicted and expected values for
log KOW, log KOA, and log KAW. This may be because they are
functional groups that are not well represented in the PPLFER
training datasets, or it may be because they are ionizing. Sulfur-
containing and ionizing PFAS are obvious candidates for future
experimental work, measurements of the partitioning of neutral
and ionized species would help to improve QSPRs and yield
further mechanistic insights. However, for strongly ionizing
PFAS such as those containing sulfonic acid functional groups
measuring the partitioning of the neutral form is likely
impossible, so some combination of theory, e.g., COSMOtherm
calculations, and measurements will be required.

Data availability

Experimental and quantum chemical data for PFAS partition-
ing, retention times, and solute descriptors used in this work is
from the following paper: Endo, S., Intermolecular interactions,
solute descriptors, and partition properties of neutral Per- and
Polyuoroalkyl Substances (PFAS), Environ. Sci. Technol., 2023,
57(45): pp. 17534–17541. IFSQSAR code developed in this work
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is available on GitHub: https://github.com/tnbrowncontam/
ifsqsar.
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