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ABSTRACT

Determinations of solute-cosolute interactions from chromatography have often resulted in
problems, such as the “antibinding” (or a negative binding constant) between the solute and micelle
in micellar liquid chromatography (MLC) or indeterminacy of salt-ligand binding strength in high-
performance affinity chromatography (HPAC). This shows that the stoichiometric binding models
adopted in many chromatographic analyses cannot capture the non-specific nature of solvation
interactions. In contrast, an approach using statistical thermodynamics handles these complexities
without such problems and directly links chromatographic data to, for example, solubility data via
auniversal framework based on Kirkwood-Buff integrals (KBI) of the radial distribution functions.
The chromatographic measurements can now be interpreted within this universal theoretical
framework that has been used to rationalize small solute solubility, biomolecular stability, binding,
aggregation and gelation. In particular, KBI analysis identifies key solute-cosolute interactions,
including excluded volume effects. We present (i) how KBI can be obtained directly from the
cosolute concentration dependence of the distribution coefficient, (ii) how the classical binding
model, when used solely as a fitting model, can yield the KBIs directly from the literature data,
and (iii) how chromatography and solubility measurements can be compared in the unified
theoretical framework provided via KBIs without any arbitrary assumptions about the stationary

phase. To perform our own analyses on multiple datasets we have used an “app”. To aid readers’



understanding and to allow analyses of their own datasets, the app is provided with many datasets

and is freely available on-line as an open-source resource.

1. Introduction

The way that solutes interact in the aqueous environment can be modulated through the addition

t£44

of small molecules (“cosolutes”), leading to solubility enhancemen stabilizing biopolymer

folding, controlling protein-ligand interaction and controlling protein aggregation and gelation.>
To this end, many different cosolutes (salts, small organic molecules, hydrotropes, micelles and
polymers) have been used. These can exhibit different degrees of self-aggregation (micellar
surfactants, hydrotropes and cosolvents) and different modes of interaction specificity with the

solute (e.g. encapsulation by cyclodextrins, incorporation into micelles, electrostatic interactions

with salts, and weak, non-specific interactions with osmolytes).”!!

Chromatography is a powerful technique to quantify solute-cosolute interaction due to its
superiority in speed and simplicity compared to thermodynamic techniques, which are often slow
and painstaking.>!? Different chromatographic approaches, targeting a particular range of self-

aggregation and specificity, have been developed, including

(1) micellar liquid chromatography (MLC) to quantify micelle-solute affinities;'*"!”

(i)  high performance affinity chromatography (HPAC) to measure protein-ligand

affinities'® 26

However, the interpretations of the data from these techniques are still based on ideas of

13-20

stoichiometric solute-cosolute binding, which have not only been invalidated and superseded



in the recent development in complex solutions, but have also been shown to contradict the actual

chromatographic data.

Indeed, “antibinding” or negative solute-cosolute binding constants have been reported in MLC

for decades,?’°

which is contradictory in principle to the basic assumption, i.e., the stoichiometric
binding between the solute and cosolute. Moreover, the salt-ligand binding constant, one of the
fundamental parameters for HPAC, sometimes turned out to be indeterminate'® by experimental

data; several different binding constants may also be required for some systems.!'® Analysing

chromatographic data by stoichiometric binding models has thus led to fundamental difficulties.

Such fundamental difficulties cannot be resolved by data acquisition. What is needed instead is
a reconsideration of the theoretical foundation upon which the experimental data are analysed.
Here we show that the stoichiometric binding models can be replaced by a general molecular
(statistical) thermodynamic theory, which enables the quantification of non-specific interactions
based on the realistic picture of such interactions in solutions.** Instead of the binding constant
which, by definition, can only be positive (and where rectifying this has led to more complex
assumptions),>**? we advocate the use of the Kirkwood-Buff integrals (KBIs),**> defined from
the distribution of molecules around the solute, for the following advantages:
e Non-specific interactions are defined directly from a fundamental property of solution
structure, i.e., molecular distribution functions®*

e Association and exclusion of the cosolutes around the solute can both be treated?¢3®

e The analysis does not depend on any presumed linearity of any plot*



In addition, characterising the non-specific and non-stoichiometric nature of solute-cosolute
interactions by KBIs has resolved decades-long confusions and controversies in other scientific
disciplines which had previously used stoichiometric modelling of non-stoichiometric
interactions.®!%3637 There, as here, the key for resolution was to abandon the stoichiometric models
and to replace them with molecular distribution functions.>*® Despite the clarity attained in other
fields of research, chromatographic analysis on cosolute effects still suffers from the lack of clarity.
We will demonstrate that analysing chromatographic data based on the molecular distribution
functions will lead to a novel, universal method that do not suffer from the fundamental difficulties

of the traditional methods.!%%72°

Hence the goal of this paper is fourfold:

1. To establish a universal theory of cosolvent effects in chromatography regardless of the
degree of cosolvent self-association, solute-cosolvent binding strength and specificity.

2. To link the previous theoretical models to the universal theory so that all the fitting
parameters reported in the literature can immediately be useful in quantifying the cosolvent
effect on a molecular basis in the framework of the universal theory.

3. To clarify the presumed relationship between chromatography and solubility for MLC in
terms of KBIs, thereby providing the criterion to judge whether chromatography can
facilitate high-throughput determination of solute-micelle affinities.

4. To highlight the problem of the necessary assumption made by stoichiometric models that
the cosolute does not interact with the stationary phase.

Thus, the main focus of this paper is to propose a new approach to chromatographic data analysis

and interpretation, in order to overcome the difficulties and paradoxes arising from the traditional



analysis methods. As in our previous papers,>***’ the calculations, based directly on our novel
approach, throughout have been performed using an “app”, which is freely available on-line, along
with all the datasets used, so that readers can check the approach for themselves and load and

analyse their own datasets.

2. A statistical thermodynamic foundation for chromatography

2.1 High Performance Affinity Chromatography (HPAC)

We consider the mobile phase comprised of dilute ligand (i = u), water (i = 1) and cosolute (i =
2) molecule. Proteins, that bind ligand in a specific manner, have been fixed onto the stationary
phase. Let us denote the concentration of the species c;. At a given c,, the number of receptor
active sites 7, the volume of the mobile phase V,,,, and the retention factor k£ can all be measured,
from which the distribution constant K of the solute can be calculated using a well-known formula
as

k=K-— (1)

Vim
The distribution coefficient K, under the instantaneous equilibrium assumption, signifies ligand

partitioning between the mobile and stationary phases, as

S
K=5% (2)
where c;, is the ligand concentration in the stationary phase. Consequently, K can be linked via

statistical thermodynamics to the free energy Apu,, of transferring a ligand from a fixed centre of

mass position in the stationary phase to that in the mobile phase as



Aul, = —RTlnz—?z RTInK

€)

With the above setup, chromatographic measurements can now be analysed in the framework of
statistical thermodynamics. To do so, the distribution constant K of ligands is measured along with

the concentration of non-micellar cosolutes, c,. Then a rigorous statistical thermodynamic

result’*®37 can be used to interpret the distribution constant when the cosolutes are dilute
1 (3Auy _ _(9InK _ _
RT( ac, )T_P_Cu_>0 - ( ac, )T,P,cu—>0 = AGy — AGyy
“4)

in terms of the change A of the Kirkwood-Buff integral (KBI) that accompanies ligand
dissociation. The KBI between the solute and the species i at state a, either “b” for bound ligand-
protein pair or “d” for dissociated, is defined as

Gy = 4m [ drr? [gy(r) — 1]

)

in which g,,; (1) is the radial distribution function between the solute and the species i.>>° Hence
AG,,; is defined as the difference in KBI between the dissociated and bound states, i.e., AG,; =
G2 — G2,3%%7 Such a KBI difference can be evaluated from how the retention factor k depends
on cosolute concentration c¢,, because the c, dependence of K in Eq. (4) comes from the c,

dependence of k.

It 1s natural to consider that water and cosolute both interact not only with the ligand but also
with the protein, hence the chromatographic distribution coefficient K should correspond to the

ligand-protein dissociation constant in the thermodynamics of protein-ligand binding. This is



indeed in line with Eq. (4) in which the cosolute effect on protein-ligand binding is driven by the
differences of KBIs. However, earlier literature on the cosolute effect considered the mutual
binding of cosolutes (or “displacers™) and ligands to a common site on the stationary phase,*'~#
which does not directly consider cosolute-ligand interaction in the mobile phase. The

thermodynamic binding model was later extended to rectify this shortcoming, only to result in

indeterminate binding constant (see Section 3.1).'®

Thus, we advocate that KBIs be used as the universal measure to quantify affinities from
chromatographic measurements, instead of a number of different models and conventions
developed for particular applications.'>2° The universality of KBIs comes from its definition as
net affinity, based directly on solution structure.’* 3 To appreciate its meaning, let us first note
that solute-cosolute distribution function, g,,,(7), tends to 1 far away from the solute (at large r),
where the solution structure is no longer affected by the presence of the solute and therefore is the
same as the bulk solution. The attractive regions (i.e., r with g,,(r) > 1) contributes positively to
KBIs whereas repulsion (i.e., v with g,,(r) < 1) contributes negatively. In summary, the KBI
(Eq. (5)) signifies the net increase in the concentration of species i around the solute compared to

the bulk solution.?>°

Thus, the increment of protein-cosolute and protein-water interactions that accompany ligand
dissociation, AG,,, and AG,;, competitively contribute to drive the ligand dissociation. To identify
which of the two is the dominant contribution, Eq. (4) from chromatographic should be combined
with the partial molar volume change Av? that accompanies protein-ligand dissociation, which is

known to yield AG,, via’*¢*



AGyy = —Avy (6)
Note that Egs. (4) and (6) have been derived under dilute cosolute concentration as has been
commonly performed in chromatographic measurements, and can be generalized straightforwardly

to higher cosolute concentrations.”-¢3

To extract KBI from experimental data of retention factor, k, versus cosolute concentration, the
following steps are required:

(1) fit the data to a convenient function,

(i1) use the analytical derivative of that function at any concentration to calculate AG,,, from

Eq. (4) as AG,; is negligibly small.

Indeed, evidence in the literature’#2%37 shows that that AG,; is usually in the order of 10%-102
cm® mol~1, which, as can be seen from the app, is several orders of magnitude smaller than AG,,,.
Such an order-of-magnitude analysis, which has led to a drastic simplification in data analysis,
was made possible via a novel link between the chromatographic k and KBIs, which has made it
possible to be compared with the volumetric data on binding. Such a negligibility of AG,;
simplifies the application of Eq. (4) to salts as cosolutes. AG,,, per salt has been calculated by
taking c, as the concentration of salts whereas the per-ion AG,,, commonly employed in the
literature of KBI calculation, can be obtained simply multiplying per-salt AG,,, by the number of

ions per salt, 384445

The process is conveniently done via the app shown in Figure 1 which can perform the analysis
of data from a wide range of different systems assembled and placed into a uniform format by the

Peyrin group,'® though, of course, our analysis is different from theirs. We emphasise that the app,



which already contains at least 4 different classes of data sets, is provided here to enable the readers
to test this new, universal approach. The data used in the app is necessarily of limited quality
because it has been extracted from the graphs and converted from the log-log format of the original.
Users can also load their own data in the simple format specified in the app. To fit the wide variety
of data, a pragmatic choice of fitting equation was made that is generally robust and does a

reasonable job with the 11 examples extracted from the paper.

High Performance Affinity Chromatography
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Figure 1. An interactive statistical thermodynamic analysis of High Performance Affinity
Chromatography (HPAC) data taken from Slama et al.'® for medetomide-R-1-glycoprotein-
sodium phosphate in the presence of salts. The raw data are shown in the table in the app. The Ink
versus salt concentration (c,) data are fitted to a convenient function and the solute-cosolute KBI
(AG,,) values are extracted from the analytical derivative of the curve. Per-salt AG,,, has been

reported for salt. The app 1is available at https://www.stevenabbott.co.uk/practical-

chromatography/HPAC.php

2.2. Micellar Liquid Chromatography (MLC)
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The universality of the statistical thermodynamic foundation presented in Section 2.1 can be
demonstrated by seeing how easy it is to adapt it to a different chromatographic technique,
specializing exclusively in micellar cosolutes, which previously had been analyzed using a
separate theoretical model. MLC deals with micellar cosolutes, for which we consider surfactant
monomer (i = 2) and surfactant micelle (i = 3), whose aggregation number is m,*’ under micelle-
monomer equilibrium above the critical micelle concentration (CMC). Due to the micelle-
monomer equilibrium, the solvent mixture (water, monomer and micelle) still behaves like an
effective two-component mixture; indeed, chromatographic measurements are conducted in the
concentrations much larger than CMC where surfactants are predominantly in a micellar form.*’

In addition to the concentration c¢; defined in Section 2, we also use c; as the total concentration

of surfactant monomer, such that ¢, = mc; for the case of predominant micelle formation.*’

In MLC, the solute’s distribution coefficient K is measured along with the surfactant
concentration, c3, which can be linked to KBIs via a rigorous statistical thermodynamic result

derived under the condition that the surfactants are predominantly in the micellar form,’ as

1 (0Auy,
—— = = AG,3 — AG 7
RT( )T,P,cu—>0 u3 ul ( )

aC3
where AG,,; signifies the difference of KBI between the mobile (¢ = m) and stationary (a = s)

phases, i.e., AGy; = G} — G;,;.

Note, according to the implicit assumption of MLC, that the surfactant predominantly affects
the mobile phase, so K, according to MLC, is the measure of solute affinity to the mobile phase,

independent of surfactant concentration. If this is true, then the right-hand side of Eq. (7) actually

11



involves the mobile phase only (i.e., G;j5 — G;;3). This means that it can also be determined from
how solubility (measured by classical techniques) depends on surfactant concentration. If this
chain of logic is true then there is a common foundation for solubility and chromatographic
measurements, leading to an expectation that micellar solubilization can be measured much more
efficiently using chromatography than from solubility measurements. In Section 3.3., the
comparison between some MLC-based and solubility-based values is made. The evidence suggests

that this fast-track method is not currently reliable.

Eq. (7) shows that micellar solubilization is due to the stronger solute-cosolute interaction
increase (upon stationary to mobile transfer of a solute) compared to solute-water.’ In quantifying
micellar solubilization, the accumulating evidence for the multiple possible locations (from
interior to the surface) for a solute in the micellar system***° has posed much difficulties.
However, Eq. (7) is valid regardless of the solute location.*’ If the solute is buried inside, then
Guz(r) has a sharp peak near r = 0. If the solute is bound between the hydrophobic chains of the
surfactant molecules, then g,,5(r) peak shifts to a larger » but still less than the micelle radius. If
the solute is bound on the surface, a sharp g, 3(r) peak is observed at the micelle-solute contact

distance. Wherever the solute is located, KBI can link solute-micelle affinity to solubilization.

In the current analysis of experimental data, surfactant concentration is commonly used instead
of the micellar concentration. The use of total surfactant concentration c;, with the use of the

aggregation number m yields the expression conforming to this practice®’

- (5% = — (AGyz — AGyy) ®)

I
9¢2 /1,p,cy—0

Eq. (8) clarifies the two competing driving forces at work for solubilization.

12



(1) The large m, which refers to the effective reduction in the number of hydrotropes, hence
an apparent inefficiency due to micellization.’

(i1) The large AG,,; more than compensates for this factor, making many micellar hydrotropes
effective solubilizers.’

Note, due to the existence of monomer-micelle equilibrium, that solute-micelle and solute-

monomer KB integrals cannot be determined independently.*!! However, solute-micelle and

solute-water KBIs can both be determined. To do so, just like HPAC, the change of partial molar

volume v of the solute accompanying the transfer from stationary to mobile phases, should be

4,9,36

used in conjunction, as

AGy, = =AMV 9)

To extract KBI from experimental data of retention factor, k, versus concentration of surfactant
just two steps are required: fit the data (In K versus c3) to a convenient polynomial, then use the
analytical derivative of that polynomial at any concentration to calculate AG,; from Eq. (8), using
any convenient estimate of AG,;. Although K requires n/V,,, because this appears only as a small
constant (e.g. In(100)~5), it can be ignored in calculation of the relatively large AG, 3 values.

Similarly, the AG,; term is usually negligible’>®

and is not required for the app. The process is
conveniently done via the app shown in Figure 2 which is performing the analysis of some classic
data from Armstrong and Stine. The user can select one of the many datasets we have analysed, or
users can load their own datasets if provided in a simple format described in the app. Moreover,

readers are encouraged to use this free application to check the validity of new approach using

their own experimental data.
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Micellar Liquid Chromatography
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Figure 2. A statistical thermodynamic analysis of Micellar Liquid Chromatography (MLC) data,

13,29,50-52

taken from literature, which interactively shows the route from raw data to fitting to
calculation of solute-micelle KBI (AG,3) values. The sliders allow users to change the estimates

of potentially uncertain values such as aggregation number. The significance of the lower part of

the app is discussed below. The app is available at https://www.stevenabbott.co.uk/practical-

chromatography/MLC.php

3. Statistical thermodynamics versus stoichiometric binding models

3.1. Breakdown of stoichiometric binding in HPAC

14


https://www.stevenabbott.co.uk/practical-chromatography/MLC.php
https://www.stevenabbott.co.uk/practical-chromatography/MLC.php

As demonstrated in Section 2, KBIs, the universal affinity measure, can be calculated
straightforwardly from experimental data on the dependence of retention factor & on cosolute
concentration. Such a clarity, generality and universality cannot be obtained from the traditional

analysis based on thermodynamic models, as will be demonstrated below.

Prior to the statistical thermodynamic theory, the effect of cosolutes on solvation had long been
modelled using the competitive solvent binding model.?!**3-5 Here we do not discuss many
fundamental difficulties and confusions that necessitated the replacement of this model by

statistical thermodynamics, for which our reviews may be consulted.>*®

We focus instead on the difficulties encountered by the previous analysis of cosolute (salt) effect
on protein-ligand binding conducted via the competitive solvent binding model.!®?° According to
this model, the number of cosolutes released on protein-ligand dissociation, An,, as well as the
average binding constant of each cosolute k, are the key to parameters to be quantified from
experiments, via!®>%>3

Ink =Inky + An, In(1 + kc;) (10)
where k, is a constant. In the analysis, however, a linear dependence of In k on Inc, has been
reported for the ligand-protein combinations of aspartame and a-chymotrypsin, medetomide and
a-1-glycoprotein, and beraprost and a-1-glycoprotein,'® that have led to the determination of An,
via

dlnk
dlinc,

~ An, (11)
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Note that Eq. (11) is the k = oo limit of Eq. (10). This relationship, however, is problematic for
the following reasons: (i) k, another key parameter for the model, is rendered undeterminable; (ii)

Egs. (4) and (11) leads to the KBI,

dlnk dlnk al A
AG,, — AG,, = -2~ =207 0% 0

dcy dlncy, dcy c

(12)

which diverges at ¢, — 0, which is unphysical, showing the difficulty with regards to this linear
relationship between Ink and Inc,. Moreover, highly non-linear relationships, whenever
observed, have been fitted by assuming multiple strengths of salt binding constants, which

complicates the analysis with arbitrary assumptions.!®

In contrast, as has been demonstrated in Section 2, the calculation of KBIs is so much simpler
and universal. Firstly, unlike the KBI approach which uses the same model, the thermodynamic

model for salts as cosolutes adopted by HPAC!8-20:5453

is completely different from that for
surfactant cosolutes developed for MLC (Section 3.2). Secondly, although calculation of KBIs still
requires fitting functions, unlike the traditional binding models which require the data to be forced
into linear plots (such as the Hill or Klotz plot®?), the fitting functions are solely for the purpose of

calculating the gradient of In k with respect to c,. Thirdly, KBIs can be used regardless of cosolute

self-association.*’

3.2. Obtaining KBIs from existing ML.C binding model values

16



There is a further advantage to the KBI approach: we can convert, with obvious limitations,
previously published data into KBI values enabling the wealth of data in the literature to be used
within the KBI context.

The idea is to use binding model data as an empirical®®

fitting model for experimental data. This
enables us to obtain KBIs directly from the results in the literature that have relied upon the
stoichiometric model. To do so, let us start from the distribution/partition coefficient K, and rewrite

it in the language of the binding coefficients of Armstrong and Stine,?® while using the molarity

concentration throughout, as

i
S N aq
C C. [
K==_2 —__u 13
cu  cyl+ct #4_1 (13)
Cuq

where ¢;? and c¢]* represent the solute concentrations in the “aqueous” (bulk water) (sub)phase
and in the micelle, respectively. Following Armstrong and Stine, Eq. (13) can be rewritten using
the volume fraction of the micelle, c;v; (where v5 is the partial molar volume of the micelle), as

well as the solute’s micelle-water and stationary-water partition constants, K,,,, and Kj,,,, as*®

1—-c3vz ¢

Ky = o
sa-

Koy = % (15)

u

What is important here is the factors ILZ% and (1 — c3v3) used in deriving Egs. (14) and (15);
3

C3
m
note that % depends not only on the relative affinity of the solute in two subphases but also the
u

relative amounts of the micellar subphase in the solution.’”? To extract the relative affinity
information only, the subphase amounts must be normalized, which has led to the factors 1 — c3v3

and c3v3 in Egs. (14) and (15). Combining Egs. (13)-(15) yields

17



KSW

K = e ores (1)
Substituting Eq. (16) into Eq. (8) yields
(Kmw—1)v3
AGyz — AGy, = —2w—3 (17)

1+(Kmw—1)v3c3

Thus, the micelle-water binding constant, K,y,,,,, from the stoichiometric model, when used solely
as a fitting parameter, can directly yield the KBI difference via Eq. (17), thereby enabling an
evaluation of weak, non-specific interactions realistically via statistical thermodynamics. This
analysis remains valid even when K,,,, is negative, i.e. the antibinding state. The app allows the
user to input K,,,, at a chosen surfactant concentration c¢; plus an estimate of v3 to perform the
conversion to AG,, 3, again assuming that the AG,; term is negligible. The value shown in Figure
3 (the lower portion of the app in Figure 2) using Armstrong and Stine’s own value of K, is

similar (see the mouse read-out at 10.2 mM) to the values calculated via the full theory.

Kot BmiM £y mbd Mval,,,: coimale
100 5 1 A0
G limal P K Fas
2515 | rsuu | [os08 | [s42

Figure 3. Calculation of solute-micelle KBI (AG,3) from empirically-determined K,,,, values
reported in the literature, along with experimentally-determined properties of surfactant and solute

28.29 required for KBI determination. This is part of the MLC app presented in Figure 2.

Not only does Eq. (17) serve as a convenient method for quantifying weak, non-specific

interactions through the evaluation of KBIs using the stoichiometric binding model purely as a

18



fitting model for experimental data; it also clarifies the key differences in molecular picture
between stoichiometric binding and statistical thermodynamics. In addition, the important
limitation of the stoichiometric approach, which has posed severe difficulties in the understanding

of protein denaturation and stability from 1970s to early 2000s,%3%31-585 has come to the fore.

Firstly, while the negative K,,,, (‘“antibinding”) in the framework of the binding model signifies
the failure and limitation of the model, statistical thermodynamics interprets this as a negative
AG,; — AG,,1, which represents a net depletion of cosolute around the solute as compared to the
bulk.*® Unlike the solvent exchange model, that attempted to incorporate cosolute exclusion within
stoichiometric model, statistical thermodynamics is free from assumptions, such as how many
water molecules should replace cosolute on solvation shell or the thickness of the solvation shell.
836 Cosolute exclusion in general has been well-documented around macromolecules as well as
around small solutes,” '! and Eq. (17) now makes it possible to quantify micelle exclusion from
chromatographic data. However, experimental results on antibinding analysed via our theory yield
cosolute exclusion far larger than micelle-solute exclusion volume. This supports the common-
sense notion, contrary to the implicit assumption required by MLC theory, that surfactants not only
affect the interaction between the solute and the mobile phase but also between the solute and the
stationary phase. The evidence from NMR,%’ suggesting the capability of anionic surfactants to

bind to some mobile phases, seems to be consistent with this reasoning.

Secondly, the K,,,,, — 1 term in Eq. (17) shows that even a weak positive binding constant (for

which K,,,, < 1) gives rise to a negative AG,3 — AG,4, which again signifies the exclusion of

micelles. That weakly-binding cosolutes can nevertheless lead to preferential exclusion posed a
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serious paradox in the elucidation of protein denaturation and stabilitzation.®3%*1%85% The clue to
resolving this paradox, albeit phenomenologically, came from considering the competitive binding
of cosolute and water on the shared binding sites on biomolecules.?! The chromatographic binding
model also takes into account both the binding of water and cosolutes, which has given rise to
Kw — 1. This has at least captured the basic relationship between weak binding and preferential

exclusion right, albeit in a primitive model.

The lower portion of the MLC app shown in Figure 3 allows this translation to be made. From
the user’s K,,,,, concentration and molar volume of the surfactant, and the concentration of the

solute, the G,3 and other values are calculated.

The key limitation of this approach is that the values are based on a linear average across
concentrations whereas the KBI approach creates values from the real-world, non-linear
dependency at each concentration. So, the mining of literature data needs to be done with due

regard to this (modest) limitation.

3.3 Comparing MLC to solubility data

One of the major hindrances towards the high-throughput measurements of micellar solubilization
comes from the different theoretical models used in analyzing such properties as solubility and
chromatographic behavior in the framework of stoichiometric binding models. Since there is now
a common theoretical framework for these two, the results from the binding model for

chromatography and the partitioning model for solubility can be compared directly. To this end,
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here we briefly revisit the two key parameters used in the partitioning model for solubility k.*361:62

The first is the molar solubilization ratio (MSR) k at a total surfactant concentration ¢y, which has
been defined as

cy = O+ K(ch — S (18)
where c,, is the solubility of the solute and ¢ is that at CMC (c5™¢").4861:52 The second is the molar

micelle-water partition coefficient K,,, which appears in the context of rewriting Eq. (18) as *°

Cu 1+K(C+ff)= 1+ Ky(ch — c§™) = 1 + Kyc) (19)

Cu

where ¢} > c§™¢" is usually the concentration region used for solubilization.*612 The “partition
coefficient” K, here refers to the partitioning of solute molecules between water and micellar
interior, which is a further simplification of the stoichiometric modelling of solute-surfactant
complexation.®* Using Eq. (19) as K in Eq. (7), we obtain*

mKpy

Gz — Gyy = (20)

1+mKpc3

Thus, there 1s a one-to-one correspondence between the chromatographic micelle-water binding
constant and the solubility-based micelle-water partitioning coefficient, as can be seen by
comparing Eqgs. (17) and (20):

mKy = v3(Kpy — 1) (21)
Thus, by treating K,; and K,,,, as purely fitting parameters, the experimental data in the literature
can now be used to yield solute-micelle KBIs both from the solubility and chromatographic
measurements. Thus, if the assumptions underlying MLC are correct, solubility and
chromatographic behaviour, expressed in terms of Kj; and K,,,,,, are complementary to one another

in determining the solute-micelle affinities quantified via KBIs.
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However, a systematic comparison (necessarily limited by the difficulties of finding values for
the same solutes and surfactants) between solubility expressed by mK,, and MLC parameter
v3(K,y — 1) in Figure 4 shows the discrepancy between the two, underscoring our doubts on the
basic assumption of MLC (no interaction of the surfactant with the stationary phase) presented in

Section 3.2.

4000 - =

2000 -

— 1) from solubility

: E o
1 1 1 1 l 1 1 1 1
2000 4000 6000

mkK,,,, from MLC

Km

3(

(%

Figure 4. Correlation between micelle-water partition coefficients determined from MLC
(M,,,)° 1 and solubility (K,,)® for substituted phenols in the presence of SDS. A poor correlation

raises questions on the basic assumption of MLC.

3.4. A universal statistical thermodynamic measure of chromatographic affinity
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We have chosen, in the present paper, the two chromatographic techniques that deal with cosolutes
with different degrees of self-association. Until recently, understanding the mechanism of
solubilization through the addition of cosolutes had long been hampered severely by the lack of a
general theory. Cosolutes have been categorized by the degrees of self-association, from
“cosolvents” (whose with weak self-association) to “hydrotropes” (self-associating but not strong
enough to form micelles) and micelles.>®%%” Each category of solubilization was modelled and
explained differently, often posing questions as to which theory to adopt for a given cosolute (e.g.,

% as well as the

urea as a hydrotrope).®® 7 Our recent universal theory of cosolute solubilization,*
universal formulation of the cosolute effect in the present paper, forces us to reconsider how we

should approach micelle-solute interactions.

The discrepancy is due to the following difference in perspective:
a. incorporation of solute into a micelle;
b. distribution of (non-aggregating) cosolutes around a solute.
Statistical thermodynamics endorses (b), and advocates that micellar solubilization should also be
formulated according to (b), thereby establishing a unified approach applicable to all cosolutes
regardless of their self-aggregation. Indeed, solubilization is the change of insertion free energy
(i.e., Ben-Naim’s pseudochemical potential) of a solute molecule,”! which can be explained by the
distribution of cosolutes around a solute molecule.'? These two perspectives are equivalent when
one deals with KBIs, due to their symmetry, G,; = G,,> which shows that cosolute distribution
around a solute is equivalent to solute distribution around a micelle. However, this equivalence

breaks down when we explicitly consider the excess coordination number, defined as N;; =
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chl-j.68 This means that the excess coordination number of micelles around a solute, N, is

different from that of solutes around a micelle, N3,,,%%%

as can easily be proven from its definition.
Most importantly, for sparingly soluble solutes, N,,; is useful but N, is not, because the latter tends
to zero at ¢,, = 0. For convenience, the key N;; values are provided in the apps. We might prefer

to think of excess solutes in a micelle, but the thermodynamics tells us that we must get used to

thinking of it the other way round.

Thus, we have shown that, for clarity, cosolute distribution around a solute should be adopted

as a universal measure of chromatographic affinity.

4. Conclusion

Quantifying non-specific interactions in aqueous solutions is crucial for controlling aqueous
solvation and solubility through the change of solvent composition, and chromatography offers a
route to high-throughput determination of such interactions. However, the analysis and
interpretation of chromatographic data has long been reliant upon the assumption of stoichiometric
solute-water and solute-cosolute binding, which has given rise to paradoxes, such as the

“antibinding” (negative solute-cosolute binding constant)*’ %’

and the indeterminacy of salt-ligand
affinity.'"® Such paradoxes have posed a great difficulty, because they are contradictory to the

binding models themselves and have shown their serious limitations.

Hence, we propose a rigorous statistical thermodynamic approach, which can capture non-

specific interactions, free from stoichiometric binding assumptions. Both solute binding on (or in)
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the cosolute and cosolute exclusion from the solute (or, equivalently, solute exclusion from the
cosolvent) can be quantified and captured in terms of the Kirkwood-Buff integrals,>*> which
represent a net excess or depletion of cosolute around the solute as compared to the bulk, based on
the molecular distribution function. The chromatographic measurements, regardless of the degree
of cosolute self-association, can now be interpreted in a universal theoretical framework that has
also been used to rationalize small solute solubility,**%*7° biomolecular stability, binding,
aggregation and gelation.”®3¢37 In addition, arbitrary assumptions regarding the stationary phase,
or even the neglect thereof, have also been eliminated by statistical thermodynamics. To allow this
general approach to be widely used, we have provided two open-source apps which analyse a
number of representative datasets from the literature and where users can load and analyse their

own datasets.

In view of the decades-long tradition of analysing chromatographic data based on stoichiometry,
we have also demonstrated how KBIs can directly be obtained from such an analysis, by treating
the binding model merely as a model for data fitting.3* Such an approach has paved a way towards
utilizing the wealth of literature data in a straightforward manner, while eliminating any concern

about the problems of the stoichiometric model itself.
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