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Abstract 
 

Predicting Micellization Behavior of Carboxylate Surfactants  

from Molecular Dynamics Simulations 

By Mingning Zhu 

Surfactants are amphiphilic compounds that form aggregates such as micelles in 

aqueous solution at concentrations above critical micellar concentration (cmc). However, the 

structural disorder, polydispersity, and sensitivity to conditions of surfactant micelles present 

challenges to the unambiguous determination of their properties through experiments alone. 

The first part of the thesis aims to use molecular dynamics (MD) simulations to predict and 

compare the self-assembly behavior of octanoates, focusing on the effect of varying 

counterion identities among sodium, potassium, and tetramethylammonium cations. The 

second part focuses on predicting the enthalpy change and heat capacity change of 

micellization of anionic surfactants. Statistics from MD simulations of small systems are 

input in a global fitting procedure to generate equilibrium constants for surfactant 

micellization over micelle compositions described by the number of surfactants and the 

number of bound counterions. The resulting free energy statistics are used to predict the cmc, 

mean micelle size, and the degree of counterion binding of the investigated carboxylate 

surfactants. Trends in the fitted values are consistent with experimental data. Simulations at 

different temperatures are then conducted for each kind of surfactant to analyze enthalpy 

changes associated with micellization and counterion binding. Enthalpograms will be built 

for comparison with experimental calorimetry data by explicitly considering polydispersity, 

so that the model can provide insights on cluster contributions to the enthalpy change of 

micellization at different solution concentrations.  
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1. Overview 

1.1 Micelle Self-Assembly 
Surfactants have a wide range of applications in daily life, including detergents, wetting 

agents, emulsifiers and foaming agents. They are usually amphiphilic compounds with a long 

nonpolar (hydrophobic) hydrocarbon tail and a polar (hydrophilic) head group, which enable 

them to self-assemble and form aggregates above the critical micelle concentration (cmc). 

Self-assembly is a spontaneous organization of molecules driven by noncovalent interactions 

into stable aggregates [1]. One of the most commonly formed types of aggregate is the 

micelle, where the hydrophobic tails of the surfactants form the core of the micelle and the 

hydrophilic heads are in contact with the surrounding liquid. A schematic representation of a 

micelle structure is shown in Fig. 1. 

 

Figure 1. A schematic representation of micelle structure [2]. 

The driving force for self-assembly of surfactants mainly stems from the hydrophobic effect, 

which is considered entropy driven. The favorable entropic effect explains self-assembly as a 

result of an increase in water disorder when hydrophobic surfaces dispersed in water 

aggregate and lessens the surface area around which water molecules are more aligned [3]. 

This process where structured hydration water around the hydrophobe is released into the 

bulk is endothermic, while the transfer of the hydrocarbon chains into the micelles and 
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restoring the hydrogen bonding structure of the water around the micelles are assumed to be 

exothermic [4].  

In addition, the process of rearrangement of the hydration water of the head groups upon 

incorporation in the micelles is also considered endothermic as a consequence of monomer 

association and counterions condensation [5].  

The investigated surfactants in this study are alkanoates, which are fatty acid 

molecules with negative charges, specifically octanoates (8 carbons) and decanoates (10 

carbons). The molecular structure of octanoate (OA) is shown in Fig. 2.  

 

Figure 2. Chemical structure of octanoate 

These anionic surfactants are characterized by low toxicity and high biodegradability, and are 

applied in various fields from washing, material recovery processes, environmental clean-up 

to encapsulation and drug delivery [6]. The self-assembly behavior of alkanoates depends on 

various factors such as the length of the hydrophobic tails, the concentration, the temperature, 

pH, and the binding to counterions. This study focuses on the high-pH limit, with negligible 

protonation of surfactants. Micellar properties, such as the critical micelle concentration 

(cmc), aggregation number, free energy change of micellization, are critical to a robust 

understanding of the driving forces and mechanics behind the self-assembly of ionic 

surfactants in different systems.  

1.2 Isothermal Titration Calorimetry 
Our experimental collaborator [7] investigated the micellization behavior of the long-

chain carboxylates by isothermal titration calorimetry (ITC). ITC is one of the most powerful 
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techniques for thermodynamic characterization of aggregation processes. It is a physical 

technique that directly measures the heat discharged or consumed all along a chemical 

reaction [8].  

The instrument consists of two cells: main and reference cells. Both cells contain solvent 

(water) and are kept at constant temperature and pressure [8]. The surfactant solution (5-15 

times the value of cmc) was placed in a 250 µL syringe and titrated into the main cell [7]. The 

dilution of concentrated surfactant solution would result in heat change, which causes a 

change of temperature. Therefore, the instrument transfers the necessary power to maintain 

the temperature of the main cell unchanged. The heat change is then calculated by integrating 

the power over time and is proportional to the heat effect expressed per mole of added 

surfactant per injection. By integration of all peaks, the experimental heats of dilution as a 

function of surfactant concentration were obtained and the resulting figure is named an 

enthalpogram. A schematic representation of the instrument is shown in Fig. 3. 

 

Figure 3. A schematic representation of the ITC instrument [8] 

1.3 Molecular Dynamics Simulation 
The structural disorder, polydispersity, and sensitivity to conditions of surfactant micelles 

present huge challenges to the unambiguous determination of their properties through 

experiments alone. Molecular dynamics (MD) simulation has long been used as a tool to 

obtain useful insights into the structures of micelles and their interactions with proteins and 
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small molecules they can solubilize [9]. It is a computer simulation method that permits the 

prediction of time evolution of an interacting particular system [10]. A model system 

consisting of N particles is selected and physically important conditions are chosen for the 

systems. Commonly used ensembles include canonical ensembles (NVT) and isothermal-

isobaric ensembles (NPT). NVT fixes the number of molecules (N), volume of the system 

(V) and the temperature (T). NPT fixes the pressure of the system (P) instead of V. Modified 

Newton’s equations of motion with the purpose of maintaining the average temperature 

(thermostat) are solved until the properties of the system no longer change with time, 

indicating that the system has been equilibrated [11]. All the actual measurements of 

observables will be performed after equilibration. Fig. 4 presents an initial snapshot of one of 

the investigated systems, with 40 sodium octanoates and 3812 water molecules. 

 

Figure 4. A snapshot from an MD simulation. Blue beads: sodium cations; cyan beads: alkyl 

tails; Red beads: oxygen atoms 

The most time-consuming and critical part of MD simulations is the calculation of force 

acting on every particle in the system [11]. This is derived as a gradient of the potential 

energy between particles with respect to each coordinate of each particle. The force field 

refers to the functional form and parameters used to calculate potential energy. Usually, force 

field includes bonded terms and nonbonded terms. Bonded terms describe the bond, angle, 

and dihedral motions, while the nonbonded terms describe the long-range electrostatic and 
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van der Waals forces. In this study, a united-atom model is adopted to model alkyl tails of 

surfactants where each carbon and its bonded hydrogens are united into a single site, leading 

to the introduction of CH3, CH2, CH, and C pseudo atoms [12]. The force field parameters 

used in the current work are presented and discussed in Chapter 2.2.1 and Chapter 3.2.1.  

2. Counterion Effect on Long-chain Carboxylate Surfactant Assembly 

2.1 Introduction 
Due to the importance of fatty acid surfactants, there have been a large number of 

experimental and theoretical studies focused on long-chain carboxylate micellar systems. In 

1959 White and Benson investigated aqueous potassium octanoate (KOA) solutions at 

different temperatures using electrical conductivity measurements [13], and Campbell studied 

the micellization behavior of sodium octanoate (NaOA), sodium decanoate (NaDA), sodium 

dodecanoate (NaC12), and sodium tetradecanoate by applying both surface tension and 

electrical conductivity measurements [14, 15]. More recent experimental studies focused on 

the interactions between divalent or trivalent metal ions and NaOA, NaDA, and NaC12 [16]. 

Furthermore, NaOA and NaDA have been the subjects of intense MD simulation studies. 

These studies provided molecular-level details into the structures of the aggregates and the 

thermodynamics of aggregation [17]. Kalil, et al. not only confirmed that the hydrophobic 

effect is the main contribution to the self-assembly behavior of surfactants and the overall 

process is largely entropy-driven through simulations, but also observed the crucial favorable 

entropic contribution from the surfactant heads. This contribution can be attributed to the 

partial de-solvation of the octanoate head due to the micelle formation and the increase in 

counterion association during micellization.   

 Therefore, the nature of the counterion plays an important role in ionic micelle 

properties and the thermodynamic characterization of aggregation. An increase in the solution 

ionic strength leads to a lowering of cmc of ionic surfactants and has been used as a tool to 
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induce micelle growth. This effect has been attributed to the screening of the electrostatic 

repulsions between the charged ionic surfactant heads from counterions added to the solution 

[18].  Another reason lies in the common ion effect. The addition of counterions (X+) would 

shift the equilibrium: X++OA- « X+OA- to the right, increasing the degree of micellization. 

Among the studies of the effect of counterions on surfactant self-assembly, most of them 

have been performed on inorganic counterions such as alkali ions, while fewer of them 

focused on the effect of organic counterions. The association behavior of organic counterions 

can be anticipated to be different from that of inorganic counterions due to their large sizes 

and hydrophobic characters. The charged headgroups and hydrophobic alkyl chains of the 

counterions bring more possibilities of interactions in the system, including strong 

electrostatic interactions between the anionic micelles and cationic counterions and the 

hydrophobicity of counterions [19]. Previous research has been performed to investigate the 

different effects of alkali and organic alkylmethylammonium cations on dodecylsulfate [20]. 

Benrraou, et al. found that at room temperature, the cmc of tetramethylammonium (TMA) 

dodecylsulfate is lower than sodium dodecylsulfate and the formed micelles are also larger 

with the presence of TMA, indicating that micellization is favored by the increased 

hydrophobicity of alkylmethylammonium cations. However, no one to the best of our 

knowledge has studied the effects of these counterions on carboxylate surfactants.  

In the present work, we aim to use MD simulations to predict the self-assembly 

behavior of long-chain carboxylate surfactants, OA, with Na+, K+, and TMA cations. Fig. 5 

presents the chemical structure of TMA.  

 

CH3

N+ CH3H3C

CH3
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Figure 5. Chemical structure of TMA. 

We input statistics from small systems and generate equilibrium constants of every cluster 

composition observed in the simulation box through a global fitting procedure called the 

PEACH method [9]. The resulting dependence of free energy on micelle size and charge are 

rationalized by a phenomenological four-parameter model. Specifically, the free energy of 

micellization of a micelle composition (ΔGi,j) indicates the Gibbs free energy of transfer of i 

monomers and j counterions into the micelle per mole of surfactant. They are then used to 

predict cmc, micelle size, and the degree of counterion binding versus concentration of bulk 

solutions. The statistics are compared to ITC data measured by our collaborators [7]. As the 

fitted thermodynamic data are sensitive to the definitions of clusters, Chapter 2.3.1 also 

explores more accurate definitions of octanoate clusters with both alkali and organic cations, 

providing molecular-level details in the interaction dynamics between anionic surfactants and 

different cations. 

2.2 Methods 

2.2.1 General Simulation Setup 
All simulations are performed with GROMACS 5.0 software package [21]. Newton’s 

equations of motion are evaluated with the leapfrog algorithm integrator with a time step of 2 

fs. Verlet list scheme that uses properly buffered lists with exact cut-off is utilized to adapt to 

the streaming architecture of GPUs. The TraPPE-UA potential [12] is parametrized to 

reproduce the phase behavior of alkanes, and HH-Alkane potential is parametrized to 

reproduce the enthalpy and free energy of hydration of alkanes [22]. The TIP4P-2005 water 

model [23] is used for all aqueous phase simulations. OPLS models [24] are selected for 

parameterizing the Lennard-Jones (LJ) potential energy between cations and carboxylate 

headgroups and the partial charges of them are adapted from the work of Hess et al. [25] 
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where these were developed and tested against thermodynamic properties of acetate salt 

solutions.  

The temperature is maintained at a reference temperature of 300K (τT = 1.0 ps) with the 

velocity rescaling thermostat [26]. NpT simulations that implement the Berendsen barostat 

[27] with a reference pressure of 1 bar (τp = 5.0 ps and compressibility = 4.5 × 10-5 bar-1) are 

conducted.  

The Lorentz-Berthelot combining rule for LJ interactions between different atoms is used 

for TIP4P-2005 water, octanoates and counterions.  

𝜎'( =
*
+
,𝜎'' + 𝜎((., 𝜀'( = 0𝜀'' + 𝜀((  (1) 

Electrostatic interactions are calculated by the particle mesh Ewald method [28]. The short-

range neighbor list and Coulombic cutoff radius are 1.4 nm. Van der Waals interactions 

implement a switch function at 1.2 nm with a cutoff radius of 1.4 nm. Table 1 presents the 

number of molecules, box volume, trajectory length and the pre-equilibration length of each 

system. 

Table 1. The number of molecules, box volume, trajectory length and the pre-equilibration 

length of each system. 

 Number of 
octanoates 

Number of 
water 

Trajectory Length 
(ns) 

Pre-equilibrium 
Length (ns) 

NaOA 40 3812 1800 200 
40 4500 1900 100 

KOA 40 3812 1950 50 
40 4500 1950 50 

TMAOA 30 2859 550 50 
40 2859 1950 50 
40 3812 1950 50 
50 3812 550 50 

2.2.2 Cluster Definition 
The ionic aggregate model [29] is used in determining the cluster compositions. rtail (the 

cutoff distance between two OA chains) and rhead (the cutoff distance between one OA and 
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one counterion) are used to define a i-mer cluster with i surfactants and j counterions.  Two 

OA chains are considered to be in the same cluster if the distances between either of their 

alkyl tail beads are within rtail. The cutoff distances are adjusted according to the quality and 

convergence criteria of their PEACH fits (Chapter 2.2.3). Alkali cations that are within a 

cutoff distance rhead from either of the oxygen atoms of the octanoate are considered to be 

associated with that OA chain’s cluster, as the primary interaction between counterions and 

surfactants is the electrostatic attraction. The radial distribution function (RDF) in a system of 

particles describes how density of particles varies as a function of distance from a reference 

particle. The first peak of the RDF function indicates the formation of contact ion pairs (CIP), 

where the ions of opposite charges are in direct contact with each other. The second peak of 

the RDF function indicates the formation of solvent shared ion pairs (SIP), where there is one 

solvent molecule between the cation and anion [30]. Previous research has confirmed that the 

cation specificity of the thermodynamics of alkali acetate solutions is determined mainly by 

SIP [25]. Thus, rhead of alkali cations is determined as the second minimum of the RDF 

functions of counterions over O1 on the octanoate.  

However, for organic cations, the methyl groups on TMA can also hydrophobically 

interact with the tail of octanoates as Fig. 6 shows.  
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Figure 6. Snapshot of the TMA system using VMD [31], not showing water. Blue beads: N+ 

on TMA cations; green beads: alkyl tails; Red beads: oxygen atoms. The circled micelle has 

TMA cations (orange boxed) inserted into the core.  

Therefore, TMA cations with central N atoms that are within a cutoff distance rhead from any 

atom of OA are considered to be associated with that OA chain’s micelle, and the cutoff 

distances are taken as an average from the RDF calculations of N+ on TMA over every atom 

on OA. When a counterion bridges two different micelles, that counterion is treated as 

dividing its time evenly between the two micelles. 

2.2.3 Partition-Enabled Analysis of Cluster Histogram (PEACH) 
PEACH method is a global fitting strategy developed by Xiaokun Zhang, et al. [9] to find 

the free energy surface for aggregation of surfactant from simulations of small systems 

containing one or two micelles and finite number of molecules (N).  

To initialize the fitting, histograms of <ni,j> representing the mean numbers of clusters of 

surfactant aggregation number i and number of associated counterions j averaged over each 

trajectory are generated. Each trajectory is split into 10 segments, and the standard deviation 

for <ni,j> among those segments is calculated. To account approximately for the effect of free 

volume on cluster statistics, we follow procedures previously used in SOS cluster simulation 

[9], where an effective free volume (V) that is occupied by the solvent (water) alone is used 

in the PEACH calculation. The histograms are then used as inputs for the PEACH method to 

find a globally optimized set {𝐾',(,2'3} of equilibrium association constants for each cluster 

size applicable in the limit of large N. The method involves assigning an association constant 

to each possible cluster size i with j counterions, generating a fitted cluster size distribution 

for each simulation based on its total N and V, and adjusting it iteratively to find the best set 

𝐾',(,2'3 to reproduce the cluster size distributions from simulations. The initial guess of 𝐾',(,2'3 

and 𝐾',(,4'5 are based on  
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𝜎',( = 67,8,97:
67,8,;7<

= =>7,8?97:
=>@,A?97:

7 ∗=>A,@?97:
8 / =>7,8?;7<

=>@,A?;7<
7 ∗=>A,@?;7<

8  (2) 

𝐾′',(,2'3 = 𝐾',(,2'3* 𝜎',(D, where 𝛼 is an adjustment factor of 0.05 (3) 

< 𝐶',( >4'5, < 𝐶*,I >4'5, < 𝐶I,* >4'5 are obtained from the input cluster histograms, and the 

initial guess of 𝐾',(,2'3I  is taken as the weighted geometric mean of 𝐾',(,4'5 from all trajectories 

that feature clusters that have i surfactants and j counterions. 

The standard Gibbs free energy of each cluster composition is calculated by  

∆J7,8
KLM

= −𝑙𝑛𝐾',( − (𝑖 − 1) ∗ 𝑙𝑛𝑐*,I − 𝑗 ∗ 𝑙𝑛(𝑐I,*) (4) 

2.2.4 Predicting Micellar Properties 
The bulk equilibrium distribution of cluster concentrations given the monomer OA (i) and 

counterion (j) concentrations is given by 

𝑐',( = 𝐾',( ∗ 𝑐*,I' ∗ 𝑐I,*
( 	(5) 

where 𝐾',( is the value obtained by the PEACH method. The method of Zhang et al. [9] is 

used to find pairs of OA and counterion monomers 𝑐*,I and 𝑐I,* that yield a charge-neutral 

system at a given total concentration, allowing concentrations 𝑐',(  for all cluster compositions 

to be predicted as a function of the total concentrations.  

2.2.5 Maibaum’s Model 
To better understand the components of the energy contribution to the free energy of 

micellization and to obtain a smooth free energy surface with few noises from simulation, we 

fit the PEACH-derived free energy surface to a modified phenomenological model originally 

proposed by Maibaum, et al [32]. For a cluster composition with i OA and j counterions,  

WJ:XYZ[(',()
KLM

= −(𝑖 − 1)𝛥𝜇 + 𝑔(𝑖
_
` − 1) + ℎ(𝑖+ − 1) − 𝜀𝑗 − 𝑘c𝑇𝑙𝑛(

'!
('f()!(!

)	(6) 
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The first and second terms, corresponding to a linear dependence of the free energy of 

transfer of a hydrophobic molecule from water into the micelle and a surface energy term 

scaling as the surface area, describe the free energy of nucleating oil clusters in water driven 

by hydrophobic interactions. The third term describes the entropic cost of packing 

surfactants. The fourth term describes the favorable energy contribution of counterion 

binding to headgroups. We assume, to a first approximation, that binding of counterions to 

headgroups is independent of the degree of association of the micelle or the presence of other 

counterions and thus the free energy of micellization is linearly proportional to the number of 

counterions [9]. (These assumptions about counterion binding will be tested in Chapter 3.3.2) 

The final term is a combinatorial factor describing the entropic contribution of distributing j 

counterions among i surfactant headgroups [9]. In this study, we pay particular attention to 𝜀, 

which gives us a quantitative analysis of the strength of counterion binding of alkali and 

organic cations.  

2.3 Results and Discussion 

2.3.1 Cutoff-Distances to Define Clusters 

 

Figure 7. RDF functions of Na+, K+ over O1 on the octanoate 
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Fig. 7 shows the calculated RDF functions of Na+, K+ over O1 on the octanoate. 𝑁(i, the 

coordination number of component c around component j, can be calculated by integrating 

over RDF.   

𝑁(i = 𝜌i4𝜋m (𝑔(i(𝑟) − 1)𝑟+𝑑𝑟
p

I
 

𝑔(i(𝑟) =
qr8s(t)
uvt_qtw8

	𝑤ℎ𝑒𝑟𝑒	𝜌i =
z
{8

 (7) 

The observation is in qualitative agreement with experimental XAS measurements [33, 34] 

and the computational study by Hess, et al [25].  rhead of alkali cations is taken as the position 

of the second minimum to include both ions in direct contact and ions separated by one 

solvent from the headgroup. For organic cations, since we need to account for the 

hydrophobic interaction between the methyl groups on TMA and the tail of octanoates, rhead is 

taken as an average from the RDF calculations of atoms on TMA over every atom on OA. To 

access the extent of micelle insertion of TMA, we plot the RDF functions of N+, Na+, and K+ 

over the tail carbon (C8) on OA and is shown in Fig. 8. Fig. 8 also shows the RDF function 

of N+ on TMA over O1 on OA, which represents the dominant electrostatic interaction 

between TMA and OA. From a qualitative interpretation of the integration of RDF functions 

in Fig. 8, we can see that there’s a comparable association between TMA and alkyl tails and 

TMA and acetate < 1nm (the region where ion pairs form), whereas the association between 

alkali ions and alkyl tails is negligible. It further confirms that hydrophobic interaction 

between the TMA counterions and surfactants cannot be neglected in accounting for its 

micelle formation. 
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Figure 8. RDF functions of Na+, K+, N+ over C8 on OA and the RDF function of N+ over O1 

on OA. 

The value of rtail is directly adapted from the value that Xiaokun, et al. uses in the simulation 

of octyl phosphocholine [35], and it is adjusted in the TMAOA system according to the 

convergence criteria of the PEACH fit. It is worth noting that changing rhead and rtail makes 

small differences to the qualitative trends observed in these three systems, although they yield 

small quantitative changes to cmc, mean micelle size and the micelle charge. Table 2 presents 

the optimal cutoff distances used to define clusters of NaOA, KOA and TMAOA. 

Table 2. The optimal cutoff distances are used to define clusters of NaOA, KOA and 

TMAOA. 

 rtail (nm) rhead (nm) 
NaOA 0.45 0.52 
KOA 0.45 0.56 
TMAOA 0.40 0.60 

2.3.2 Micellar Properties derived by PEACH 
Fig. 9 (Left) shows the cluster distribution of micelles irrespective of counterion numbers 

(summing <ni,j> over all j) at the same concentration. The fit is successful in reproducing the 

distribution of surfactant compositions of micelles of the simulated systems. The poorest 

agreement is found in the TMAOA system, where the fewest and smallest clusters are 
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observed. A higher concentration is required for TMAOA to form micelles as shown in Fig. 9 

(Right). 

 

Figure 9. Left: Cluster distribution of NaOA, KOA, TMAOA irrespective of counter ion 

numbers at a concentration of 40 surfactants and 3812 water. Right: Cluster distribution of 

TMAOA irrespective of counter ion numbers at a concentration of 50 TMAOA and 3812 

water. Dots: Raw data from PEACH input; lines: the PEACH fit 

Since the concentration in the experimental data is expressed in molarity (mol/(L of 

solution)), all the concentrations in Fig. 10, and Table 3 are converted from molality (mol/(kg 

of solvent)) to molarity. Fig. 10 plots the fraction of OA in micelles over the total 

concentration of surfactants where micelles are defined as clusters having more than 7 OAs. 

cmc is approximated by estimating the point where there’s a huge increase in the fraction of 

OA in micelles. We observe that there’s not a large difference between the cmc of alkali 

cations, although Na+ has a slightly smaller value. That’s because the parameters of partial 

charges and LJ parameters are very similar to the oxygen atoms in both water and acetates. 

Thus, the alkali cations will not have a strong preference for either acetate or water oxygen, 

so the difference in alkali cations won’t affect the interaction between them and surfactants 

much. On the other hand, the insertion of TMA cations into the hydrophobic tails 

significantly affects the onset of micellization of carboxylates. We are very surprised to see 

that the counterion effects follow the opposite trend of the dodecyl sulfate, where Na+ induces 
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the most micelle growth with the lowest cmc value. These inserted TMA ions disrupt the 

hydrophobic interactions between surfactant tails so much that lead to a delay in the 

micellization, while in dodecyl sulfate systems, the hydrophobic attraction to OA and the 

dehydration of TMA cations due to their hydrophobic characters are considered to induce 

micelle growth.  

 

Figure 10. The fraction of OA in micelles over the total concentration of surfactants.  

 

Figure 11. The enthalpogram of NaOA, KOA, TMAOA measured by ITC (Note: this is from 

personal communication with Žiga Medoš)  

ITC measurements are performed later to verify our results and are shown in Fig. 11. Since 

the formation of large micelles is an endothermic process, the concentration at which 

micellization happens fastest coincides with the concentration where there’s most rapid 
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change with the enthalpy. Thus, the inflexion point of the enthalpogram gives an 

approximation of the cmc values, and the PEACH-derived trend is confirmed by the ITC 

measurement. More detailed understanding and prediction of enthalpogram features from 

simulation data will be explored in Chapter 3. 

Finally, we compare the degree of counterion (β) binding of alkali ions predicted by 

PEACH and the two-step model proposed by our collaborators. β is calculated by the ratio of 

the number of OA in the micelle to the number of counterions in the micelle. At the cmc 

value, βPEACH = 0.58 for NaOA, and βPEACH = 0.51 for KOA, both are within 20% errors of the 

experimental fit: βexp, where βexp = 0.8±0.1 for NaOA, and βexp = 0.6±0.1 for KOA. The 

observation is consistent with the law of matching water affinities where the kosmotropic Na+ 

interacts more strongly with the kosmotropic acetate anion [36]. 

2.3.3 Modelling the PEACH-Derived Free Energy Surface 
Free energy surfaces are calculated by Eq. 4 using the PEACH-derived equilibrium 

constants of different cluster compositions. Fig. 12 shows the 2-D and 3-D representation of 

the free energy surface of NaOA. The plots of the other two systems are shown in Fig. S1 and 

Fig. S2. For better visualization of the well in the surface, where the minimum free energy 

indicates the most stable cluster composition, the concentration of surfactant and counterion 

monomers are chosen around cmc.  
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Figure 12. The 3-D (left) and 2-D (right) representation of the free energy surface of NaOA 

at concentration i = 0.149 mol/dm3 and j = 0.233 mol/dm3: x-axis: No. of surfactant; y-axis: 

No. of counterions; z-axis (color bar): Free energy of formation (kBT) 

      The PEACH-derived free energy surfaces are then fitted to the phenomenological 

Maibaum’s Model. Note that due to the addition of a combinatorial factor, overcharged 

micelles (j > i) are not allowed, but previous work [9] has shown that their impact on the 

overall cluster distributions is of negligible importance except at very high surfactant 

concentrations, which are not explored here. To obtain a fitting at cluster composition where 

the sampling is relatively good, we first fit parameters g, and h by performing a 1-D fit along 

the cut j = i/2. Then we subtract the nonlinear terms and the combinatorial factor and perform 

linear regression on the other two parameters 𝛥𝜇 and 𝜀. The first (1-D) fitting surface of 

NaOA is shown in Fig. 13, and fitting of the free energy surface is shown in Fig. 14. Those of 

KOA and TMAOA are shown in Fig. S3 – Fig. S6. Note that by comparison with the 

PEACH-derived free energies, we find that substitution of i4 for i2 in Eq. 6 in TMAOA 

system results in a much better fit to the free energy of micellization.  

 

Figure 13. The 1-D fitting of NaOA. Dots: PEACH-derived values; lines: fitted values 
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Figure 14. The fitted free energy surfaces of NaOA. Left: 2-D (above) and 3-D (below) 

representations of PEACH-derived surfaces. Right: 2-D (above) and 3-D (below) 

representations of fitted surfaces 

Table 3 presents the numerical values (with standard errors) of the fitted parameters and the 

R2 values to assess the quality of the fit.  

Table 3. The numerical values (with std. errors) of the fitted parameters and the R2 values 

 𝛥𝜇 (𝑘c𝑇) g (𝑘c𝑇) h (𝑘c𝑇) 𝜀(𝑘c𝑇) 𝑅+(1𝐷) 𝑅+(2𝐷) 
NaOA 2.444±0.0150 10.422±1.156 0.0255±0.004 0.770±0.017 0.986 0.997 
KOA 2.615±0.0237 10.777±3.973 0.0193±0.0213 0.446±0.025 0.919 0.992 
TMAOA 0.331±0.0139 

 
 

4.770±1.026 -5.295e-06 
±5.523e-06 

0.173±0.018 0.978 0.906 

All the R2 values are greater than 0.90, indicating that the PEACH-derived free energy 

surfaces do a good job in reproducing the physical dependence of free energy of micellization 

on cluster compositions. The fitted surface successfully smooths out the statistical noises in 

simulations and may be used as a good starting point to predict the enthalpy change of 
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micellization, which will be explored in Chapter 3. 𝜀, the energy of binding per counterion to 

available headgroup at cmc, indicates the difficulty of counterion binding. A more negative 

value indicates a stronger attraction between the cations and the surfactants. 𝜀 has the same 

qualitative trend observed in simulations where 𝜀M�� < 𝜀6� < 𝜀{��, proving that Maibaum’s 

Model is a good representation of the free energy of micellization.  

However, taking a closer look at the fit of every composition, we find that the fitting is 

poor in the premicellar range (i < 6) and the poorly sampled largest cluster region. The 

derivation of the exponent of the second term in the Maibaum’s model 𝑖
_
` involves an 

assumption that the forming micelle is spherical. In the pre-micelle stage, since the cluster is 

composed of just a few surfactants, the shape of the micelle is far from being spherical, 

leading to large deviation from the PEACH-derived surface. Concentrations of cluster 

compositions that are poorly sampled will also be inaccurately represented in the fitting to the 

Maibaum’s model. As illustrated in Fig. S2, the PEACH-derived free energy surface of KOA 

is rough, indicating that there are larger statistical noises in the sampling of KOA, and the 

model fitting is not as good as that of NaOA as shown in Fig. S3 and Fig. S4, especially for 

the largest clusters of each cluster size (boundary of the surface). Another reason behind the 

poorer fitting of KOA is that the simulations have not reached a concentration where the 

largest clusters of KOA form, as the free energy surface has not ‘curved up’ in Fig. S4. 

Therefore, an accurate functional representation of free energy of micellization requires 

adequate and accurate sampling of cluster distributions in simulations.  

2.4 Conclusion 
In this work we present the comparison of the micellization behavior of octanoates in 

three different systems with counterions Na+, K+, and TMA. Equilibrium association 

constants are obtained from PEACH and are used to calculate free energy of association for 

each cluster size. They are then used to predict the micelle properties and cmc values are 
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estimated from the plot of fraction of OA in micelles over the concentration of surfactant 

solutions. They have a similar trend to experimental data, showing that the cmc of TMAOA 

is about 25% percent higher than those of KOA and NaOA. These findings are, intriguingly, 

contrary to trends reported for sodium vs. TMA dodecyl sulfate surfactant [20]. The 

difficulties of octanoate aggregation in TMA system are partly due to the competing 

hydrophobic attraction between methyl groups on TMA and the octanoate tails. The core-

inserted TMA ions disrupt the hydrophobic interactions between surfactant tails so much that 

they finally lead to a delay in the micellization. 

The physical dependence of PEACH-derived free energy of micellization on cluster 

compositions can be successfully described by a phenomenological model. The model 

smooths out the statistical noise and gives a quantitative estimation of energy contributions of 

surfactant heads, tails and counterions. In the next chapter, we aim to build an enthalpogram 

model based on the PEACH-derived free energy surfaces and reproduce experimental trends 

in the enthalpy changes of micellization of long-chain carboxylates, so that we can offer more 

physical insights into the thermodynamics of surfactant self-assembly. 

3. Predicting the Enthalpy Change of Micellization 

3.1 Introduction 
In Chapter 2, we successfully used a global fitting strategy and optimized cluster 

definitions to investigate the free energy of micellization in three carboxylate systems with 

different counterions. However, it remained an inherent difficulty associated with the 

estimation of the change of thermodynamic quantities across different temperatures. Studies 

have shown that zwitterionic surfactants typically exhibit a minimum in the cmc as a function 

of temperature [37]. The minimum reflects the point of compensation between two opposing 

effects: the decrease in the hydration of the hydrophilic headgroup upon increasing the 

temperature, which favors micellization or a lower cmc (as the hydrophobicity of the whole 
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molecule increases), and the disruption of water structure around hydrophobic portions of the 

surfactant as the temperature increases, which disfavors micellization and promotes an 

increase in the cmc [38]. Del Rio and Jones [39] showed that during the micellization of 

surfactants, the standard enthalpy change (∆H°) sometimes changes its sign and contributes 

only slightly in this region to the standard free energy change (∆G°) at room temperatures. 

Huang and Chandler [40] showed that the weak van der Waals interactions between nonpolar 

solutes or planar hydrophobic surfaces and water, a crucial component of the unfavorable 

enthalpic contribution to surfactant self-assembly, affects the excess chemical potential of the 

solution but not its temperature dependence. More recently, Kalil [17] used the method of 

potential of mean force (pmf) and umbrella sampling to study the micellization behavior of 

NaOA, separating the Gibbs energy of association and its enthalpy (∆𝐻5'i���'��3'�r) and 

entropy (∆𝑆5'i���'��3'�r) terms into contributions arising from the polar headgroup and the 

hydrophobic tail. The analysis relies mostly on the average pmf and gives fewer attention to 

the variety of processes that take place in a single association event, such as the fluctuations 

of counterion concentration at the micelle interface. The computational results were partially 

confirmed by electric conductivity [41] and ITC measurements [7] of the micellization 

process of carboxylates.  

It was found by our experimentalists that the heat capacity of micellization (∆𝐶�) is 

negative due to the removal of water molecules from contact with nonpolar surface area upon 

micelle formation for nonionic surfactants [42], which is also found to be the case for NaDA 

even though the value is less negative [7]. It means that ∆𝐻5'i���'��3'�r decreases with 

increasing temperature. The micellization process is observed to be endothermic up to 

~320K, and then it becomes exothermic for NaOA and most other long-chain carboxylates 

[7]. Similar trends were observed for alkali decyl and alkali dodecyl sulfates [43]. When 

temperature increases, the structure of water molecules in the aqueous phase is disturbed, and 
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consequently, the role of hydrophobic effect and dehydration of counterions and polar 

surfactant head becomes weaker since less energy is required to break up the original water 

structures [7]. Therefore, the process becomes more exothermic. On the other hand, the 

entropic contribution to the free energy is always positive, reflecting the entropic gain upon 

release of water molecules around the hydrophobic tails, whereas the increase in entropy 

(∆𝑆5'i���'��3'�r) decreases as temperature increases due to the disruption of original water 

molecules [38]. In conclusion, as temperature increases, both ∆𝐻5'i���'��3'�r and 

∆𝑆5'i���'��3'�r decrease.  

However, the interpretation of ITC experiments depends on complex modeling since 

∆𝐻5'i���'��3'�r is related to both the cluster size distribution and the enthalpy change of 

formation of every cluster composition present in the solution. Our collaborators proposed a 

two-step model where they approximated micelle polydispersity to two different cluster sizes 

to obtain ∆𝐻5'i���'��3'�r [7]. In this study, we hope to find a more realistic model with fewer 

parameters to capture the effect of polydispersity and enthalpic contributions from different 

cluster compositions that is in qualitative agreement with the ITC measurements, with 

particular emphasis on the physical events that happen at concentrations smaller than the cmc 

(pre-cmc stage). The experimentalists observed that the ∆𝐻5'i���'��3'�r  at pre-cmc stage is 

temperature-independent and hypothesized that it is dominant by ion-pair formation. We 

hope to test out their hypothesis by explicitly considering cluster size distribution and 

investigating the amount of contribution from individual clusters. 

Based on the Van’t Hoff equation, ∆𝐻5'i���'��3'�r can be determined by a change in the 

∆𝐺5'i���'��3'�r to the change in temperature. Under the circumstances, direct assessment of 

∆𝐻5'i���'��3'�r by monitoring changes in potential energy is not practical since we need to 

also consider the enthalpy of solvent-solvent interaction and to track all the association and 

dissociation events of different clusters. Thus, we propose and assess two methods to obtain a 



 24 

functional form of the PEACH-derived ∆𝐺5'i���'��3'�r to calculate enthalpy change of 

formation of every cluster composition (∆𝐻',(), and then convert the cluster statistics to 

construct enthalpograms. By independently tuning the contribution of different cluster sizes 

and comparing the resulting enthalpograms to the ITC data, we are able to provide structural 

details in the dominant enthalpic contribution during the pre-cmc stage.  

3.2 Methods 

3.2.1 General Simulation Setup 
The simulation setup is the same as present in Chapter 2.2.1 except for the temperature 

and the kind of surfactants investigated. In this study, we choose sodium decanoate (NaDA) 

as our model surfactants as the sampling of their aggregation behavior is found to be better 

than the other ones. Table S1 presents the number of molecules, temperature, box volume, 

trajectory length and the pre-equilibration length of each system investigated.  

3.2.2 Generating Enthalpograms 

3.2.2.1 Converting Cluster Statistics to Enthalpograms 
Since the ITC curve expresses the experimental heats of dilution as a function of 

surfactant concentrations, we simulate the experimental setup where a concentrated surfactant 

(stock) solution is added to distilled water. We first calculate the total enthalpy per unit 

volume 𝐻(𝑐3�3) at a particular surfactant solution concentration 𝑐3�3 as  

𝐻(𝑐3�3) = ∑ ∆𝐻',( ∗ 𝑐',(',(  (8) 

where ∆𝐻',(  is the molar enthalpy change of i surfactants and j ions aggregating into a cluster, 

and 𝑐',(  is the equilibrium concentration of that cluster composition calculated by the method 

presented in Chapter 2.2.4 and Eq. 5. To account for the effect of adding stock solution first, 

the final enthalpy change is calculated as  

∆𝐻 = �
r9<Xs�

=
�(i)∗(zA�∆z)f�A(iA)∗zAf�s9<Xs�∗∆z

r9<Xs�	7�	∆�
 (9) 
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where 𝐻I(𝑐I) and 𝐻(𝑐) are the enthalpy for the system before and after adding one injection 

of the stock solution. 𝑛43�iK (mol) is the total amount of surfactants in the injected volume. 

3.2.2.2 Calculating ∆𝐻',( 
The new challenge is then to obtain values for ∆𝐻',(  from simulation results. Gibbs 

Helmholtz Equations [44] at constant pressure (1 bar) is used to derive the enthalpy change of 

micellization from the free energy change of micellization at different temperatures. The 

general formulation of the equation is shown in Eq. 10. 

(�(∆J/M)
�M

)� =
f∆�
M_

 (10) 

To get an accurate estimation of the ΔH of every cluster composition, we need a good model 

to describe ∆𝐺',( across different temperatures that doesn’t overfit the simulation data, which 

are subject to noise but captures the important physical trend. Here we try two methods to 

accomplish that.  

Method 1 uses the functional form of the Maibaum’s Model to describe the isobaric 

heat capacity of micellization. As the heat capacity should be temperature-independent and 

thus A’’, B’’, C’’, and D’’ are constants. 

  ∆𝑐�,�����(i, 𝑗) = 𝐴′′(i − 1) + 𝐵′′ �𝑖
_
` − 1� + 𝐶′′(𝑖+ − 1) − 𝐷��j (11) 

Using the definition of isobaric heat capacity, we have 

  ∫ 𝜕∆𝐻�����(𝑖, 𝑗, 𝑇)
M
M¡

= ∫ ∆𝑐�,�����(𝑖, 𝑗)𝜕𝑇
M
M¡

 (12) 

We choose 300K as our reference temperature (Tr), and we get ∆𝐻�����(𝑖, 𝑗, 𝑇) 

∆𝐻�����(𝑖, 𝑗, 𝑇) = ∆𝐻�����(𝑖, 𝑗, 𝑇t) + 𝐴′′(𝑇 − 𝑇t)(𝑖 − 1) + 𝐵′′(𝑇 − 𝑇t) �𝑖
_
` − 1� +

𝐶′′(𝑇 − 𝑇t)(𝑖+ − 1) − 𝐷′′(𝑇 − 𝑇t)𝑗 (13) 

Running the Gibbs-Helmholtz Equation on Eq. 10, we get ∆𝐺�����(𝑖, 𝑗, 𝑇) 

∫ 𝜕(∆𝐺�����(𝑖, 𝑗, 𝑇)/𝑇)
M
M¡

= ∫ − ∆�¢£¤¥¦(',(,M)
M_

𝜕𝑇M
M¡

  



 26 

∆𝐺5�q��(𝑖, 𝑗, 𝑇) =
M
M¡
∆𝐺5�q��(𝑖, 𝑗, 𝑇t) + ∆𝐻5�q��(𝑖, 𝑗, 𝑇t) �1 −

M
M¡
� − 𝐴′′ �𝑇 𝑙𝑛 M

M¡
+ 𝑇t −

𝑇� (𝑖 − 1) − 𝐵′′ �𝑇 𝑙𝑛 M
M¡
+ 𝑇t − 𝑇� �𝑖

_
` − 1� − 𝐶′′ �𝑇 𝑙𝑛 M

M¡
+ 𝑇t − 𝑇� (𝑖+ − 1) +

𝐷′′ �𝑇 𝑙𝑛 M
M¡
+ 𝑇t − 𝑇� 𝑗	(14)	

The functional form of Maibaum’s Model is also used to describe the ∆𝐺�����(𝑖, 𝑗, 𝑇t) 

 and ∆𝐻�����(𝑖, 𝑗, 𝑇t) 

∆𝐺�����(𝑖, 𝑗, 𝑇t)

= 𝐴(𝑇t)(𝑖 − 1) + 𝐵(𝑇t) §𝑖
+
¨ − 1© + 𝐶(𝑇t)(𝑖+ − 1) − 𝐷(𝑇t)𝑗

− 𝑘c𝑇 ln §
𝑖!

(𝑖 − 𝑗)! 𝑗!© 

∆𝐻�����(𝑖, 𝑗, 𝑇t) = 𝐴′(𝑇t)(𝑖 − 1) + 𝐵′(𝑇t) �𝑖
_
` − 1� + 𝐶′(𝑇t)(𝑖+ − 1) − 𝐷′(𝑇t)𝑗 (15) 

The second method is a brute-force strategy, where we directly apply Eq. 10 to every cluster 

composition, hoping that the noises would average out during regression. We assume that the 

enthalpy change of micellization is independent of temperature and integrate Eq. 10 with 

respect to T for each cluster size. To incorporate heat capacity effects independently for each 

cluster size and composition would require fitting a parabola through a small number of 

points, whose scatter would cause overfitting. 

∆J7,8(M_)
M_

− ∆J7,8(M@)

M@
= ∆𝐻',((

*
M_
− *

M@
) (16) 

Since ∆𝐺',( = −𝑙𝑛𝐾',( , we have 

−𝑙𝑛𝐾',(,M_ + 𝑙𝑛𝐾',(,M@ =
∆�7,8
¬
( *
M_
− *

M@
)  (17) 

According to Eq. 14, we perform linear regression on −𝑙𝑛𝐾',( over 1/T, and the slope 

indicates the value of  ∆�7,8
¬

. 
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3.3 Results and Discussions 

3.3.1 Failure of the Maibaum’s Model 
The assumption to represent the heat capacity, the free energy and the enthalpy changes 

of micellization using the Maibaum’s model leads to large deviations from PEACH-derived 

values, especially at the formation of small clusters as illustrated by Fig. 15. 

 

Figure 15. The enthalpogram generated by the Maibaum’s Model 

This is not surprising given that the Maibaum’s model is based on a continuous treatment of 

the cluster geometries and interactions as mentioned in Chapter 2.3.3. This model yields 

strongly exothermic cluster formation enthalpies for i < 6 (especially at 295K). To better 

sample the small clusters, separate simulations and PEACH fitting are performed at the 

concentration of 10 NaDA and 3000 water molecules for all temperatures investigated. 

Hereafter, we will call them the dilute systems, as opposed to the concentrated systems at 

other concentrations. Fig. 16 plots the ∆𝐺5'i���'��3'�r/T over 1/T of dimer formation in dilute 

systems, where the slope indicates the enthalpy of micellization according to Eq. 10. The 

temperature dependence from the diluted simulations indicate that the formation of small 

clusters is weakly exothermic to endothermic, whereas the Maibaum’s model predicts that 

dimer formation has negative enthalpy at even 295K. Since dimer formation is dominant in 

the pre-cmc stage (further validated in Chapter 3.3.3), the inaccurate representation of the 



 28 

Maibaum’s model at small clusters will significantly affect the derivation of the 

enthalpogram.  

 

Figure 16. ΔG/T over 1/T (T=295K, 300K, 305K, 310K, 315K, 320K) of dimer formation. 

The slope between two points indicates the enthalpy of association.  

3.3.2 Exploration of Counterion Binding Thermodynamics 
      Next, we investigate the assumption in the Maibaum’s model that the binding energy per 

counterions to available headgroups (𝜀) is independent of the micelle size or the presence of 

other counterions. Fig. 17 plots the cluster free energy without the combinatorial factor 

(∆𝐺5'i���'��3'�r-constant) over the number of counterions (j) at five clusters sizes, where the 

slope indicates the value of epsilon in Eq. 6. Fig. 17 shows that the slope of every line stays 

constant at a micelle size, proving that 𝜀 is independent of the presence of other counterions.  



 29 

 

Figure 17. Cluster free energy without the combinatorial factor (ΔG-constant) at 295K over 

the number of counterions (j) at i = 10, 15, 20, 25, 30 

The independence of 𝜀 on other counterions confirms the existence of short-range repulsion 

between counterions, where no two counterions can occupy the same available site on the 

micelle. Fig. 18 plots the value of 𝜀 over the cluster sizes across temperatures.  

 

Figure 18. 𝜀 over cluster sizes at T = 295, 300, 305, 310, 320K 

Fig. 18 shows that the favorable 𝜀 gets stronger as cluster size increases at all investigated 

temperatures (with no obvious dependence on temperature). The effect is particularly 

significant during the pre-cmc stage. There are several factors ignored in treating 𝜀 as 

independent of micelle size [45]. First is the steric interaction between the surfactant heads 
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and the adsorbed counterions on the micelle surface. The presence of bounded counterions at 

the micelle surface leads to an increase in the steric repulsions, so an increase in micelle size 

will reduce this unfavorable hindrance. Secondly, the model ignores the main driving force 

promoting counterion binding: the reduction in the electrostatic repulsions between acetate 

heads. The electrostatic contribution of counterions depends on the micelle size and structure. 

Thirdly, due to the cooperative effects of counterions at micelle surface that are absent in the 

bulk solution, the octanoate heads and associated counterions are further dehydrated. Since 

the hydration entropy around a charged species is negative due to the strong water 

organization around a charged species, the further dehydration of the charged micelles leads 

to an increase in the water entropy [17]. In the next chapter, we investigate the applicability 

of Method 2 to model the enthalpogram, particularly focusing on the physical event that 

happened in the pre-cmc stage.  

3.3.3 Pre-cmc Cluster Enthalpy 
      Experiments have shown that ∆𝐻5'i���'��3'�r of large clusters has negative heat capacity, 

meaning that ∆𝐻5'i���'��3'�r decreases as temperature increases. Qualitatively, our 

simulations fail to reproduce the trend of heat capacity as simulated ∆𝐻5'i���'��3'�r of many 

large clusters is observed to be constant by comparing their ∆𝐺5'i���'��3'�r  across 

temperatures. Thus, we focus on the enthalpogram at our reference temperature (Tr =300K).        

      Fig. 19 shows the modeled enthalpogram (left) using Method 2 in the concentrated 

systems, and the ITC data (right). 
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Figure 19. The modeled enthalpogram (left) and the experimental ITC data (right). 

Qualitatively, the simulation results show a larger jump in the heat of dilution at the onset of 

micellization where the slopes are steeper and the cmc predicted at 300K is lower. The 

differences in initial ΔH in the ITC data are due to the differences in ΔH of stock solutions 

across temperatures, so they follow from the heat capacity effect that we are neglecting. 

Quantitatively, experimental fitting to the ITC curve predicts that ∆𝐻��t	5�r�5�t	M>	= 

10.9±0.3 kJ/mol at 300K [7], where ∆𝐻��t	5�r�5�t	indicates the enthalpy change of 

associating a monomer with the micelle. 

 

Figure 20. ΔH per monomer in the cluster derived by Method 2 over the cluster sizes 

Fig. 20 plots the simulated ΔH per monomer in the cluster derived by Method 2 over the 

cluster sizes, where ∆𝐻��t	5�r�5�t	4'5	= 15.0 kJ/mol, in fair agreement with the ITC fit. The 

overestimation is due to our assumption of constant ∆𝐻5'i���'��3'�r	for both small and large 
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clusters across temperatures, while experimental ∆𝐻5'i���'��3'�r	decreases as the temperature 

increases for large clusters.  

      The ITC enthalpogram shows that ∆𝐻	is temperature-independent (∆𝐶� ≈ 0) during the 

pre-cmc stage as the initial slopes of the enthalpogram are constant across temperatures. 

Since ∆𝐶�	decreases as the loss of water accessible to the non-polar headgroup increases [43], 

the experimentalists argued that in the pre-cmc stage, the nonpolar alkyl chains in the cluster 

core are in strong contact with water, leading to a near zero ∆𝐶� [7]. They hypothesized that 

the formation of ion pairs is dominant in the pre-cmc stage. To verify their hypothesis, we set 

𝐻',(	 = 0 for all i<6 except for the investigated cluster size in concentrated systems and 

compare the initial slope to that in the ITC data and the results are shown in Fig. 21. 

 

 

Ion Pair Dimer 

Trimer Tetramer 
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Figure 21. Enthalpograms of different cluster contributions in the pre-cmc stage in 

concentrated systems.  

By considering the enthalpy contribution from both ion pairs and dimers, the initial slopes of 

the enthalpograms correspond well with the experimental ITC data. On the other hand, the 

contributions from trimers, tetramers and pentamers are negligible. The amount of enthalpic 

contributions from ion pairs and dimers separately are also verified in the dilute systems (Fig. 

22) where the slopes of their curves are similar to those calculated from the concentrated 

systems.  

 

Figure 22. Enthalpograms of different cluster contributions in the pre-cmc stage in diluted 

systems. Left: contribution of ion pairs; Right: contribution of dimers. The initial slopes are 

similar to those in the concentrated systems and ITC curves. 

According to Eq. 8, the calculation of 𝐻3�3��	 depends on 𝑐',(	 and 𝐻',( . Fig. 23 shows the 

PEACH-derived standard ΔG of ion pairs and dimers across temperatures in dilute systems.  

Pentamer Ion Pair+Dimer 



 34 

 

Figure 23. The PEACH-derived standard ΔG of ion pairs and dimers across temperatures in 

dilute systems. 

Fig. 23 shows that ∆𝐺*,* varies little in the temperature range investigated, indicating a very 

small enthalpy change of ion pair formation, while there’s a clear temperature dependence of 

∆𝐺+,I. We cannot tell whether ∆𝐻	of ion pair formation is positive or negative. But from our 

analysis, a combination of cluster size distribution and their corresponding ∆𝐻',(	is enough to 

give a pre-cmc enthalpy change that’s comparable to experiments, suggesting that dimer 

formation cannot be ignored. However, the simulation still fails to reproduce the heat 

capacity trend of small cluster formation. The ITC curve shows zero heat capacity at pre-cmc 

stage, while the simulated data shows a negative heat capacity.   

3.4 Conclusion  
In this work we present a model to predict the enthalpy change of micellization of long-

chain carboxylates in the presence of counterions. We evaluate the applicability and 

assumptions of the two methods to model the free energy change of micellization. The 

continuous micelle geometry assumed in the Maibaum’s model leads to large deviations from 

PEACH-derived ΔG for small clusters. The binding energy per counterion to available 

headgroups is independent of other counterions but gets stronger as micelle size increases. By 
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assuming that the enthalpy change of micellization is independent of temperature, we 

successfully generate the enthalpogram at the reference temperature that is consistent with the 

experimental ITC data. ∆𝐻��t	5�r�5�t	 that we directly calculated from simulation results, 

15.0 kJ/mol, is in fair agreement with the indirect two-step fit that experimentalists performed 

on the ITC data, 10.9±0.3 kJ/mol at 300K. Through comparing the initial slope of predicted 

and experimental enthalpograms, we conclude that at pre-cmc stage, an important 

contribution to the total enthalpy change of micellization comes from dimer formation, while 

the contribution from ion pair is hard to estimate. However, the calculated enthalpogram 

predicts a negative ∆𝐶�	 for formation of dimers and other small clusters, which is not 

supported by experiments. 

4. Future Directions 

This project presents a strategy to perform detailed analysis of the thermodynamics of 

anionic surfactants self-assembly using small-N atomistic simulations with a converged 

cluster size distribution. The PEACH method and the enthalpogram model can be further 

applied to other 2-component surfactant systems and provide molecular-level details of 

surfactant aggregation with different kinds of counterions. Future work will be focused on 

developing a temperature-dependent enthalpogram model that’s not subject to noise in 

simulations and be able to capture the experimental trend of heat capacity of micellization. 

Other phenomenological models to fit the free energy change or models that don’t rely on 

known functional forms, e.g., symbolic regression [46] can be explored to fulfill the goal. By 

optimizing the simulation setup, fitting procedures, cut-off distances and cluster definitions, 

we hope that we can perform a more holistic thermodynamic analysis of bicomponent 

surfactant systems in a computationally efficient way that is able to complement the 

experimental study. 
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6. Supplementary Materials 

 

Figure S1. The 3-D (left) and 2-D (right) representation of the free energy surface of KOA at 

concentration i = 0.170 mol/dm3 and j = 0.286 mol/dm3:  x-axis: No. of surfactant; y-axis: 

No. of counterions; z-axis (color bar): Free energy of formation (kBT) 

   

Figure S2. The 3-D (left) and 2-D (right) representation of the free energy surface of 

TMAOA at concentration i = 0.215 mol/dm3 and j = 0.317 mol/dm3:  x-axis: No. of 

surfactant; y-axis: No. of counterions; z-axis (color bar): Free energy of formation (kBT) 

 

Figure S3. The 1-D fitting of KOA. Dots: PEACH-derived values; lines: fitted values 
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Figure S4. The fitted free energy surfaces of KOA. Left: 2-D (above) and 3-D (below) 

representations of PEACH-derived surfaces. Right: 2-D (above) and 3-D (below) 

representations of fitted surfaces 

 

Figure S5. The 1-D fitting of TMAOA. Dots: PEACH-derived values; lines: fitted values 
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Figure S6. The fitted free energy surfaces of TMAOA. Left: 2-D (above) and 3-D (below) 

representations of PEACH-derived surfaces. Right: 2-D (above) and 3-D (below) 

representations of fitted surfaces 

Table S1. The temperature, number of molecules, trajectory length and the pre-equilibration 

length of each system. 

Temperature # of NaDA # of water Traj. Length Pre-
equilibration 
length 

295 10 3000 300ns 50ns 
295 20 4512 2000ns 50ns 
295 25 4512 703ns 50ns 
295 30 4512 1081ns 50ns 
295 35 4512 1200ns 150ns 
295 40 4512 1980ns 150ns 
295 45 8875 900ns 100ns 
295 50 8875 1140ns 100ns 
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Temperature # of NaDA # of water Traj. Length Pre-

equilibration 
length 

305 10 3000 300ns 50ns 
305 20 4512 2000ns 50ns 
305 25 4512 789ns 50ns 
305 30 4512 803ns 50ns 
305 35 4512 801ns 50ns 
305 40 4512 2000ns 150ns 
305 45 8875 900ns 500ns 
305 50 8875 900ns 200ns 

 
Temperature # of NaDA # of water Traj. Length Pre-

equilibration 
length 

310 10 3000 300ns 50ns 
310 20 4512 900ns 100ns 
310 25 4512 900ns 100ns 
310 30 4512 900ns 100ns 
310 35 4512 900ns 150ns 
310 40 4512 900ns 150ns 
310 45 8875 1000ns 50ns 
310 50 8875 900ns 100ns 

 
Temperature # of NaDA # of water Traj. Length Pre-

equilibration 
length 

320 10 3000  219 50  
320 20 4512  884 50  
320 25 4512  884 50  
320 30 4512  880 50  
320 35 4512  876 50  
320 40 4512  870 50  
320 45 8875  612 50  
320 50 8875  600 50 

  


