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The calculation of thermodynamic and kinetic quantities related to biophysical phenomena 

is an integral part of understanding how biological systems function. Even the most basic 

interactions, such as ligand to protein residue, are critical pieces of information when interpreting 

complex biophysical processes. To this end, modeling of various systems and challenges, from 

detailed kinetics calculations to specific interactions in nature, can be accomplished at an atomistic 

level using molecular dynamics (MD) simulations. MD provides an ideal opportunity to implement 

statistical modeling and, moreover, machine learning (ML) methods for deep system design and 

results analysis due to the often large-scale high-dimensional data sets produced. In this 

dissertation, two distinct biophysical settings are investigated. The first section studies model 

membranes and the effects of small molecule partitioning, using Gaussian mixture models and 

enhanced sampling to identify potential changes in phase composition and solvation free energies. 

The second section begins by exploring uremic toxins bound to human serum albumin and 

provides long time-scale binding dynamics through Markov state models as well as detailed kinetic 

information regarding unbinding using deep learning to optimize unbinding coordinates. Finally, 

I model adsorbent polymer materials for the capture of uremic toxins and design methods for 



 

screening a range of system configurations. This work highlights the wide range of biophysical 

challenges that can be rigorously tackled by the combination of MD and statistical modeling/ML. 
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Chapter 1. Introduction  

Kinetics and thermodynamics act as the backbone to numerous biochemical challenges 

which are key to novel drug/materials design and, more generally, the chemical understanding of 

such challenges. However, systems that would benefit from these types of information have 

remained difficult to unravel due to their chemical complexities or even restrictive requirements 

for study. In order to overcome these hurdles, molecular dynamics (MD) in combination with 

statistical modeling has proven to be both an effective and efficient tool, providing reliable 

results and cutting-edge discoveries. At the intrinsic level, MD allows for bridging between the 

provided atomistic resolution of MD and macroscopic observable properties of biophysical 

systems ranging from, but certainly not limited to, protein-ligand and cellular membrane 

dynamics. Beyond this, MD can be used for inherently hard to sample processes such as ligand 

unbinding or protein folding by using enhanced sampling techniques like metadynamics.1–4 

Combining MD with statistical modeling at the front and back ends provides opportunity to both 

improve simulation design and extend the reach of results. More than ever, the most useful 

statistical approaches in this domain fall under the label of machine learning (ML) due to the vast 

data sets being produced both computationally as well as experimentally. ML provides not only 

an expansive number of post-processing techniques, generally unsupervised learning methods 

like dimensionality reduction and clustering, but also a means for iterating and improving upon 

system design through deep learning. Thus, combining MD and machine learning provides one 

the ability to conduct a comprehensive investigation of biochemical challenges that are of current 

importance and can lead to advancements in the respective fields. 
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 This dissertation presents my efforts towards tackling a set of relevant biophysical 

challenges through a computational lens whilst taking advantage of various ML methods. Each 

chapter presents either a unique system or mechanism and my accomplishments towards 

answering a relevant challenge to that topic. Chapter 2 delves into the coexisting liquid-ordered 

and liquid-disordered phases in multicomponent lipid bilayers that has received widespread 

attention due to its relevance for biological systems. I investigate the effects of alcohol additions 

into model membranes since their anesthetic properties may arise from the modulation of bilayer 

composition. This chapter also offers insight regarding the use of coarse-grained MD simulations 

to allow for the exploration of large model membrane systems in a computationally realistic and 

efficient time frame. In Chapters 3-5, a focus is placed on investigating the troublesome uremic 

toxins that are a leading contributor to negative chronic kidney disease patient outcomes. I begin 

in Chapter 3 by providing time-scale dynamics for 4 protein bound uremic toxins (PBUTs) 

within their primary binding pocket of human serum albumin (HSA), implementing a set of ML 

methods for post-processing and the creation of a Markov state model (MSM). Chapter 4 

continues this look into PBUT bound to HSA by studying the unbinding kinetics and 

thermodynamics using enhanced sampling MD combined with deep learning for the a priori 

creation of an optimized sampling coordinate. Wrapping up my work on uremic toxins is 

Chapter 5 with an alternate backdrop in which I computationally model and seek to optimize a 

toxin capture strategy focused on highly specific adsorbent polymer materials. More specifically, 

I provide mechanistic information regarding an experimentally tested molecularly imprinted 

polymer (MIP) and potential improvements that can be made by altering the composition in a 

batch automated manner. I use Chapter 6 as a conclusion of my work, summarizing the impact I 

have made on the study of various biophysical fields and beyond. 
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Chapter 2. Effect of alcohol on phase separation in model 

membranes 

2.1 Introduction 

Many tertiary bilayers that consist of high melting point lipids, low melting point lipids, 

and cholesterol exhibit phase separation into liquid-ordered (Lo) and liquid-disordered (Ld) 

phases over a wide range of compositions.5–7 This phenomenon is relevant to our understanding 

of biological systems because cellular membranes are believed to exhibit a similar, albeit highly 

dynamic and short ranged, heterogeneity in bilayer properties in the form of lipid rafts.8,9 To 

further explore the nature of this phase separation and its connection to biological processes it is 

important to understand how the presence of additional molecules alters the properties of the 

coexisting phases. In this work, we study to what extent the addition of linear n-alcohols changes 

the composition and structure of the ordered and disordered phases in tertiary lipid membranes. 

Our interest in n-alcohols stems from their anesthetic properties, which are believed to be 

related to their effects on membrane structure. Recent experiments on model membrane systems 

show that the addition of short chain alcohols to tertiary giant unilamellar vesicles (GUVs) 

stabilizes the separation into coexisting phases: the transition temperature increases, and so does 

the difference in order between the Lo and Ld phases.10 It is not clear if this change in order is 

due to the alcohols directly or whether the alcohols alter the lipid compositions of the coexisting 

phases. Interestingly, adding such alcohols to giant plasma membrane vesicles (GPMVs) has the 

opposite effect: the transition temperature decreases, signaling a stabilization of the 

homogeneous phase.11These changes in transition temperature can be understood in terms of the 

partitioning of the additive into the different phases.12 
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To gain further insight into the interaction between n-alcohols and phase-separating lipid 

bilayers we perform Molecular Dynamics (MD) simulations using the coarse-grained (CG) 

MARTINI model, which is known to capture many relevant aspects of Lo-Ld phase separation in 

mixed lipid bilayers.13–16 In particular, it has been shown to exhibit phase separation at low 

temperatures in tertiary mixtures of DPPC (1,2-dipalmitoyl-sn-glycero-3-phospocholine), DIPC 

(1,2-dilinoleoyl-sn-glycero-3-phosphocholine), and cholesterol (CHOL).17 Using the MARTINI 

force field allows us to access the length and time scales necessary to reach equilibrium, which 

would be difficult to achieve with more detailed simulation models. The MARTINI model can 

be used to test various amphiphilic molecule’s effects on biophysical properties and 

thermodynamic conditions in membranes using both a large library of molecule types and 

analysis tools.18–22 It is worth noting that this approach is not without limitations as the 

MARTINI force field has been shown to struggle, for example, in correctly capturing realistic 

membrane protein aggregation, alongside other general pitfalls which have been discussed in the 

literature.23,24 Despite such shortcomings, the membrane simulation community has made great 

strides using the MARTINI model in a variety of areas such as nanoparticle-membrane 

interactions, lipid fingerprinting, protein insertion, and phase separation in model membranes.25–

28 Finally, the MARTINI forcefield has also been used successfully to study n-alcohols over the 

past decade in regards to general bilayer properties, bacterial membranes, and bolalipid 

membranes.29–32 

In this chapter we study the effect of alcohol on a ternary bilayer containing equal 

amounts DPPC, DIPC, and cholesterol. As others before us, we find that the latter spontaneously 

separates into coexisting liquid-ordered and liquid-disordered domains. We then isolate those 

domains and introduce alcohols, which allows us to directly observe structural, dynamical, and 
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thermodynamic changes induced by the additive (Sections 2.3.1-2.3.4). Next, we study phase 

separation in presence of the alcohol to test whether the latter directly affects the coexisting 

compositions (Section 2.3.5). The latter is one possible explanation of the experimentally 

observed increase in ordering of the ordered phase if, for example, alcohol caused a 

repartitioning of cholesterol from the Ld to the Lo phase. Answering these questions will allow us 

to shed light onto several open questions surrounding these complicated systems. 

In Section 2.2 we describe our simulation methods, details of free energy and analysis 

calculations, and the conditions of thermodynamic equilibrium in coexisting bilayer systems. We 

present our results in Section 2.3 for isolated Ld and Lo systems as well as a combined system 

that allows exchange of all molecule types between the phases. Finally, we present some 

concluding remarks regarding the simulation of model membranes and the MARTINI model in 

Section 2.4. 

 

Figure 2.1 - Schematic for building MARTINI model membranes. 

2.2 Methods 

2.2.1 Simulation details 

Our starting point are simulations of spontaneously phase-separating bilayers of equal 

parts DPPC, DIPC, and CHOL. Simulations are run using the CG MARTINI 2.1 force field33 in 

the GROMACS 5.1.4 suite.34 The MARTINI model applies a 4-to-1 mapping of heavy atoms to 

so-called beads (radii ~0.26 nm).35 Following this scheme, MARTINI n-alcohols are made up of 
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at least one polar bead containing the hydroxyl group and additional beads for every four carbons 

beyond the four of the shortest single bead butanol. Membranes are constructed and remain 

perpendicular to the z-axis throughout all simulations. Initial configurations are created 

efficiently using the Insane (INSert membrANE) tool.20 We have adapted Insane in order to 

handle n-alcohols/alkanes, allowing for quick construction of all systems.  

All simulations followed the standard MARTINI simulation settings unless noted 

otherwise 36,37. Simulations were performed using a time step of 30 fs and configurations were 

saved every 1000 steps (30 ps). Both the electrostatic and van der Waals interactions were 

truncated at 1.1 nm. A semi-isotropic Berendsen barostat was used with a reference point of 1 

bar to control pressure and effectively maintain zero surface tension for the membrane.16,38 A 

stochastic velocity rescaling thermostat was used to maintain a temperature of 300 K.39 Each 

system is first energy minimized using steepest descent for 1000 steps before a brief relaxation 

run at 350 K for 30 ns. 

2.2.2 Formation of ternary membranes solvated with n-alcohol 

For the initial control system without alcohol, Insane places 33 molecules each of DPPC, 

DIPC, and CHOL each into each leaflet of a bilayer that is centered in our simulation box. This 

bilayer is then solvated. The system undergoes our equilibration procedure and is then replicated 

in both lateral directions 3 times to approximately 20 nm x 20 nm, followed by additional 

equilibration. The exact number of lipids and solvent of the control system is shown in Table 

2.1. Equilibration of all systems was monitored both by tracking general membrane properties 

for consistency (box size, pressure, and interaction energies) alongside visualization of their 

density profiles. We observed spontaneous separation into liquid-ordered and liquid-disordered 

phases, consistent with previous simulation studies.13,16,40,41 Simulations ran for 7.5 μs in the 
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NPT ensemble, with phase separation occurring between 2-3 μs. The last 4.5 μs of these 

trajectories were used for the calculation of reported quantities for the phase separated 

membranes, while 3 μs were used for the homogeneous single-phase systems. The phase 

separated membranes are approximately 4.5 nm thick with a ~2.25 nm thick solvent layer above 

and below the membrane (see Table 2.1 for solvent amounts in the octanol system). The single-

phase systems used for the free energy calculations have taller boxes (~17 nm) in the z direction 

to accommodate the removed cholesterol during enhanced sampling simulations. These result in 

solvent layers between 6.5-7.5 nm thick (corresponding to 4600-7000 MARTINI water beads). 

Otherwise, single-phase systems are created to be the same size as the phase separated system, 

but with lipid compositions that yield homogenous bilayers. All visual representations of 

simulations are created using the VMD package.42 A snapshot of the final frame of such a 

simulation is seen in Figure 2.2.  

 

Figure 2.2 - Phase separated membrane of equal parts DPPC/DIPC/CHOL after 7.5 μs. DPPC is shown in 

blue, DIPC in purple, and CHOL in red. Striped phase domains form as expected for such a simulated 

square patch of membrane with periodic boundary conditions. 

 

In order to test the effects of n-alcohols, the modified Insane tool is used to add 

approximately 1, 3, 5, 10, or 16 mole percent of n-alcohols (where n = 4, 8, 12, and 16) to the 

systems. These systems undergo the same minimization, equilibration and production scheme as 
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the control system. Table 2.1 shows the exact number of molecules in the phase-separated 

octanol membranes, and details the scheme used for the other alcohols and the following single-

phase membranes. Biophysical properties are calculated using GROMACS and the MDAnalysis 

toolkits.34,43 We use a Gaussian Mixture Model (GMM) analysis of the localized density 

distribution to obtain the compositions of the coexisting phases in these spontaneously phase-

separating bilayers.16  In this approach, we calculate the bilayer composition in a moderately 

sized (larger than a single molecule, but much smaller than the entire system) observation 

window. In a phase-separated system, this composition should reflect one of the two coexisting 

phases, unless the observation window happens to cover the interface between the two domains 

in which case an intermediate composition is observed. Fitting this data to both a single Gaussian 

and a triple Gaussian model allows us to identify whether phase separation has occurred, and if 

so what the compositions of the coexisting phases are. We find the equilibrium compositions to 

have a 6:71:23 (Ld) and 57:3:40 (Lo) DPPC/DIPC/CHOL ratio for the control (alcohol-free) 

system.  

Table 2.1 - System outline of components for phase separated membranes solvated with octanol. 

 Number of Molecules in system 

Component 0 – Octanol (Control) 1 - Octanol 5 - Octanol 10 - Octanol 

DPPC 297 297 297 297 

DIPC 297 297 297 297 

CHOL 297 297 297 297 

Octanol 0 9 45 90 

Water 18000 17982 17910 17820 

 

 

These compositions found from the phase separated control system are then used to 

construct initial configurations for homogeneous systems of only Lo or Ld phase bilayers. We 
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create single-phase systems with alcohols of the same lengths and concentrations as before, again 

using the modified Insane program. Membrane thickness is calculated by measuring the distance 

between the phosphate head group beads of the upper and lower leaflets. The acyl-chain ordering 

parameter is calculated between two MARTINI lipid tail beads A and B as  

𝑆𝐴𝐵 =<
3𝑐𝑜𝑠2𝜃 − 1 

2
> 

where θ is the angle between the AB bond and the z direction.17 SAB = 1 indicates perfect 

alignment, SAB = 0 is random orientation, and SAB = −0.5 is anti-alignment. SAB is not 

necessarily equivalent to the experimental measure of order (for instance the deuterium order 

parameter), but it has proven a useful tool in detailing the flexibility of lipid tails.44 The mole 

fraction partition coefficient of the alcohols is calculated as  

𝐾𝑋 = 𝑋𝑎,𝑏/𝑋𝑎,𝑤   

where 𝑋𝑎,𝑏 is the mole fraction of alcohol within the bilayer and 𝑋𝑎,𝑤 is the mole fraction of 

alcohol in solution.45 

2.2.3 Calculation of Transfer Free Energies 

If two phases are in thermodynamic coexistence, the chemical potential of each component must 

be the same in both phases. For example, if 𝜇𝐿𝑜
 and 𝜇𝐿𝑑

 denote the chemical potential of 

cholesterol in coexisting ordered and disordered phases, then 

𝜇𝐿𝑜
=  𝜇𝐿𝑑  

must hold. In general, the difference Δ𝐺𝑡𝑟𝑎𝑛𝑠 = 𝜇𝐿𝑜
− 𝜇𝐿𝑑  denotes the free energy cost of moving 

a cholesterol molecule from the ordered to the disordered phase, which is zero at coexistence. 

Because we are interested in how the addition of alcohol might affect the partitioning of 

cholesterol into the two phases, it would be useful to calculate the chemical potential in both 
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ordered and disordered phases as a function of alcohol content. Calculating the chemical 

potential directly, however, is a challenging task using computer simulations. We therefore 

choose to instead calculate the free energy cost of moving a single cholesterol molecule from a 

single-phase lipid bilayer into the aqueous solvent. Denoting these energies 𝛥𝐺𝐿𝑜
 and 𝛥𝐺𝐿𝑜

 for 

the ordered and the disordered phase, respectively, we can reconstruct the transfer free energy 

using 

𝛥𝐺𝑡𝑟𝑎𝑛𝑠 =  𝛥𝐺𝐿𝑜
− 𝛥𝐺𝐿𝑑  

(see Figure 2.3). The use of a common reference state, a single cholesterol molecule in aqueous 

solution, thereby allows us to calculate the transfer free energies between bilayers of different 

composition without the complications of computing the chemical potential directly or 

performing a separate free energy calculation for every possible pair of membranes. 

 
Figure 2.3 - Calculation of cholesterol transfer free energies. For each type of homogeneous bilayer, for 

example a liquid-ordered (bottom left) or liquid-disordered (bottom-right) one, we compute the free 

energy required to move one cholesterol molecule from the bilayer into aqueous solution (top). Because 

the latter state is the same in all calculations, we can use this data to reconstruct transfer free energies of 

cholesterol from one bilayer to another. If two bilayers are at coexistence, this transfer free energy is zero. 

CHOL in water

CHOL in Lo CHOL in Ld

� Gt rans =  0

� GLd� GLo

� Gt rans =  0  ⇛  � GLo ≈ � GLd
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2.2.4 Cholesterol removal 

Removing cholesterol from a membrane is an unfavorable process that will not occur in a 

simulation over accessible time scales. Rather, simulations will mostly sample regions of 

configuration space that are near potential energy minima. Events with an energy barrier above 

kBT, where T is the absolute temperature and kB is the Boltzmann’s constant, will rarely be 

sampled. This is the case for cholesterol removal. However, such rare events can be observed 

using accelerated sampling techniques to overcoming the large energy barrier of removal.46 This 

work uses the umbrella sampling (US) method.47,48 After defining a reaction coordinate s, a 

continuous parameter that distinguishes between the two thermodynamic states of interest, US 

restrains this coordinate around a particular value by imposing a bias potential. A harmonic 

potential is commonly used as the bias due to its simplicity,  

𝑉𝑖(𝑠) =
𝐾

2
(𝑠 − 𝑠𝑖)

2, 

and we choose K, the bias strength, to be 1000 (kJ/mol/nm2). Our reaction coordinate is the 

distance between the membrane center of mass (COM) and the COM of a target cholesterol. 40 

simulations are created varying the reaction coordinate across a range of interest (0 nm - 4.0 nm). 

Each simulation is run for 0.4 μs, for a total of 16 μs simulation time for a given system. We 

combine these simulations using the weighted histogram analysis method (WHAM)49,50, 

producing the unbiased free energy profile. Statistical uncertainties were estimated using 

bootstrapping in g_wham, a GROMACS suite tool.34,51 To improve sampling we used replica 

exchange, allowing neighboring simulation windows to swap configurations at a predetermined 

frequency based on the Metropolis criterion.52,53 
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2.2.5 Calculation of alcohol and cholesterol trans-bilayer motion 

Another interesting biophysical property we measure is the rate of trans-bilayer motion, 

or flip-flop, of components within a membrane. Lipid flip-flop is used biologically in order to 

maintain an asymmetric distribution of lipids which plays a role in processes like blood 

coagulation and cell apoptosis.54,55 Cholesterol flip-flop has been studied in heterogeneous 

membranes, yielding flip-flop rates faster than that of phospholipids.56,57 It has also been shown 

that the cholesterol flip-flop rate depends upon membrane order58, giving another reason to 

investigate this property in our systems. The flipping rate is calculated for both CHOL and n-

alcohols in the single-phase membranes. To measure the flip-flop rate of cholesterol and alcohols 

in our simulations, we assign a molecule to one of multiple possible states based on the z-

position of its polar group relative to the membrane: a molecule can be either part of the top 

leaflet, the bottom leaflet, the region in-between the two leaflets at the center of the bilayer, or in 

solution. These regions were chosen based on the density profile of the bilayer in the normal 

direction. Using an in-house python script, the position and widths of each region as well as the 

membrane thickness were determined from Gaussian fits to each leaflet’s density profile (this 

code is available at the repository: https://github.com/jamesprg/n_alchohol_MARTINI). To 

avoid measuring an artificially high transition rate due to molecules fluctuating back and forth 

across the boundaries, these regions are not connected; instead, they are separated by several 

Angstroms. If a molecule falls into one of those gaps its state is not determined by its current 

position, but instead by the last and the next positively identified state using the transition-based 

assignment method.59 We count each successful flip-flop event from one leaflet to the other that 

proceeded through the interior of the bilayer (and not through the periodically replicated 

solvent). The flip rate of component 𝑥, 𝐹𝑥, is then calculated as follows 

https://github.com/jamesprg/n_alchohol_MARTINI
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𝐹𝑥 =
𝑓𝑥

𝑡 × 𝑁𝑥
  

where 𝑓𝑥 is the number of flip-flop events, 𝑡 is the simulation time used for analysis, and 𝑁𝑥 is 

the number of 𝑥 molecules in the system. 

2.3 Results and discussion 

2.3.1 Alcohol partitioning between solvent and membrane 

In order to study the partitioning of alcohols between MARTINI model membranes and 

water we compute the partitioning coefficient. Our results are shown in Figure 2.4 (a)/(b). As 

expected, we find that the longer n-alcohols result in a larger percentage of membrane 

partitioning, likely due to the long hydrophobic tails having a greater preference for the 

hydrophobic region of the membranes. When comparing the two phases, both hexadecanol and 

dodecanol partition more strongly into the ordered phase than into the disordered phase. 

However, in the case of octanol, partitioning into either phase becomes more similar in 

magnitude. Finally, butanol partitions approximately twice as strongly into the disordered phase 

over the ordered phase for all compositions. We see that for the MARTINI model, in which the 

smallest n-alcohols are single bead molecules, the alcohol shorter than octanol studied here 

(butanol) partitioned and remained more stably in the disordered Ld phase. When moving to 

longer alcohols such as dodecanol, the trend appears to reverse. This could be due to the alcohols 

becoming more similar in size to the lipids, comparable to cholesterol. This fact, alongside their 

larger hydrophobic region, could create a preference for the Lo phase due to a strong driving 

force to keep these longer hydrophobic tails well shielded from the solvent by the more stable 

and thicker ordered membrane. 
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Figure 2.4 - Alcohol partitioning and induced structural changes in homogeneous ordered and disordered 

membranes. Panels (a) and (b) show the partition coefficient as a function of alcohol mole percent for the 

Ld and Lo phase, respectively. Alcohol concentrations vary between 0, 1, 5, and 16 mole percent. Panels 

(c) and (d) show the membrane thickness and average order parameter as a function of alcohol mole 

percent for the Ld (lower sets of data) and Lo (upper sets of data) phase, respectively. Statistical 

uncertainties were calculated from observations in 4 independent trials for each data point. 

 

2.3.2 Alcohol effects on the structure of Lo and Ld membranes 

We now compare the structural properties of the single-phase systems. Figure 2.4(c) 

shows the average distance between the head group beads of lipids in the upper and lower 

leaflets as a function of alcohol mole percent for various n-alcohols. All four alcohols tested do 

not affect the Lo or Ld membrane thickness by more than 0.2 nm for any mole percent. Neither 

the increase in alcohol length nor mole percent led to a monotonic increase or decrease in 

membrane thickness for any case except for dodecanol in the Lo phase. This indicates that the 

addition of the n-alcohols tested does not significantly alter membrane thickness of either phase 

regardless of mole percent.   

We reach similar conclusions by analyzing the average acyl-chain order parameters 

shown Figure 2.4(d). An increase in octanol and dodecanol tends to slightly decrease the 
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average order parameter. We note that this observation is the opposite of that made in 

experiments, which showed an increase in order of the Lo phase in the presence of alcohol.10 

However, the two systems are not directly comparable: unlike the experiment, we here add the 

alcohols to single-phase systems. In addition, membrane order was measured in the experiment 

using laurdan polarization, whereas here we use the tail order parameter. Our simulation data 

show that increasing the alcohol length in the 16 mole percent systems from butanol to octanol 

leads to a larger decrease in order parameter (0.074) than compared to the decrease found when 

going to dodecanol instead (0.035). However, hexadecanol is within the calculated uncertainty of 

butanol, indicating that the minimal disordering effect of the Lo phase observed is only occurring 

for alcohols in between the shortest and longest tested. The pure Ld phase shows no difference in 

order parameter between all alcohols/compositions tested except for hexadecanol. Furthermore, 

the notable decrease in order only occurs in the 16% hexadecanol Ld system, similar to the trend 

in the Lo phase as well as the general increase in non-lipid component. We suspect hexadecanol’s 

difference in this regard to be related to its similar length to the lipids in the system. Overall, 

these observations imply that the addition of alcohols does not significantly increase the order of 

the pure Lo or Ld membranes. However, it seems that alcohols which begin to reach the length of 

the lipids in the system could have greater effects, and in this case, lead to a decrease in order in 

either phase, more prominently so in the Ld phase. Changes in order parameter might be difficult 

to detect using coarse-grained methods due to the general loss of information compared to all-

atom models. To our knowledge, a systematic comparison of the ordering of small molecules 

such as n-alcohols in model membranes in different forcefields does not yet exist. However, 

there has been work done studying general lipids in this regard, which has found coarse graining 
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to lead to more flexible hydrocarbons60 as well as confirming order parameters between all-atom 

and MARTINI forcefields.44 

2.3.3 Alcohol effects on cholesterol chemical potential in Lo and Ld membranes 

As described in Sections 2.2.3/2.2.4, we calculate the free energy of moving a cholesterol 

molecule out of the bilayer and into solution. We begin by studying homogeneous Lo and Ld 

bilayers whose compositions were obtained from the phase-separating control simulation without 

alcohol (Figure 2.5(a)). We find similar free energies of that ∆𝐺𝐿𝑜
= 90.9 ± 2.8 𝑘𝐽 for the 

ordered and ∆𝐺𝐿𝑑
= 82.1 ± 3.4 𝑘𝐽 for the disordered phase, as expected for two phases that are 

in equilibrium. That they are not exactly equal is likely due to uncertainties in the exact 

composition and limited flexibility of setting the composition in such small systems.  

In panels (b) and (c) we show the same free energy profiles in the presence of various 

mole fractions of octanol. Neither system deviates outside of the uncertainty range for any of the 

four compositions studied. This suggests that the alcohol does not alter the favorability for 

cholesterol to remain in either pure phase membrane. It also affirms the accuracy of our 

simulations. We emphasize that these results are produced from single-phase membrane systems, 

and we will later compare them to changes caused by alcohol additions in systems containing 

both Lo and Ld phases. 
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Figure 2.5 - Free energy profiles for moving cholesterol out of single-phase bilayers. (a) The free energy 

profile of removing a cholesterol molecule from a liquid-ordered membrane shows a more pronounced 

minimum than for a disordered membrane in the control simulations. Adding alcohols does not alter the 

free energy profiles for disordered (b) or ordered (c) bilayers. 

2.3.4 Trans-bilayer motion of n-alcohols and cholesterol in Lo and Ld membranes 

Our results for the flip-flop rate of alcohols and cholesterol are summarized in Table 

2.2/2.3 for single-phase disordered and ordered bilayers, respectively. Flip-flop rates for 

cholesterol range from 2.1 x 107 to 3.6 x 107 s-1 in the Ld phase and from 9.31 x 104 to 6.36 x 105 

s-1 in the Lo phase. In agreement with previous studies, the disordered phase results in a more 

frequent amount of flipping events, likely due to the decreased rigidity of the lipid acyl-chain 

tails and increased fluidity.58 In comparison, the n-alcohol flip-flop rates range from 5.0 x 106 to 

6.2 x 107 s-1 in the Ld phase and from 7.5 x 104 to 3.0 x 105 s-1 in the Lo phase. All n-alcohols 

also exhibit flip rates at least an order of magnitude faster in the Ld phase compared to the Lo 

phase. To compare the rates between alcohol and cholesterol, we calculate the flip rate ratio 

(alcohol rate divided by cholesterol rate); results are shown in the final column of each table. We 

find that only butanol (for both Lo and Ld phases) shows smaller flipping rates than cholesterol. 
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In all other systems, the alcohol flip rate is found to be faster, an effect most prominent in the Lo 

phase. This result shows that n-alcohol flip-flop rates are less reliant on the order of a particular 

membrane. We also note that octanol observes a uniquely higher flip-flop rate in the Lo phase 

compared both to its Ld counterpart and all other n-alcohols studied, which might relate to the 

partition coefficient cutoff behavior discovered in section 2.3.1. All n-alcohols observe a 

monotonic increase in flip rate with total alcohol concentration, aside from butanol which 

remains constant within calculated uncertainties. Also notable is the result that the cholesterol 

flip rate increases monotonically with total alcohol concentration for all systems (again aside 

from butanol for the Lo phase only), which one might interpret as a sign of increased disorder for 

both the Ld and Lo phases. However, this conclusion is not supported by our measurements of the 

order parameters discussed in section 2.3.2. Thus, it seems that the flip-rate is acting less like a 

measure of the tail order parameter, but instead correlates more strongly with other measures of 

fluidity. Furthermore, the length of the alcohol is also correlated to the monotonic increase in 

cholesterol flip rate with alcohol concentration in the Ld systems. In general, the liquid-ordered 

system shows a maximum in the flip rate ratios for octanol; for longer alcohols the flip rate ratio 

decreases but remains greater than unity. This again is indicative of a potential cut-off in terms of 

ordering effects once alcohols reach lengths similar to that of the lipid components.  

 

 

 

 

 

 

Table 2.2 - Average flip-flop of CHOL and n-alcohols in Ld phase membranes. 
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  Alcohol Cholesterol  

n-alcohol Alcohol % Total Flips Flip Rate (s-1) Total Flips Flip Rate (s-1) 
Flip Rate 

Ratio 

Butanol 

1 7.6×101 5.3×106 6.9×103 2.1×107 0.25 

5 3.0×102 5.0×106 5.9×103 2.2×107 0.22 

16 9.7×102 5.1×106 5.2×103 2.3×107 0.22 

Octanol 

1 3.1×102 2.6×107 6.3×103 2.3×107 1.13 

5 2.0×103 2.8×107 7.8×103 2.5×107 1.14 

16 6.5×103 3.4×107 6.3×103 2.8×107 1.23 

Dodecanol 

1 5.8×102 4.8×107 7.5×103 2.7×107 1.76 

5 3.1×103 5.2×107 8.0×103 3.0×107 1.72 

16 1.2×104 6.2×107 8.0×103 3.5×107 1.77 

Hexadecanol 

1 5.5×102 4.6×107 8.0×103 2.9×107 1.60 

5 3.1×103 5.2×107 8.1×103 3.1×107 1.69 

16 1.1×104 5.9×107 8.2×103 3.6×107 1.66 

 

 
Table 2.3 - Average flip-flop of CHOL and n-alcohols in Lo phase membranes. 

  Alcohol Cholesterol  

n-alcohol Alcohol % Total Flips Flip Rate (s-1) Total Flips Flip Rate (s-1) 
Flip Rate 

Ratio 

Butanol 

1 1.3 8.7×104 6.6×101 1.14×105 0.76 

5 4.5  7.5×104 4.5×101 9.76×104 0.77 

16 1.9 ×101  9.8×104 3.8×101 9.31×104 1.05 

Octanol 

1 9.3 7.7×105 4.9×101 1.02×105 7.55 

5 9.6 ×101 1.3×106 1.0×102 1.85×105 7.15 

16 5.8 ×102 3.0×106 2.6×102 6.36×105 4.74 

Dodecanol 

1 5.0 4.2×105 5.2×101 1.07×105 3.88 

5 4.7 ×101 7.9×105 7.1×101 1.55×105 5.08 

16 3.1×102 1.6×106 1.4×102 3.46×105 4.74 

Hexadecanol 

1 3.8 3.1×105 4.7×101 9.74×104 3.21 

5 2.1  ×101 3.5×105 5.7×101 1.25×105 2.77 

16 8.9 ×101 4.6×105 5.9×101 1.45×105 3.19 
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2.3.5 Alcohol effects on equilibrium compositions of membranes exhibiting phase coexistence 

In this section we switch our focus to bilayer systems in which liquid-ordered and liquid-

disordered regions coexist. We determine the composition of the Lo and Ld phase in relatively 

large systems of about 20 nm per lateral dimension. Number density profiles were generated, 

from which we calculate the mole fraction of each component. Three separate simulations were 

averaged to obtain the density profiles shown in Figures 2.6 (a)/(b). These profiles account only 

for the total number of lipids, as the alcohol is able to leave the membrane and is therefore 

considered part of the solvent. The smoothness of these profiles is indicative of the small 

variance between replicate simulations. In Table 2.4, each component’s mole fraction from the 

density profiles is given as an average over a particular membrane strip in the x direction that 

was found to be of a single phase for the simulation time analyzed. 

Table 2.4 - Lipid mole fractions determined from number density profiles. 

 Lo Ld 

Lipid type 0% Octanol 5% Octanol 10% Octanol 0% Octanol 5% Octanol 10% Octanol 

DPPC 0.542 ± 0.001 0.492 ± 0.001 0.531 ± 0.001 0.039 ± 0.001 0.064 ± 0.001 0.043 ± 0.000 

DIPC 0.020 ± 0.001 0.074 ± 0.001 0.023 ± 0.001 0.802 ± 0.001 0.778 ± 0.002 0.814 ± 0.001 

CHOL 0.438 ± 0.001 0.434 ± 0.001 0.446 ± 0.001 0.159 ± 0.002 0.158 ± 0.001 0.143 ± 0.001 

 

 

In order to analyze the composition changes between systems, we average the portions of 

the curves within the bulk regions of either phase. We see that in the 5 mole percent octanol 

system, DIPC had a slight decrease in the Ld phase by 2.4%. We find the opposite trend when 

increasing to 10 mole percent octanol in the Ld phase as the DIPC composition increases by 

3.6%. The DIPC fraction in the Lo phase (or DIPC poor phase) of the 5 mole percent octanol 

system increases by 5.4%. Interestingly, this shift is reversed when increasing the octanol mole 

percent to 10, where we also observe a rise in the Ld phase’s DIPC fraction. We also determine 
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shifts in both DPPC and cholesterol between different systems. The largest change to the 

cholesterol profiles is observed in the Ld phase with 10 mole percent octanol, differing from both 

the 0 and 5 mole percent systems by at least 1.5%. Furthermore, the DPPC and cholesterol 

together appear to make up for the shifts previously observed in the DIPC profiles: in Lo phase, 

when jumping from the 0 to 5 octanol mole percent systems where DIPC increases by 5.4%, 

DPPC decreases by 5.0%. This becomes equal if we factor in the 0.4% decrease also observed 

for cholesterol. When moving from 5 to 10 octanol mole percent, there is an increase in DPPC 

by 3.9%. Again, this matches the DIPC decrease (5.1%) if we account for the cholesterol 

increase by 1.2%. Finally, the 3.6% increase in DIPC mole fraction for the Ld phase from 5 to 10 

octanol mole percent is accounted for by the 2.1% and 1.5% decreases in DPPC and CHOL mole 

percent respectively. 

 We also calculate the number density profile for octanol in Figure 2.6 (b). This profile 

illustrates directly octanol’s preference for the disordered over the ordered phase: octanol prefers 

the Ld region over the Lo by 3.6:1 and 2.9:1 for the 5 and 10 mole percent systems, respectively. 

The magnitude of this preference is larger than what one might expect from the calculations of 

partition coefficient into single-phase bilayers discussion in section 2.3.1. However, the two 

calculations are not equivalent: while in the single-phase systems the composition of both the 

ordered and disordered phases are fixed, here they can vary by lipids and cholesterol moving 

from one phase to the other in response to the addition of alcohols. An exact agreement between 

these two calculations should therefore not be expected. 
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Figure 2.6 - Membrane component density profiles and ternary composition diagrams. Upper row: 

Number density profiles are plotted corresponding to the three octanol mole fractions: 0% (solid), 5% 

(diamonds), and 10% (circles). The center of the plot represents the Ld phase while the right and left sides 

are Lo phase. Dashed lines denote the two regions used to average over for analysis. Panel (a) is 

calculated using lipid components only while (b) shows the profiles for octanol. The number density is 

normalized based on all components. (c) Ternary phase triangles with compositions of various octanol 

concentrations. Each point is an average over three simulation runs, where compositions were calculated 

using the GMM method. Each axis on a triangle shows the mole fraction of the given component. The 

central triangle shows the full composition space while the left and right triangles show magnified regions 

highlighting Lo and Ld phases.   

 

Determination of the compositions of coexisting phases from density profiles is 

hampered by fluctuations of the interface between the phases as well as lacking information 

about the correlations between the compositions of different species. We therefore tested the 

accuracy of our results by using a Gaussian Mixture Model analysis of our simulation data in the 

three-dimensional composition space.16 Figure 2.6 (c) shows the ternary composition diagram 

with the coexisting equilibrium compositions obtained for the 0, 5, and 10 octanol mole percent 

systems, again averaging over three separate simulations. In this composition triangle, Ld and Lo 
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phases are easily distinguished. As with the number density profiles, we look to determine the 

shift in composition at various octanol concentrations. Similar to our results from the number 

density profiles, DPPC and CHOL mole fractions in the Lo phase both decrease by 

approximately 0.01, while that of DIPC increases by approximately 0.02 mole fraction. Analysis 

of the Ld phase ternary triangle also reinforces the density profiles. We find that the DIPC 

fraction initially decreases to 0.768 in the 5 octanol mole percent system before increasing back 

to 0.779 in the 10 octanol mole percent system, following the trend observed in the density 

profiles. Each component’s mole fraction is given in Table 2.5. 

Table 2.5 - Lipid mole fractions determined from Gaussian Mixture Models. 

 

 Lo Ld 

Lipid type 0% Octanol 5% Octanol 10% Octanol 0% Octanol 5% Octanol 10% Octanol 

DPPC 0.538 ± 0.006 0.527 ± 0.003 0.524 ± 0.004 0.054 ± 0.005 0.076 ± 0.006 0.071 ± 0.005 

DIPC 0.029 ± 0.005 0.046 ± 0.004 0.049 ± 0.006 0.780 ± 0.010 0.768 ± 0.005 0.780 ± 0.010 

CHOL 0.433 ± 0.002 0.427 ± 0.008 0.427 ± 0.002 0.170 ± 0.010 0.156 ± 0.002 0.150 ± 0.010 

 

2.4 Conclusion 

Our results on single-phase model membranes suggest that butanol, octanol, and 

dodecanol additions cause little to no effect in membrane thickness or order parameter at 

concentrations at or below 16 mole percent. Neither the single-phase nor the full model 

membrane systems displayed any monotonic shifts in order with increasing alcohol mole percent 

or length as anticipated by the ordering effects seen in experimental GUVs. However, flip-flop 

rates suggest a decrease in order, represented by the increase in cholesterol flip-flop, for all 

systems aside from butanol in the Lo single-phase membranes. We show that MARTINI model 

membranes do not exhibit changes in lipid composition greater than 5.4 mole percent between 
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systems with 0, 5, or 10 mole percent of octanol. Our GMM analysis supports very small 

composition changes, finding the maximum compositional change to be a decrease in DPPC 

mole fraction by 2.23 in the Lo phase after adding 5 mole percent octanol to the membrane. The 

smaller maximum change found by the GMM supports the choice of this method, avoiding the 

larger fluctuations found in the density profiles alone while still observing similar behavior. 

Finally, we used umbrella sampling to calculate the free energy of cholesterol removal from each 

single-phase membrane and found that increasing the octanol content caused no significant 

change to cholesterol’s preference for either phase.  

Despite the minute composition changes observed when adding particular alcohols to our 

systems, the addition of alcohols led to a decrease in the distinction between the two phases. This 

occurs when either phase loses a portion of its natural lipid type or gains lipids of the alternate 

type. Also, of note is the preference octanol exhibits for the Ld phase over the Lo phase by at 

least 2.9:1 in the phase separated membranes. This preference has been discussed in recent 

literature but is still not fully understood.61 A potential explanation for this effect is that the 

disordered tails of Ld phase lipids lead to an easier partitioning for shorter alcohols, which our 

data suggests are those of octanol’s length and below. As indicated by our partition coefficient 

calculations in single-phase membranes, longer alcohols such as dodecanol show stronger 

partitioning into the Lo phase. This effect could be due to their similarly long hydrophobic tails 

which would incur larger free energy penalties compared to shorter alcohols if not properly 

shielded by ordered head groups.  

In contrast to our results in homogeneous single-phase membranes, the experimental 

results by Cornell and coworkers display a clear monotonic increase in the order of the Lo phase 

of model membranes in GUVs that contain both liquid phases. There are multiple possible 
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reasons for this inconsistency. First, the generalized polarization of laurdan that was used in the 

experiments is only an indirect probe of membrane order and might yield information that cannot 

be directly compared to the membrane thickness and tail order parameter discussed here. Second, 

the lipids used in our simulation study are not the same as in the experiments: due to a deficiency 

in the Martini model, phase separation does not occur spontaneously in DPPC:DOPC:CHOL 

membranes, and we used the more highly unsaturated DIPC lipid instead. The difference in acyl 

chain chemistry may be the origin for the difference in observed behavior. Third, it is possible 

that the MARTINI force field in its current form does capture the intricate interactions in these 

systems with sufficient accuracy. While its coarse-grained descriptions of phospholipids and 

cholesterol have been well-tested, its combination of alcohols has received much less scrutiny so 

far. Previous simulation studies have found that the effect of alcohol on bilayer properties can be 

rather subtle.32 

Our simulation results suggest several potential experiments that could shed further light 

on these phenomena. It would be useful to perform experiments on butanol in addition to the 

longer chain alcohol to fully appreciate the variety of effects that can be induced by alcohols. It 

would also be beneficial to obtain NMR or other experimental data on the tail ordering in ternary 

lipid bilayers in the presence of alcohol, as this would allow a direct comparison with 

simulations. Finally, it would be interesting to repeat the laurdan experiments on single-phase 

GUVs that are either completely liquid-ordered or completely liquid-disordered, to test the extent 

to which the currently observed changes are due to changes in lipid composition upon the 

addition of alcohol. 

  



 

 

26 

Chapter 3. Analyzing the long time-scale dynamics of uremic toxins 

bound to Sudlow site II in human serum albumin 

3.1 Introduction 

Despite increased attention received in recent years, the efficient removal of protein 

bound uremic toxins (PBUTs) remains a challenge towards the improvement of outcomes for 

chronic kidney disease (CKD) patients.62–67 PBUTs are uremic retention solutes, generally < 500 

Da, which have a high affinity for carrier proteins like human serum albumin (HSA).64 The 

difficulties surrounding PBUT removal are twofold: 1) uremic toxins binding transport proteins 

have complex binding pathways that are not well understood and 2) uremic toxins have low free 

fraction in the bloodstream making them resistant to traditional dialysis methods. To overcome 

these difficulties related to PBUT capture, two major strategies have been suggested. The first 

strategy involves the use of competitive binders in protein binding pockets to increase toxin free 

fraction in the bloodstream. Competitive binders such as ibuprofen have been shown to increase 

the amount of unbound PBUTs that bind the HSA Sudlow Site II such as indoxyl sulfate (ISO), 

p-cresyl sulfate (PCS), indole-3-acetic acid (IAA), and hippuric acid (HA).68 The second strategy 

focuses on improving the ability to capture free toxin in solution. One example being the design 

of highly specific nanoporous adsorbents, developed with internal surface areas suitable for non-

specific adsorption of hydrophobic molecules, which has been shown to improve the capture of 

free toxin.69,70 Such approaches take steps towards improving the management of PBUTs in 

CKD patients. However, gaps in our molecular level understanding of these mechanisms prevent 

widespread use or rational design of more efficient toxin capture materials. Gaining atomic-scale 

insight into the dominant interactions that drive PBUT binding within a native binding pocket 

could greatly assist in this goal. 
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 We have previously used molecular dynamics to provide general mechanisms of the 

PBUTs binding in Sudlow site II alongside insight into toxin-specific interactions.71 This was 

done using experimental structures of ISO bound to Sudlow site II of HSA to create initial 

binding poses of 3 PBUTs (PCS, IAA, and HA).72 These toxins were chosen due to the body of 

literature supporting their link to negative CKD patient outcomes and chemical 

similarities.62,63,67,68,73 These four toxins span a chemically diverse space as highlighted in Figure 

3.1 which details the substitution of either the anionic or hydrophobic group (or both) between 

systems. Sudlow site II is an appropriate binding site to study since it is already the primary 

binding site for two of the four toxins ISO and PCS.74 Our earlier work provided equilibrium 

characterization of the predicted binding pockets on the time scale of 100s of ns. Herein, we 

expand this by studying the long-timescale dynamics within the binding pocket of each protein-

toxin system. In order to study these binding mode kinetics, we build Markov state models 

(MSM), which has the ability to estimate timescales for events that are much longer than 

typically accessible in biomolecular MD simulations.75,76 In recent years, using MSMs to 

interpret and expand the results of classical MD simulations has found great use in a variety of 

biomolecular challenges.77,78 For example, MSMs have been used to great effect in areas such as 

protein folding,79,80 protein-ligand binding,81,82 intrinsically disordered proteins,75,83,84 and native 

state conformational changes.85,86 Thus, we provide an improved understanding of interactions 

within the binding pocket and the possible pathways PBUTs may travel before unbinding.  

 Using an MD approach while desiring to obtain meaningful kinetic information from 

protein-ligand interactions forces us to employ a method for handling the high dimensional data 

produced. However, a natural advantage of MSMs is that they require a dimensional reduction of 

the input features in order to extract reliable kinetic information from such large data sets.75 In 
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spite of the great potential of MSMs, one obstacle is the selection of key degrees of freedom that 

quickly decorrelate. Schwantes and Pande have addressed this through the use of time-structure 

independent component analysis (tICA) as a means of picking out the quickly decorrelating 

degrees of freedom.87 Analysis using tICA involves finding the linear combinations of a set of 

features that maximizes the autocorrelation function of that projection while requiring each linear 

combination be uncorrelated to the previous ones. By implementing these methods, we can 

project high-dimensional MD data onto the slowest degrees of freedom. Thus, we will use tICA 

for constructing an MSM in order to describe the kinetic transitions of our protein-ligand binding 

pocket interactions. 

In this work, we combine MD simulations with tICA-informed MSMs in order to 

quantify the binding mode kinetics of four previously investigated PBUT-HSA complexes. We 

detail the major binding modes for each system as well as estimate the timescales for the slowest 

transitions within the binding pocket. Furthermore, we use these models to help outline potential 

pathways for toxin unbinding. This work increases understanding of the HSA binding pocket on 

a molecular level by analyzing four important PBUTs relevant to CKD. Furthermore, analysis of 

the long timescale dynamics within the binding pocket should help in the development of ideal 

reaction coordinates for future studies using enhanced sampling techniques to study PBUT 

unbinding. This direction would allow for estimation of the kinetic properties of uremic toxin 

unbinding which has been shown to be the leading marker in determining the clinical efficacy of 

drugs.88,89 However, these properties remain very challenging to measure experimentally and 

calculate using simulations. Thus, taking steps to improve the design and understanding of the 

HSA-PBUT system’s dynamics in a binding pocket of interest could prove critical to the future 

improvement of drugs designed treat CKD. 
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The remainder of this chapter is organized as follows. In section 3.2, we highlight our 

simulation setup, methods for selecting the relevant features of each protein-toxin system, and 

construction of the MSMs. To start section 3.3, we verify the validity of our MSMs before 

detailing the discovered binding modes and key interactions in each system. Analysis of the 

MSM eigenvectors is then used to report and discuss kinetic information surrounding toxin 

transitions within the binding site. Concluding remarks highlight areas of future work for 

mechanistic studies of PBUTs in section 3.4.  

 

Figure 3.1 - Target toxin design space and HSA binding site. The left panel shows our toxin design space, 

where the vertical axis tracks a shift in the hydrophobic group and the horizontal tracks the anionic group. 

The right panel is a snapshot of a molecular dynamics run, displaying the HSA protein bound by IAA at 

Sudlow site II.  
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3.2 Methods 

3.2.1 Initial structures and details of MD simulations 

The four starting structures for toxin bound to Sudlow site II were adapted from Smith and 

Pfaendtner.71 These individual toxins were combined with the HSA protein from an experimentally 

resolved structure (RCSB PDB ID: 2BXH) using the Amber 14 forcefield parameters.72,90 The 

systems were solvated in a cubic box (L=10.8 nm) with TIP3P water and 14 sodium counter ions.91 

Following this system setup, MD simulation was conducted using Gromacs 2016.3.34 System 

equilibration was done in a three-step process as follows; energy minimization, annealing, and a 

short NPT simulation. For energy minimization, each system was treated with a steepest descent 

algorithm for 10000 steps. All simulations beyond the point use an MD timestep of 2 fs, using the 

LINCS algorithm to constraint all X-H bonds.92 Temperature was ramped over 250 ps to 298K, 

followed by a short NPT simulation of 500 ps for fast mechanical equilibration with the Berendsen 

barostat at 1 bar.93 

Based on guidelines from prior studies recommending at least 12 production runs94, we 

performed 15 NPT simulations for each protein-toxin complex with a randomly generated initial 

velocities. Systems were held at 298 K and 1 bar using the Bussi-Donadio-Parrinello thermostat 

and Parrinello-Rahman barostat.39,95 Each simulation was carried out for 250 ns of which the first 

50 ns are not analyzed (used for the purpose of extra relaxation). Furthermore, frames are saved 

every 2 ps for analysis. Any error bars obtained are calculated from an aggregation of the set of 

simulations for a particular system with standard deviations calculated from each mean. The 

Plumed 2.4 plugin was then used to post process the raw simulation data as described in the 

following section.96 
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3.2.2 Key residue determination in binding pocket-toxin interactions 

In order to obtain the key interactions taking place in the complex protein-ligand binding 

pocket, an initial set of residues for study needed to be determined. These residues were selected 

from the static starting structures, prior to analysis of any MD results. Each list of residues was 

started by identifying any protein residue within 0.6 nm of any atom of a toxin. The list was then 

curated by calculating the number of atomic and hydrophilic contacts using the following 

switching function:  

𝑁𝑐𝑜𝑛𝑡𝑎𝑐𝑡𝑠(𝒓) = ∑ ∑
1 − (

𝑟𝑖𝑗 − 𝑑
𝑟 )

6

1 − (
𝑟𝑖𝑗 − 𝑑

𝑟 )
12

𝑗∈𝐵

 

𝑖∈𝐴

, 

where A and B are the toxin and residue’s heavy atoms (non-hydrogen), respectively, d (diameter) 

and r (radius) control the shell formed around each atom, and rij is the distance between atoms i 

and j. Contacts were calculated every 10 fs (5 MD steps) counting atomic contacts within a 

coordination sphere of radius 0.4 nm (r = 0.4 nm, d = 0 nm) while hydrophilic contacts were 

counted using a coordination annulus set to 0.27 nm in diameter and 0.03 nm thick (r = 0.03 nm, 

d = 0.27 nm) as used in our previous work.71 We then cut the initial list of residues using the 

resulting highest number of contacts (given error bars produced from the standard deviation of the 

15 individual data sets) and knowledge of which residues would play an interesting role in 

determining binding modes.72 Each toxin had the following final number of key residues based on 

the previous criteria; ISO - 9, PCS - 11 , IAA - 14, and HIP - 13. The center of mass distances 

between toxin and each (1) key residue and (2) pair of helices at the mouth of Sudlow site II (H1-

H2, H1-H3, H2-H3) were then calculated every 2 ps per simulation and results were analyzed 

using the Python programming language. The full list of key residues and calculated descriptors is 

available in Appendix II (Figure I.1 and Table I.1). 
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3.2.3 Time independent component analysis as a means of dimensionality reduction  

We used time-structure independent component analysis (tICA) to project the 9+ structural 

descriptors onto a 2-dimensional space in order to aid in identifying the binding modes from 

otherwise uninterpretable data. The tICA space is built by selecting a lag time, also known as the 

correlation lag time, which is a parameter of the autocorrelation function used to assess the slowest 

degrees of freedom in a data set. While the role of this parameter is well documented in the 

literature87, we pay particular attention to its selection in the construction of a MSM as it is one of 

the few hyperparameters we can tune and control the trade-off between interpretability and 

accuracy in our model. We will further present our choice of parameter selection in section 3.3.1. 

The resulting tICA space is discretized into microstates (>50) using an automated pattern 

recognition algorithm. We use the k-means clustering method which has been shown as an 

effective approach to handling the dense, low dimensional data produced by tICA.75,87,97,98 

Furthermore, the k-means clustering algorithm has been used to good effect for building MSMs 

due to its ability to highlight more densely sampled regions while assigning few clusters with lower 

counts, helping to improve transition probabilities.75,99,100  

3.2.4 Construction, scoring, and analysis of Markov State Models 

The details of using MSMs for biomolecular simulations has already been discussed in 

depth.77,78,101,102 We closely follow previous examples in our work here. Of most importance to 

our work is the construction of timescales, 𝑡, that are decomposed into independent processes 

through our MSM. In short, an MSM divides the phase space of our complex MD simulations into 

discrete microstates. We use the MSMbuilder python package, which starts by building a count 

matrix, 𝑪, where the 𝐶𝑖𝑗 elements are the number of transitions from state 𝑖 to 𝑗 at time 𝑡 + 𝜏, 
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summed over all of 𝑡. By computing a transition matrix, 𝑻, with elements that measures the 

probability of our system moving from microstate i to j in time 𝜏 as  

𝑇𝑖𝑗 = 𝑃(𝑠𝑡+𝜏 = 𝑗|𝑠𝑡 = 𝑖) 

 where 𝑆 = (𝑠𝑡) is a trajectory in the discretized micro-state space of length N and 𝑠𝑡 ∈ {1, ..., k} 

is the microstate-index at time 𝑡. Our combination of tICA and k-means clustering discretizes our 

data into the micro-state space while highlighting the slowest degrees of freedom, allowing the 

MSM to model long-time dynamics that would otherwise be otherwise unseen. MSMbuilder 

performs a maximum likelihood estimation in order to maximize the probability that a given 𝑻 

will generate some observed trajectory 

(𝑇) = 𝑃(𝑆|𝑻) = ∏ 𝑇𝑠𝑡,𝑠𝑡+𝜏

𝑁−𝜏

𝑡=0

= ∏ 𝑇𝑖𝑗

𝐶𝑖𝑗

𝑘

𝑖,𝑗

. 

The timescales describing the various binding mode transitions are then determined from spectral 

analysis on the 𝑖 eigenvectors of 𝑻 which encompass the various processes of the system. 

Specifically, 𝑻 has right eigenvectors, 𝜓𝑖̃, and left eigenvectors, 𝜙𝑖̃. Furthermore, if 𝑻 is irreducible, 

a stationary distribution, 𝜋, can be found by normalizing the eigenvector corresponding to the 

unique eigenvalue of norm 1. Since 𝑻 fulfills detailed balance (by its Markovianity), the left and 

right eigenvectors are related by  

𝜙𝑖̃ = 𝑑𝑖𝑎𝑔(𝜋)𝜓𝑖̃. 

 Finally, implied timescales of these processes are obtained from the matrix’s eigenvalues, 𝜆, as 

𝑡𝑖 = − 
𝜏

ln|𝜆𝑖|
 . 

 With a set of discretized data in hand, MSMs are able to be built and optimized using the 

general matrix Rayleigh quotient (GRMQ) as a scoring metric for a 5-fold cross validation 

procedure which has been shown to further validate MSMs.103 This method performs a grid search 
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over the hyperparameters; tICA lag time (0.002-0.2 ns) and k-means clusters (50-300). After 

obtaining the best set of parameters for each system, we use the PCCA+ spectral clustering 

algorithm to coarse-grain the MSM for improved interpretability, available through the msmtools 

library. Analysis and construction of the MSM was done using the MSMBuilder software 

package.104 The model cross validation method was conducted with the scikit-learn library.105 

3.3 Results and discussion 

3.3.1 Construction of optimized MSMs by GMRQ scoring and ITS verification 

In order to build an MSM that estimates the slowest dynamics of each PBUT-ligand system, an 

optimization of hyperparameters must be done. We performed a grid search over tICA lag times 

and k-means clusters for each system with results for the IAA timescales being shown in Figure 

3.2(a). Both tICA and MSM will always underestimate the timescales of the true process by way 

of the variational principle of conformational dynamics.76 However, the MSM uses step functions 

rather than tICA’s linear combination of order parameters. As such, the MSMs estimate is a more 

reliable estimate of the dominant nonlinear eigenfunction which describe the timescales.106 The 

final IAA MSM uses a lag time of 1.00 ns and 4 timescales while the GMRQ chosen parameters 

for the all systems are reported in Table I.2. Figure 3.2(b) shows the implied timescales plot for 

the chosen parameters. A proper lag time leads to a convergence in timescales after the selected 

time while also remaining as small as possible, which has been shown to increase the accuracy of 

approximations with fineness of discretization.101 For IAA, the implied timescales after the chosen 

lag time of 1 ns which is a factor of 36 smaller than the slowest process, highlighting the strength 

of discretization in this parameter set.  
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Figure 3.2 - Implied timescales calculated from hyperparameters handed to tICA and MSM (a) In both 

plots, solid lines represent the implied timescale of the best and a worse MSM rated by GMRQ score. The 

dashed line shows the slowest timescale estimated by tICA alone, which is markedly faster than the more 

reliable MSMs estimate of the slowest process. It should also be noted that increasing tICA lag time will 

inherently slow down the slowest timescale of the model and is a good sanity check as to why one should 

not expect the highest GMRQ scored model to have the slowest 1st process. (b) Implied timescales (ITS) 

plotted vs MSM lag time. The dashed line represents the final choice of lag time and highlights where the 

timescales begin to converge. Beyond the 4th timescale, overlap of ITS indicates the lack of unique 

transitions in the system and a strong choice for the final MSM. 

3.3.2 MSMs identify PBUT-HSA binding modes and key residue interactions   

Obtaining accurate kinetic information from our data required breaking the phase space 

into microstates that are too small to be interpretable. We perform spectral clustering with Perron 

cluster analysis (PCCA+) to group these microstates into macrostates that can be associated with 

conformational changes of the slow relaxation modes obtained from our MSM.107 We chose the 

number of clusters by determining the smallest number of macrostates while retaining all 

information key to the molecular interpretation of the MSM. Using the 2D Euclidean distance, the 

MD frame with tICs closest to the center of each binding mode is determined. Pose View, a type 

2D interaction diagram108, and VMD42 are then used to generate images which visualize the key 

residue-toxin interactions as depicted in Figure 3.3/3.4 respectively. While the SI will contain 

additional figures for each toxin, the following sections will focus on comparing both a bulkier 
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hydrophobic toxin (IAA) and a less bulky toxin with a larger anionic group (PCS). As such, Figure 

3.3 is detailed with the transition probability matrix of the IAA system, built by summing inter-

macrostate transition probabilities of the microstates assigned to each coarse-grained cluster. The 

three determined binding modes makeup 0.07 (State 2), 0.12 (State 1), and 0.81 (State 0) of the 

total MD sampling. 

 
Figure 3.3 - Pose View images of frame representative of each IAA-HSA binding mode accompanied by 

transition probabilities. Each Pose View image is boxed by the binding modes particular color. Hydrogen 

bonds are represented by dashed black lines, hydrophilic interactions are in green, and polar atoms are 

either red (oxygen) or blue (nitrogen). The transition probabilities are shown for transitions between 

modes with proportionally sized arrows. The size of each colored sphere is proportional to the binding 

modes total fraction of MD frames. It’s worth reminding the reader that the images are not necessarily 

characteristic of the averaged structure, but rather a single snapshot ideally estimating certain interactions. 
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Analysis of the binding modes represented by the clusters shows some clear defining 

characteristics. The primary binding mode (the yellow mode 1) features hydrophobic interactions 

(residues V433, N391, and L453) which pin the toxin deep in the binding pocket. The toxin is also 

able to form a dual hydrogen bond with R410 that is not seen in the other modes. As the toxin 

transitions to the secondary binding modes, it loses some of those hydrophobic interactions and 

particularly gains the capability to hydrogen bond with K414. These secondary modes are thus 

closer to the mouth of the binding pocket and it appears that binding mode 1 is described by half 

as many residue toxin interactions than 2. By examining the left panel of Figure 3.4, we see that 

the toxin moves up toward the mouth of the protein as previously indicated by the pose view 

images. Moreover, the ability of the toxin to form a hydrogen bond between either of the carboxyl 

oxygens with K414 is understood by the flipping of the toxin’s functional group up further towards 

the mouth.  

In stark comparison, the right panel of Figure 3.4 again highlights the most probable frame 

for each binding mode in PCS (a less bulky toxin). In the three states determined by the MSM, we 

see much slighter shifts in the position of PCS compared to IAA. Specifically, PCS does not 

observe a transition from a deeper hydrophobic dominated position towards the mouth of the 

pocket. Visualization of the residues deeper in the binding pocket, such as G434, show less 

fluctuation in the PCS system compared to the IAA system. Hydrophobic interactions deep within 

Sudlow site II are found to be unique to the bulky toxins, IAA and ISO, only. These bulkier toxins 

also end up being more interpretable (fewer binding modes required and/or better correlation with 

tICs) when compared to HIP and PCS (Figures II.4-II.6). Thus, the hydrophobic group is critical 

in understanding these binding site interactions even before studying the timescale dynamics. 
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Figure 3.4 - VMD images for frame representative of each binding mode. A set of three MD frames are 

visualized using VMD and color coded according to the particular binding mode for two toxin systems; 

IAA and PCS in the left and right panels respectively. Each frame contains a set of molecules to help 

orient the binding pocket: (i) Residue G434 deep in the binding pocket (ii) toxin position (iii) S489 at the 

mouth of the binding pocket. The three helices that make up the mouth of Sudlow site II are colored in 

light blue to further orient the pocket. 

3.3.3 Long timescale dynamics and eigenvector analysis of MSM transition matrix 

We now analyze features of the MSMs to interpret the two types of interactions, based 

upon hydrophobic or anionic moieties, of dominant cluster images discovered in section 3.2.2. 

Specifically, the relaxation timescales of our MSM are used to highlight transition mechanisms of 

toxins in the binding pocket. We can interpret timescales of particular molecular change by taking 

the Pearson’s correlation coefficient, r, between each eigenvector mode projection of an MSM and 

its basis function. From Table 3.1, we see that the slowest transition (the 1st eigenvector) has the 

strongest anticorrelation with the IAA-G434 center of mass distance alongside a strongest key 

residue correlation with IAA-S489 center of mass distance. This transition is depicted in the left 

panel of Figure 3.4, in which the IAA of state 0 (yellow) moves away from the deep G434 residue 

and jumps toward the S489 residue at the mouth of the pocket, as seen in the IAA of state 2 

(purple). The more subtle, second slowest transition (the 2nd eigenvector column) is defined by its 



 

 

39 

largest anti-correlation with residue R410. This relationship is indicative of the breaking of a 

hydrogen bond during this process and can be seen in the shift between dominant cluster images 

of the left panel of Figure 3.4 (transitioning between states 1 and 2). These first two processes 

make up the unique transitions of the indole-containing compounds. The mechanism described 

above is further detailed in Figure 3.5, incorporating the correlation coefficients of Table 3.1 and 

highlighting the core to mouth transition of process 1 versus the quicker hydrophilic based 

transition of process 2. The third process contains high correlations with R410 alongside new 

interactions with a couple key residues particularly the bulky N391, again indicating the nature of 

a hydrogen bond formation during this process as well as unique positioning within the binding 

pocket. The 4th set of correlations begins to highlight the possibility to obtain degenerate processes 

as we expand our number of projections, noted by the strong correlation to deep hydrophobic 

residues alongside anticorrelation to both the 1st eigenvector and hydrogen bonding partners in the 

mouth. This relationship appears to capture a subset of the transition seen fully in the slowest 1st 

process.  
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Figure 3.5 - Mechanism of IAA systems slowest processes expressed by eigenvector correlations to order 

parameters. The transitions captured by the first and second eigenvectors (Eig1 or Eig2) are shown in the 

left and right panels respectively with that process’s eigenvector described by the line transitioning from 

blue to red. Each process is also detailed with the highest correlated order parameters/eigenvectors to 

itself. Residues in blue describe the starting position of the process (largest negative correlation 

coefficient) while those in red are the ending position (largest positive correlation coefficient). The 

dashed lines show the correlation between eigenvectors (following a similar coloring scheme) where 

positive correlations between eigenvectors can be understood by the process moving in a similar manner 

to some extent (and vice-versa). Both processes share the hydrophilic mouth as the ending position as 

well a strong correlation and anti-correlation to S489 and F403 respectively. These details explain the 

strong correlation between the first two eigenvectors as well as the overall toxin transition mechanism. 

 

In the case of the less bulky anionic PCS toxin system, Table 3.2 highlights the first three 

sets of correlations between order parameters and MSM eigenvectors. When compared to IAA, 

the 1st eigenvector no longer contains a pair of residues which indicate large shifts in the binding 

pocket. Instead, this transition is more similar to IAA’s 2nd and 3rd eigenvectors. This 1st process 

observes strongest positive correlation to a hydrogen bonding partner (Y411) while being 

stabilized by a higher positioned hydrophobic residue in L430. This process also captures an anti-

correlation with the common binding partner R410 and a potential aromatic 𝜋-stacking partner, 

F488, all of which keep PCS further from the hydrophobic core then IAA. The 2nd column captures 

the strongest correlation of the system in an R410 salt bridge formation with anticorrelation to 

L430 which provided stabilization in the 1st transition. As in Table 3.1, the final column shows 
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signs that the 3rd process is degenerate with the first, that being 1) the opposite correlation behavior 

for previously dominant order parameters and 2) the relatively weak correlations overall that do 

not contribute to a unique process. 

Table 3.1 - Top six correlations between order parameters and projection on the eigenvector modes of the 

IAA MSM. 

1st Eigenvector 2nd Eigenvector 3rd Eigenvector 4th Eigenvector 

Residue 

(ranked) 

r Residue 

(ranked) 

r Residue 

(ranked) 

r Residue 

(ranked) 

r 

G434 (-)0.60 Eig1 0.57 R410 0.72 Eig1 (-)0.48 

Eig2 0.57 R410 (-)0.51 N391 (-)0.37 G434 0.31 

S489 0.51 Eig3 (-)0.31 L407 0.34 S489 (-)0.27 

V433 (-)0.50 F403 (-)0.27 Eig2 (-)0.31 R485 (-)0.25 

F403 (-)0.50 K414 0.23 R485 0.29 F403 0.19 

K414 0.49 S489 0.23 Y411 0.27 V433 0.18 

 
Table 3.2 - Top six correlations between order parameters and projection on the eigenvector modes of the 

PCS MSM. 

1st Eigenvector 2nd Eigenvector 3rd Eigenvector 

Residue 

(ranked) 

r Residue 

(ranked) 

r Residue 

(ranked) 

R 

Y411 0.34 R410 0.78 Y411 (-)0.13 

F488 (-)0.21 Y411 0.49 L387 (-)0.09 

R410 (-)0.18 L430 (-)0.39 L430 0.08 

 L430 0.18 L453 (-)0.36 L453 (-)0.07 

R485 0.12 H2-H3 0.35 H2-H3 (-)0.07 

H2-H3 0.12 L407 0.29 R485 (-)0.05 

 

Furthermore, Figure 3.6 shows the projection of two left eigenvector modes onto the tIC 

plot in order to connect the slowest timescales to a particular progression between binding modes 

for IAA and PCS (the other two toxins can be found in Figure I.7). For the IAA system, the slowest 

process found by the model is approximately 6 times as long as the second slowest process found. 

Process 1 is confirmed to be the transition from deep within the binding pocket of state 0 to the 

states sitting closer to the mouth of the pocket, 1 and 2, noted in Figure 3.4 as well as starting and 

ending positions shown in the upper panel images of Figure 3.6. The much faster second process 

captures the transition from state 2 to 1 where we see the carboxyl group retracting into the binding 

pocket. As noted from the correlations of Table 3.1, the key change here is the breaking of the 
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IAA-R410 salt bridge that forms in State 2, a much quicker event than the traversal of the binding 

pocket seen in Process 1. We see this quicker transition again in process 4, but near the mouth 

where IAA forms hydrogen bonds with R485 or S489. Thus, we see that the tIC 2 direction is 

highly correlated with the breaking/formation of the R410 salt bridge while the tIC 1 direction 

corresponds to the IAA-S489 distance (effectively how deep the toxin is within the pocket). 

 

Figure 3.6 - tIC plots of the coarse grained MSM overlaid by the projection of each eigenvector. Each of 

the 4 tIC plots details the results of the tICA of our 15 MD simulations after being first treated with k-

means clustering and then coarse grained using PCCA+ clustering. Toxins are varied between IAA and 

PCS in upper and lower respectively. Each pair of plots for toxin differ in the MSM eigenvector 

projection overlaid atop which details the progression of the particular timescale discovered by our MSM. 

Each plot also has a corresponding snapshot highlighting the toxin’s shift between starting (blue) and 

ending (red) positions. 

 

The lower panel of Figure 3.6 reveals that the first two processes of the more anionic PCS 

system are less than a third the speed of the IAA system’s processes. The two systems do have 

similarities in that 3 macrostates are used to fully describe the binding modes alongside observing 
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two distinct transitions. However, in the case of PCS, the two processes each start in one of the 

two less dominant modes and transition into the primary binding mode. This is different from the 

IAA system in which only one of the two transitions involved a jump to/from the primary binding 

mode deeper in the hydrophobic core of the pocket. As noted, the slowest process of the PCS 

system is a fraction of the timescale of the slowest IAA process which jumps away from the core 

to the mouth of the binding site. This discrepancy in times further supports the idea that bulkier 

toxin transitions require longer timescales to occur. Alongside the correlations of Table 3.2, the 

1st PCS process is identified as a transition between hydrogen bonding partners R485/R410 as well 

as aromatic stabilizing partners, potentially providing 𝜋-𝜋 stacking, Y411/F88. The 2nd PCS 

process is akin to the previously found R410 salt bridge formation of the IAA system (also process 

2). In fact, the R410 salt bridge formation process occurs across our entire toxin design space, 

always on the timescale of <10 ns. The lower right snapshot of Figure 3.6 shows how this 

formation causes a reorientation of the toxin toward the mouth of the binding pocket and R410. 

This reorientation is seen similarly in IAA’s 2nd process but is instead breaking this bond and thus 

shifting slightly lower.  

In the case of indole-containing toxins, like IAA, each tIC axis is well correlated to the 

transitions discovered by our MSM since the movement along each axis correlates to a particular 

kinetic movement (such as the R410 salt bridge formation along IAA’s tIC 2 axis). On the other 

hand, PCS and the other less bulky toxin HIP (in Figure I.8), are not as clear due to the discovered 

processes containing a mix of each axis’ components. Thus, in order to better interpret each 

systems kinetic space, Figure 3.7 shows kinetic maps with coordinates provided by the toxin’s 

two slowest left eigenvectors (i.e. processes 1 and 2).75 Left eigenvectors were chosen over right 

eigenvectors as they are weighted by the stationary distribution leading to a mapping of higher 
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stationary probability around the profile’s edge. Plotting these eigenvector spaces provides a sense 

of transition speed as nearer points can more quickly reach each other compared to those further 

apart. In all, we find highly populated microstates at the borders with transition pathways 

connecting these states through the less populated microstates. The upper left panel of Figure 3.7 

shows the kinetic map for IAA and further confirms the two transitions (from state 0 to 1 and 2 to 

1) from our eigenvector projection into tICA space. The lower left panel of Figure 3.7 depicts 

PCS and of note is how evenly spaced the microstates are mapped. IAA runs into a bottleneck in 

the kinetic map when attempting to leave the deeper yellow binding mode by route of its slowest 

transition along the first left eigenvector. The second bulky toxin, ISO, also observes a tighter 

bottleneck, requiring a transition through a select few low populated states in order to leave either 

of the two poses in the hydrophobic core of the binding pocket (yellow and teal binding modes).  
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Figure 3.7 - Kinetic maps of the two slowest processes for each toxin in the design space bound to 

Sudlow site II of HSA. Each point in the eigenvector space represents 1 of the microstates determined by 

tICA. The slowest relaxation processes follow along the left eigenvector 1/horizontal axis (as this is 

process 1 for each MSM) and the second slowest along the 2nd/vertical axis. Points have size weighted by 

the microstates population as well as a color coding indicating the particular macrostate/binding mode of 

the point. Distances in the eigenvector space relate to kinetic separation for each system. The bulkier 

toxins lie in the top row (IAA and ISO) while the less bulky and more anionic toxins lie in the lower row 

(PCS and HIP). The less bulky toxins observe much less of a bottleneck-like effect when transitioning 

in/out of primary (or any) binding modes. 

3.4 Conclusion 

We have shown an effective method for estimating MSMs in order to describe the 

transition timescales of a uremic toxin design space bound to a predominant plasma protein, HSA. 

We found that the indole containing toxins of the design space undergo a bottleneck-like effect in 

terms of their transitions out of a primary binding mode stabilized by hydrophobic interactions 

deep in the binding pocket. As we transition to the more anionic toxins, this bottleneck disappears 

and so too does the increased timescale in which the slowest transition occurs. The knowledge of 

these processes’ timescales will provide further intuition about designing synthetic materials for 

targeted toxin capture. In terms of future work the binding poses and transition timescales 

determined by our tICA and MSMs respectively could serve as critical tools in the design of 

enhanced sampling based unbinding studies. For example, in recent years, many methods of 

discovering effective order parameters (discussed in the great overview done by Wang et al.109) 

have been developed and combined with enhanced sampling, such as infrequent metadynamics, to 

allow for the calculation of thermodynamic and kinetic quantities, such as koff, kon, unbinding times, 

Kd, and Δ𝐺.94,110–112 However, the complexity of the Sudlow II binding site and unbinding process 

has frustrated the application of these methods to the study of HSA and PBUTs. The knowledge 

of each pose and transition timescale will be a valuable addition to mechanistic studies that develop 

enhanced sampling schemes to study unbinding kinetics and thermodynamics in HSA like those 

displayed in the following chapter.  
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Chapter 4. Machine learning and metadynamics to study uremic 

toxin unbinding 

4.1 Introduction 

As long as Chronic Kidney Disease (CKD) remains a regular health concern, efficient 

removal of the troublesome protein bound uremic toxins (PBUTs) underlying this condition will 

be of upmost importance. PBUTs are small uremic retention solutes (<500 Da) that have a high 

affinity for carrier proteins, a particular issue for the predominant blood plasma protein in humans, 

Human Serum Albumin (HSA). PBUTs, such as indoxyl sulfate (ISO) and p-cresyl sulfate (PCS), 

have been directly linked to negative CKD patient outcomes, requiring the need for efficient 

removal strategies to be developed.67,73,113 In general, CKD patients rely on forms of hemodialysis 

in order to adequately remove small water-soluble molecules which are not adequate for the 

removal of PBUTs due to their binding strength and thus low free-fraction in the bloodstream. 

Thus, a bevy of research has been undertaken in recent years with the goal of developing new 

strategies for PBUT removal, for example the use of competitive binding drugs as inhibitors or 

highly specific nanoporous adsorbents for adsorption of hydrophobic molecules.69,70 However, the 

mechanistic details regarding the binding of uremic toxins to transport proteins are complex and 

not well understood. Moreover, these materials designed to aid in the capture of PBUTs are in 

competition with the high affinity between uremic toxins and HSA. To this end, there is a 

continued need for increasing the atomic-scale insight surrounding the interactions of PBUTs and 

the kinetics and thermodynamics of their binding with HSA. 

One method of efficiently obtaining atomic-level information regarding PBUTs and other 

protein-ligand systems is by way of molecular dynamics (MD). This approach gives the 

opportunity to not only obtain key interaction information of bound ligands71,114, but also the 
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kinetic and thermodynamic information that can be difficult to obtain and gain insight from 

without MD. To do so, enhanced sampling methods have shown wide success in supporting these 

endeavors by providing MD with the ability to sample rare events (time scales of milliseconds or 

more) which are otherwise unreasonable when limited to timesteps of a few femtoseconds.82,115–

117 Furthermore, it has been shown that kinetic quantities, such as the rate of dissociation for 

ligands (koff), are crucial in the development and/or improvement of drugs.118,119 One way to better 

the current understanding and strategies for PBUT removal would be to take advantage of these 

types of studies. However, for systems with particularly complex binding pathways (PBUTs, G 

protein-coupled receptors, etc.) both experimental and computational results are difficult to obtain 

accurately.120 Thankfully, the metadynamics based enhanced sampling schemes have achieved 

accurate calculations of koff by using the rare event nature of these biochemical 

challenges.111,116,121–124 

 Enhanced sampling methods require the selection of a collective variable (CV), some slow 

degree of freedom, that can adequately describe the biological rare event of interest. The search 

for a proper CV is no simple matter and can require a combination of factors such as chemical 

intuition, MD experience, and an understanding of the underlying free energy space in order to 

find success. Even in those circumstances, complex biochemical pathways can still lead to a 

difficult time in manually choosing a proper RC. Recently, the use of a machine learned RC, 

optimized on a set of computationally determined order parameters, obtained kinetic results 

validated experimentally by using infrequent metadynamics (InMetaD), a scheme of 

metadynamics that applies bias slowly so as not to perturb the transition state allowing for the 

recovery of kinetic quantities.119,125 In particular, combining Automatic Mutual Information Noise 

Omission (AMINO)126 and Reweighted Autoencoded Variational Bayes for Enhanced sampling 
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(RAVE)127 allows for the selection of potentially useful order parameters from a larger set and the 

learning of an optimized CV respectively. By combining these methods, one can speed up the 

process of determining the least redundant set of inputs for a CV while accessing kinetic results 

on a higher level of efficiency and accuracy than previous InMetaD based results. 

In this work, we use an optimized machine learned CV alongside an alternate version of 

InMetaD, known as frequency adaptive metadynamics (FaMetaD), in order to obtain the first set 

of computational based unbinding kinetic results for two uremic toxins, ISO and PCS, from 

Sudlow site II of HSA. This work provides results with a high level of accuracy while continuing 

to shed light on methods which lower the computational cost of large biochemical ligand 

unbinding simulations. Furthermore, we also provide both thermodynamic results and analysis of 

the mechanics behind the unbinding paths discovered through our work. From here, such an 

approach could be used on an assortment of other challenging toxins and/or competitive 

binders/techniques to gain insight crucial to improving the knowledge of these conditions and, 

potentially, even the outcomes of CKD patients overall. 

The remainder of this manuscript is organized as follows. We begin in section 4.2 by 

providing methodological details of our simulation setup, machine learning (ML) based methods 

for creating an optimum CV, styles of metadynamics used (frequency adaptive and funnel), 

approach for dimensionality reduction, as well as calculation of kinetic and thermodynamics 

quantities. In section 4.3, we then delve into analysis of our learned CV before providing the 

kinetic results discovered from their usage. From here, the funnel Metadynamics based 

thermodynamic unbinding results are presented and compared to the available experimental results 

found in literature. We end section 4.3 by presenting a ML method for the analysis of unbinding 

pathways for ISO and PCS, detailing the mechanics of each. The chapter is then completed with 
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section 4.4, a discussion on the reliability and overall applicability of these ML based 

metadynamics methods for the study of complex biochemical challenges such as those presented 

in the study of PBUTs within Sudlow site II of HSA. 

4.2 Methods 

4.2.1 Molecular dynamic simulation setup and design 

The starting structures for ISO and PCS bound to Sudlow site II were adapted from our previous 

works focused on binding pocket mechanics.71 Meanwhile, the HSA protein originates from an 

experimentally resolved structure (RCSB PDB ID: 2BXH) using the Amber 14 forcefield 

parameters.72,90 The systems were solvated in a cubic box (L=10.8 nm) with TIP3P water and 14 

sodium counter ions.91 Following this system setup, MD simulation was conducted using Gromacs 

2020.534 and hydrogen mass repartitioning to use a time step of 4 fs. System equilibration was then 

done in a three-step process. First, the system was energy minimized with a steepest descent 

algorithm for 10000 steps. Next, the temperature was ramped over 250 ps to 298K during an 

annealing step. Finally, a short NPT simulation of 1 ns was used for fast mechanical equilibration 

with the Berendsen barostat at 1 bar.93 All simulations use an MD timestep of 4 fs, using the LINCS 

algorithm to constraint all X-H bonds.92 

As a means to obtain an adequate number of unbinding events for the calculation of koff, 

we performed 15 NVT simulations. The same initial toxin pose was used for each of the 15 

simulations in a given koff calculation. Based upon our previous experience and studies of uremic 

toxins in Sudlow site II71,114, we investigated two particular poses for ISO; (1) ISOS489: near the 

mouth of the pocket dominated by hydrogen bond interactions with residues such as S489 and 

R410 and (2) ISOY411: a rarely observed position (likely along an unbinding path itself) that is at a 

similar pocket height compared to the first pose, but with its indole group flipped in the opposite 
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direction. A PCS system was also studied that had an initial pose similar to the ISOS489pose 

described. Systems were held at 300 K using the Bussi-Donadio-Parrinello thermostat.39 Each 

FaMetaD simulation was carried out until the toxin left the binding pocket, indicated by the center 

of mass (COM) distance between the toxin and binding pocket residues greater than 1.5 nm. 

Furthermore, frames were saved every 2 ps for analysis. The open-source, community-developed 

PLUMED library version 2.8 (with the funnel Metadynamics module enabled) was used to 

implement all metadynamics procedures described in the following sections.96,128 

4.2.2 Machine learned collective variable for rare events in MD 

In order to take advantage of FaMetaD for the calculation of kinetics, we must first produce 

an ideal CV. This task is not at all trivial, but we follow the recent approach used by Ribeiro et al. 

in combining two powerful machine learning methods, AMINO and RAVE, improving the ability 

to obtain a useful coordinate and optimizing it.119 While the details of these methods have been 

well documented in the literature, we aim to highlight our general process as it will hopefully shed 

light on how to properly prepare a CV for the biasing of complex unbinding pathways.  

First, we use AMINO in order to take a large set of potentially useful input parameters, 

such as the COM distance between a ligand and each C-𝛼’s within a set distance of the ligand, and 

screen for redundancy by way of a mutual information based distance function which measures 

the dissimilarity between parameters.126 After extensive testing and conversations with the Tiwary 

group (creators of AMINO), we settled on the following HSA features: (1) the C-𝛼’s of residues 

340-489 within 2.0 nm of ISO and (2) all charged or hydrophobic side chains within 1.5 nm of 

ISO (choosing a heavy atom as the feature). In order to better account for the duality of the 

functional groups within ISO, we chose two features instead of a simple COM, the indole group’s 

nitrogen and the sulfate group’s sulfur atoms. Plumed was used in order to track the distances 
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between each HSA to ISO feature along a 40 ns trajectory with a 1 ps resolution. This results in a 

total of 40,000 ×  300 features as inputs to AMINO for each pose. A python 3 script using the 

serial, kernel density estimation version of AMINO, available on the Tiwary group’s github, was 

used with the default parameters for maximum number of clusters (output features) and bins, being 

20. The resulting parameters chosen by AMINO are provided in Table II.1.  

An important note, we found the use of residues 340-489 to be a deciding factor in our 

systems performance. This region was used as it contains the majority of Subdomain IIIA in which 

Sudlow site II is located. However, the inclusion of residues beyond 489 leads to a prominent issue 

later due to biasing this region of the protein. The structure of the residues between 490 and 500 

constitute a loose coil unlike what is seen in the dense structured binding pocket. AMINO produces 

a set of parameters with the least amount of redundancy based upon parameter dissimilarity. Thus, 

when submitting parameters which are representative of a single domain (like a binding pocket), 

one will generally find at least a single output feature in any distinctly different region included as 

input, in our case a coil feature between residues 490-500. Such a distinct feature on its own may 

be perfectly acceptable and potentially useful for certain studies using AMINO, for example 

identifying unique structural domains in a system. However, when building a ligand unbinding 

CV, the inclusion of such unstructured features can lead to unnatural movement in the affected 

regions around the binding pocket. For example, once the ISO unbinds from Sudlow site II, the 

toxin-coil interaction will extend further into solution, both influencing the unbinding path as well 

as destabilizing the protein. Due to these issues, we found AMINO to be most successful when 

keeping the input order parameters limited to features either found within the pocket or without 

distinct structural differences to the pocket. 
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After choosing a set of order parameters with the help of AMINO, the selected set is used 

as input for the next machine learning method, RAVE. We will now review the basics of the 

method as well as any pertinent details regarding the implementation for our system specifically 

as RAVE has been explained thoroughly in a variety of literature.127,129,130 Generally speaking, 

RAVE uses a variational autoencoder (VAE) in order to obtain a detailed mapping of the trajectory 

into its probability distribution in latent space.127 This dimensionally reduced representation of the 

input is known as a predictive information bottleneck (PIB), which can be interpreted as an optimal 

CV that enables maximal prediction of a trajectory’s future based upon its past.119,130,131 Another 

key aspect to RAVE lies in the ability to then use the constructed PIB as a bias in order to better 

explore a region and, in turn, produced an optimal estimate of the probability distribution with 

future iterations. We will highlight our use of this approach below after discussing the general 

framework of the neural network (NN) architecture employed by RAVE. 

 When taking advantage of a VAE, we must pay attention to the suitability of the neural 

network architecture for a given challenge. Our toxin unbinding systems observe similar complex 

unbinding mechanics to recent works using RAVE for the calculation of kinetics and thus we 

follow a similar neural network acrchitecture.119 A basic encoder first maps the 𝑛 order parameters 

chosen by AMINO into a linear bottleneck using  

𝑍 = 𝒄 ∙ 𝒙 

where 𝑐 is the 𝑛-dimensional coefficients vector of the NN, 𝑥 is the 𝑛-dimensional vector of input 

order parameters, and 𝑍 is the resulting latent space bottleneck value. Our decoder then acts in a 

two-step process, first mapping the latent variable sampled from a Gaussian distribution into a set 

of non-linear 𝑁 = 128 dimensional layers before transforming the N-dimensional layer back into 
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the 𝑛-dimensional space of the input trajectory without any non-linearity.  Transforming from the 

latent variable to the 𝑁-dimensional space was performed using the following: 

𝒅 = 𝜓(𝐶1𝜓(𝐶2𝑍 + 𝑏1) + 𝑏2) 

where 𝐶1 and 𝐶2 are coefficient matrices with shapes 𝑁 ×  1 and 𝑁 ×  𝑁 respectively,  𝑏𝑖 are 

vectors of coefficients, and 𝜓 is the exponential linear unit function which applies non-linearity to 

each layer.132 Transforming back into the 𝑛-dimensional space of the input trajectory without non-

linearity was completed using: 

𝒙∆𝑡 = 𝐶3𝒅 + 𝑏3 

where 𝐶3 is again a matrix of coefficients now with shape 𝑛 × 𝑁, 𝑏3 is now capturing the 𝑛-

dimensional bias, and 𝒙∆𝑡 describes our resulting NN trained using a small forward propagation in 

time. 

 This NN architecture was handled using the Keras python library for deep learning.133 All 

training was handled by the RMSprop optimizer for 500 epochs with a learning rate of 0.0002. 

The bias introduced by the NN architecture can be sufficiently accounted for when using small lag 

times of ∆𝑡 = 2 𝑝𝑠.129 The loss for each system converged to an acceptable value below 0.1 and 

convergence profiles can be found in Figure II.1. Finally, RAVE was used in a two-step process 

beginning with the initial 40-ns unbiased trajectory as input for the creation of a trial CV. This CV 

was then used for a 200 ns biased simulation to allow for improved exploration of the binding 

pocket. This trajectory is then provided as the second RAVE input, producing the optimized RAVE 

CV used for all productions runs. 

4.2.3 Funnel and Frequency adaptive Metadynamics 

Two styles of metadynamics were used throughout the production runs of this work. 

Frequency adaptive metadynamics (FaMetaD) is an alternate take on the infrequent metadynamics 
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(InMetaD) methodology which has been used to calculate unbiased kinetic properties thanks to its 

ability to leave the transition state of rare events unperturbed.134,135 This delicate task is 

accomplished by adding a bias, 𝑉(𝑠, 𝑡), where 𝑠 is a collection of one or more CVs that distinguish 

transition states and 𝑡 is the simulation time,  in such a way that only the free energy basins, and 

not the barriers, feel the bias potential. Furthermore, the bias applied can be accounted for by way 

of the following acceleration factor, 

𝛼(𝜏) = 〈𝑒𝛽𝑉(𝑠,𝑡)〉, 

where 𝛽 is (𝑘𝑏𝑇)−1 and the angle brackets denote an average of metadynamics simulation time 

until 𝜏. FaMetaD cleverly builds upon InMetaD by using an adaptive bias deposition scheme as 

follows  

𝜏𝑑𝑒𝑝(𝑡) = 𝑚𝑖𝑛[𝜏0 ∙ 𝑚𝑎𝑥 [
𝛼(𝑡)

𝜃
, 1] , 𝜏𝑐], 

where 𝜏0 is the initial pace of bias deposition, 𝜏𝑐 is the maximum pace of bias deposition allowed, 

𝛼(𝑡) is the instantaneous acceleration factor at time 𝑡, and 𝜃 acts a threshold for which  𝛼(𝑡) must 

meet before changing to a slower pace. This scheme provides for more frequent bias deposition 

while in free energy basins before slowing down over time as the trajectory approaches a 

barrier/transition state. Not only has this bias deposition scheme been shown to improve the 

computational cost of often arduous kinetic calculations, but also the accuracy of said results when 

compared to InMetaD.135   

 The second MetaD variant used was Funnel MetaD (FM), which applies a funnel-shaped 

potential used to improve the sampling of unbinding events. Such a potential allows for proper 

exploration of the binding pocket while also limiting the region of space explored outside of the 

pocket.136–138 For our systems, the bulk of the conic section was positioned within the binding 

pocket to ensure proper exploration as well as rebinding while the transition from cone to cylinder 
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began just above the mouth of the pocket, as shown in Figure II.2. Each funnel was chosen to 

have a cylindrical radius of 0.55 nm, a cone height (distance from end of cone until the cylinder) 

of 0.4 nm, and a cone amplitude of 1.10 rad. All other parameters are the default funnel parameters, 

aside from the maximum values of the funnel which are determined by careful consideration of 

the distances each systems ligand should be exploring. All specifics can be found in the plumed 

files in this projects github repository. 

For each of our FaMetaD simulations (used for the calculation of kinetic quantities 

described in section 4.2.4), we chose an initial bias deposition pace (𝜏0) of 1 ps, max bias 

deposition pace (𝜏𝑐) of 100 ps, an acceleration threshold (𝜃) of 104, and a biasfactor of 20. On the 

other hand, when calculating thermodynamic properties using a funnel shaped bias procedure, we 

set the bias deposition pace to 1 ps and the biasfactor to 15. All metadynamics simulations used 

an initial hill height of 0.5 kJ/mol and hill widths are calculated as half of the standard deviation 

from an unbiased monitoring of each CV. The CVs used for both approaches using metadynamics 

(kinetic or thermodynamic calculations) use the RAVE optimized CV and either a COM distance 

between toxin and binding pocket or the position along a funnel bias (these are specified and 

discussed in the results section).  

4.2.4 Kinetic and thermodynamic property calculations 

Recent work using the InMetaD/FaMetaD methods have shown success in calculating 

kinetics of unbinding events.116,119,121–124,139–141 This can be achieved by running sets of 

independent infrequently biased trajectories starting with the ligand in a bound pose and stopping 

once an unbinding event occurs. From these runs, we can extract the unbiased unbinding times 

using 

𝑡𝑢𝑛𝑏 = ∑ ∆𝑡𝑒𝛽𝑉(𝑠,𝑡𝑖)
𝑡𝑖< 𝑡𝐷

, 
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where 𝑉(𝑠, 𝑡𝑖) is the instantaneous bias at time 𝑡𝑖, ∆𝑡 is the timestep (0.004 ps), and the sum is 

over all steps until the unbinding event occurs, as described in section 4.2.3. Due to the rare-event 

nature of ligand unbinding, a set of such times is expected to be exponentially distributed around 

the actual residence time (𝜏) with the following probability density function (PDF) 

𝑓(𝑡𝑢𝑛𝑏) = 𝜏−1𝑒−𝑡𝑢𝑛𝑏𝜏. 

We can estimate 𝜏 by fitting the cumulative distribution function (CDF) to a constructed 

empirical cumulative distribution function (ECDF) of our unbinding times.139 Assessing the 

reliability of this fit, and thus our estimation of 𝜏, is done by performing a Kolmogorov-Smirnov 

(KS) test.142,143 Specifically, we test the null hypothesis that both the set of metadynamics based 

unbinding times and a larger set of times drawn randomly from 𝑓(𝑡𝑢𝑛𝑏) are derived from the same 

distribution. The null-hypothesis would be rejected if the associated 𝑝 − 𝑣𝑎𝑙𝑢𝑒 <  0.05. For each 

calculation, 15 FaMetaD simulations were completed following the setup and procedures 

described in the previous sections. Our implementation of this procedure follows directly from the 

seminal work of Salvalaglio et al.139 and can be found in the associated files and python notebook 

of this work’s github repository for reproducibility.  

 For the calculation of unbinding free energies, we used a Boltzmann averaged difference 

of the free energy between the bound and unbound states by defining two regions to represent each 

state. The regions are able to be defined based upon the distance, 𝑟, between the COM of the 

toxin’s heavy atoms and the residues of the binding pocket, where the bound and unbound regions 

are represented by 𝑟0 to 𝑟1 and 𝑟1 to 𝑟2 respectively.144,145 The equations describing both the free 

energies of each state, 𝐺𝑏𝑜𝑢𝑛𝑑 or 𝐺𝑢𝑛𝑏𝑜𝑢𝑛𝑑, and the overall binding free energy, ∆𝐺 are as follows, 

𝐺𝑏𝑜𝑢𝑛𝑑  =
1

𝑟1 − 𝑟0
∫ 𝑒−𝛽𝐺(𝑟)

𝑟1

𝑟0

𝑑𝑟   ,    𝐺𝑢𝑛𝑏𝑜𝑢𝑛𝑑 =
1

𝑟1 − 𝑟0
∫ 𝑒−𝛽𝐺(𝑟)

𝑟1

𝑟0

𝑑𝑟   , 
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∆𝐺 = −
1

𝛽
ln (

𝐴𝑏𝑜𝑢𝑛𝑑

𝐴𝑢𝑛𝑏𝑜𝑢𝑛𝑑
) 

where 𝐴(𝑟) is the free energy of the system at a particular 𝑟. In order to calculate the absolute 

binding free energy, 𝛥𝐺𝑏
0, a correction must be applied to the binding free energy from a funnel 

metadynamics run with sufficient sampling of binding events, 𝛥𝐺, as follows, 

𝛥𝐺𝑏
0 = 𝛥𝐺 −

1

𝛽
𝑙𝑛 (𝜋𝑅𝑐𝑦𝑙

2 𝐶0) 

where 𝑅𝑐𝑦𝑙 is the radius of the cylindrical portion of the funnel and 𝐶0 is 1/1,660 Å−3 the standard 

concentration.136 All comparisons with experiment will use the absolute binding free energy, 𝛥𝐺𝑏
0, 

while error bars are calculated as averages over the last converged region of the trajectory (final 

30%). 

4.2.5 Dimensionality reduction and clustering of unbinding trajectories 

In order to handle the unpredictably large number of frames produced from groups of 

FaMetaD simulations in combination with the high dimensionality of feature sets produced by 

AMINO, a method for dimensionally reducing the data becomes an important tool. We used a 

principal component analysis (PCA) to project each system’s set of AMINO chosen features, a 

COM distance between binding pocket and toxin, as well as the RAVE CV at every 0.2 ns of 

simulation time onto a 2-dimensional space. PCA has been used to obtain useful kinetic results in 

a variety of protein-ligand works and more, particularly useful with the high dimensional data used 

for the creation of our optimized unbinding CV.71,87,119 Only the first 2 principal components are 

displayed and used for discussing the unbinding mechanics of our system as we found that 

increasing this number did not change the proceeding cleaning or analysis of the data. As in 

Chapter 3, we used k-means clustering for handling the dense, low dimensional data produced by 

PCA in order to identify unique interactions or steps along the unbinding route. 
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4.3 Results and Discussion 

4.3.1 Feature selection for optimized collective variable 

We first determine an optimal set of parameters from a 40 ns unbiased trajectory by way 

of AMINO for use in biased MD to determine unbinding kinetics. In each of the three systems 

studied, ISOS489, ISOY411, and PCS, AMINO selected 13, 10, and 14 total OPs respectively to 

describe the toxin-binding pocket interactions. From here, a RAVE NN was trained on the 

unbiased trajectories for each set of OPs to create 3 CVs for exploring the binding pocket 

effectively. After using the CVs to explore each system in biased MD, a RAVE NN is again used, 

this time to improve the obtained CVs in preparation for unbinding simulations. The following 

three linear combination CVs were produced for the ISOS489, ISOY411, and PCS systems 

respectively, 

𝑪𝑽𝑰𝑺𝑶𝑺𝟒𝟖𝟗
=  0.21 𝐶𝐿347−𝑠 + 0.12 𝐶𝐿347−𝑟 + 0.68 𝐶𝐸342−𝑟 + 0.13 𝐶𝐾402−𝑟 + 0.42 𝐶𝐹403−𝑠 +

0.03 𝐶𝐶437−𝑟 − 0.03 𝐶𝑉462−𝑠 + 0.06 𝐶𝑉462−𝑟 + 0.15 𝐶𝐶487−𝑟 + 0.21 𝑆𝑃384−𝑠 − 0.21 𝑆𝑃384−𝑟 +

0.42 𝑆𝑃416−𝑠 + 0.03 𝑆𝐸442−𝑠, 

𝑪𝑽𝑰𝑺𝑶𝒀𝟒𝟏𝟏
=  −0.13 𝐶𝑉343−𝑠 + 0.02 𝐶𝐿346−𝑟 + 0.44 𝐶𝐿347−𝑟 + 0.12 𝐶𝐾402−𝑟 + 0.18 𝐶𝑉426−𝑟 +

0.55 𝐶𝑅445−𝑟 + 0.60 𝐶𝑉462−𝑟 + 0.07 𝐶𝑉473−𝑟 + 0.13 𝑆𝑃384−𝑟 − 0.24 𝑆𝐹488−𝑟, 

𝑪𝑽𝑷𝑪𝑺 = −0.11 𝐶𝐸396−𝑟 + 0.15 𝐶𝐹403−𝑠 − 0.22 𝐶𝐹403−𝑟 + 0.11 𝐶𝑇412−𝑟 − 0.29 𝐶𝐸425−𝑠 +

0.79 𝐶𝐸425−𝑟 − 0.15 𝐶𝑆434−𝑠 + 0.16 𝐶𝐿453−𝑠 + 0.08 𝐶𝑉462−𝑠 + 0.19 𝐶𝑉473−𝑟 − 0.19 𝑆𝑌407−𝑠 +

0.13 𝑆𝐾413−𝑟 + 0.14 𝑆𝑃416−𝑠 − 0.17 𝑆𝑃441−𝑟, 

where 𝐶𝑥−𝑦 is the distance between 𝑥, a C-𝛼 atom, and 𝑦, an atom in either the ring (𝑟) or sulfate 

(𝑠) region of the toxin, while 𝑆𝑥−𝑦 follows the same scheme, but 𝑥 is a charged or hydrophobic 

sidechain atom instead. Regarding the AMINO OPs, the three systems have a similar total number 

of OPs, which likely arises from the consistent input parameters, trajectory sizes, and general 
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structural similarity between systems. Furthermore, AMINO selected more C-𝛼 residue atoms 

over charged/hydrophobic side chains in all systems. Given that there were fewer side chain 

targets, however, these OPs and the differences between systems may be even more crucial to the 

later results. For example, AMINO selected 3 sidechain residues for the ISOS489 system for 

targeting the sulfate group of ISO, opposite the 2 total sidechain residues of the ISOY411.system 

which target the indole group of ISO, which may contribute to differences in unbinding pathways 

from each pose.  

  Also, we can explore the RAVE NN determined coefficients for our final unbinding CV. 

The weights of each AMINO selected OP help in highlighting which features may be contributing 

most to the resulting unbinding pathways. Overall, the PCS system obtains the largest weighted 

OP of 0.79 with𝐶𝐸421−𝑟 with the next largest appearing in ISOS489 at 0.68 with a similar OP 𝐶𝐸389−𝑟 

detailing the importance placed on GLU residues for these unbinding CVs/pathways. In fact, the 

PCS system’s next most important OP is the same residue targeting the sulfate group, 𝐶𝐸389−𝑠, and 

only weighted to -0.29, further showing the importance of GLU and the lack of weight being given 

to the other 12 features. None of the OPs observe entirely unimportant weights, with only 4, 2, and 

1 OPs weighted below a value of 0.1 for the ISOS489, ISOY411, and PCS systems respectively. The 

information obtainable by the selection of OPs and weights is novel on its own and could offer 

support of future toxin unbinding simulations beyond the following results. 

4.3.2 Calculating unbinding kinetics for ISO and PCS 

For each of the three systems explored, 15 FaMetaD simulations were run, ending once 

the specific toxin left the binding pocket (signified by a COM distance between toxin and pocket 

of 1.5 nm). We aimed to efficiently obtain accurate kinetic results for two difficult systems of 

study (PCS and ISO bound in HSA Sudlow site ii), reporting dissociation constants and 



 

 

61 

unbinding/residence times. Following the methods of Tiwary et al.134, we implement a KS test to 

verify whether or not our resulting set of unbinding times’ CDF comes from a Poisson 

distribution, as expected for such rare events in MD. In each figure shown in this section, 3 

variable features and 1 constant will be highlighted. In terms of system dependent quantities, we 

(1) plot the ECDF of 15 unbinding times, (2) plot the CDF of a best fit Poisson distribution, and 

(3) display the p-value of a KS test that measure how well our unbinding times fit that Poisson 

distribution. The single constant feature is the grey vertical line (and approximated error) of what 

is currently, to our knowledge, the only known comparable experimental kinetic result. 

Specifically, the plotted experimental value (6.7 ×  10−4𝑠) reports the unbinding time of IS 

bound to bovine serum albumin (BSA) measured using 1H relaxation dispersion spectroscopy.146 

Again, experimental results for our exact system are not currently reported, but this comparison 

is thought to be adequate due to the similarity of the proteins and, more specifically, Sudlow site 

II. Table 4.1 reports the results for all 4 sets of FaMetaD trajectories studied: the two ISO poses 

and PCS using a RAVE and COM distance CV alongside an ISOS489 system using a RAVE and 

funnel CV. 

Table 4.1 - Kinetics results for FaMetaD trajectories and statics of Poisson fit.  

System 𝝉 (𝒔)a 𝒌𝒐𝒇𝒇 (𝒔−𝟏)b 𝒑𝑲𝑺 𝝁/𝝈c 

ISOS489 (3.2 ± 0.42) × 10−2 31.4 0.17 0.33 

ISOY41 (5.23 ± 0.14) × 10−3 191 0.36 0.54 

PCS (7.51 ± 1.24) × 10−1 1.32 0.20 0.56 

ISOS489  

(funnel CVs) 
(3.71 ± 0.14) × 10−2 30.0 0.54 0.32 

aError bars for kinetics are calculated as the 90% confidence intervals of 1000 bootstrap samples pulling 

15 data points per sample with replacement.  
b𝑘𝑜𝑓𝑓 is calculated as the inverse of unbinding time (𝜏 ).  
cA goodness of fit to the Poisson distribution where 𝜇/𝜎 =   1. 
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Figure 4.1 - Plotting ECDF of unbinding times with Poisson fit and experimental result for three 

FaMetaD systems. Panels (a), (b), and (c) show the results for the ISOS489, ISOY411, and PCS systems 
respectively. Approximate error of the experimental value is plotted with dashed vertical lines. The p-

value from a KS test of the ECDF and best fit Poisson line is provided to the right of each set of curves. 

 

We first show results for the three systems where bias was applied to both the RAVE 

produced CV alongside a COM distance between toxin and binding pocket CV in Figure 4.1. 

The resulting range of times for both ISO poses includes the experimental BSA unbinding time, 

a decent comparison to experiment. However, the resulting unbinding times found by fitting to 

the nearest Poisson distribution for ISOS489 and ISOY411 are two and one order of magnitude 

larger respectively. We point out now that these differences are still rather small (especially 

when considering unbinding times encompass the experimental result) and, more importantly, 

are in line with what we might expect for a dependency upon binding pose. The ISOY411 pose 

observes a faster 𝜏 than the more common ISOS489 pose which supports the idea that ISOY411, as a 

rarely visited pose and may represent a step further along the unbinding path. PCS observes the 

slowest 𝜏, another magnitude of order slower than ISOS489. This result could imply that the 

anionic toxins are more stable in such mouth poses than the indole containing compounds, which 

have been shown to find their most stable configuration deeper near the hydrophobic core of the 

pocket.114 At present, it seems likely that the experimental ISO result may be indicative of a step 
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further along the unbinding path than those used as starting positions in this work. Further work 

could seek to study such a pose which we highlight later in this chapter. 

Figure 4.2 shows the ECDF and fit result of our fourth and final set of FaMetaD results, 

ISOS489 with an alternate second CV, ISO position along a funnel bias. The resulting 𝜏 of 

(3.71 ± 0.10) × 10−2 s is remarkably close to the previous measure using the COM distance 

CV for ISOS489, highlighting the strength of the results and method. Furthermore, the p-value for 

the Funnel CV method is 3.17 times greater than that of the COM distance CV of the same 

system. In fact, this is the highest p-value achieved across all systems, potentially indicting the 

reliability of a funnel-based approach when choosing FaMetaD CVs for protein-ligand 

unbinding, especially when dealing with complex binding pocket interactions. Further 

computational work could investigate a second binding pose of PCS, a third deeper pose of ISO 

and experimental work could seek to confirm of this approach’s reliability. 

 

Figure 4.2 Plotting ECDF of unbinding times with Poisson fit and experimental result for ISOS489 system 

biasing RAVE and Funnel MetaD parameters. Approximate error of the experimental value is plotted 

with dashed vertical lines. The p-value from a KS test of whether the ECDF and best fit Poisson line is 

provided to the right of each set of curves. 
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4.3.3 Funnel Metadynamics for free energy profiles 

Binding energies were calculated for PCS and ISO using funnel metadynamics for 

comparison with experimental results. Figure 4.3 shows both the convergence of free energy 

profiles and raw results in the form of CV data/deposited Gaussian hill height. Correspondingly, 

Table 4.2 reports the free energy between bound and unbound regions after the funnel correction 

is applied as well as dissociation constants with comparison to experimental results. The simulated 

free energies and errors are calculated by taking the mean and standard deviation over the last 30% 

of the trajectory due to the region remaining within thermal fluctuations. The final corrected 

unbinding free energies are each within one order of magnitude of the experimentally determined 

values in healthy serum, a decent measure of agreement for the funnel metadynamics calculations. 

We find that PCS has a higher unbinding energy than ISO, following both the experimental trend 

as well as the slower unbinding time comparison in section 4.3.2. The stronger unbinding energy 

of PCS further supports the hypothesis that the anionic toxins have a higher affinity for the mouth 

region of Sudlow site II than the bulkier indole containing toxins like ISO. Future work could 

investigate additional toxins, HSA conditions, and/or CVs. For instance, the RAVE optimized CV 

used for biasing with FaMetaD could be implemented for free energy calculations with careful 

attention paid to the RAVE value in relation to unbinding steps. Experimentally, various HSA 

conditions are studied, and it would be useful to model alternate conditions or the effects of 

multiple toxins on unbinding.147 
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Figure 4.3 - Unbinding free energy determination for ISO and PCS. The first and second rows correspond 

to ISO and PCS systems respectively while each column display a particular criterion or check for system 

convergence. Column 1 reveals the free energy profiles as it evolves over time while column 2 plots the 

free energy difference between bound and unbound regions (denoted by the dashed line of figures in 

column 1). Columns 3 and 4 plot the distance of the particular toxin along the funnel’s z-axis with a 

dashed line to indicate the boundary between regions and the Gaussian hill height versus time 

respectively.  

 
Table 4.2 - Unbinding free energy results and comparison to experiment. 

System a𝜟𝑮𝒃
𝟎 (kJ/mol) 𝑲𝒅 (𝝁𝑴) b𝑲𝒅,𝒆𝒙𝒑 (𝝁𝑴) 

ISO −41.34 ± 5.03 (6.16 ± 0.75) × 10−2 1.11 ×  10−3 

PCS −53.29 ± 2.69 (5.07 ± 0.26) × 10−4 3.07 ×  10−4 

aUnbinding free energies after funnel correction (described in 4.2) was applied. 
bDissociation constants from Deltombe et. al. using healthy serum.147 

4.3.4 Unbinding path analysis using PCA and K-means clustering 

The unbinding paths of uremic toxins could further improve understandings of the general 

mechanisms key to competitive binding or other toxin removal approaches. To this end, we 

implemented principal component analysis (PCA) for the dimensionality reduction of our sets of 

15 trajectories, ideal for such dense sets of data containing over 1 × 106 frames and at least 13 

order parameters/dimensions. Specifically, in the ISOS489 and PCS systems, PCA was applied on 
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the set of AMINO chosen order parameters along with the COM distance between ISO and the 

binding pocket as well as the RAVE CV to obtain a low dimensional space of the first 2 principal 

components. We then used K-means clustering to label each input frame of our trajectory with one 

of four clusters using the principal components. We find that each cluster represent a unique 

binding pose in Sudlow site II and/or a step along the toxin’s unbinding route. Figure 4.4/4.5 plot 

the PC space of 15 trajectories at a 0.2 ns interval colored by the K-means determined cluster with 

representative MD frames selected using the nearest 2D Euclidean distance to the cluster center.  

 

Figure 4.4 - PCA with K-mean clustering applied for ISOS489 trajectories. The center scatter plot shows 

the first 2 PC values for every 0.2 ns of simulation time colored and labeled by cluster with the label at 

the location of cluster center. A star in cluster 2 represents the initial ISOS489 pose and an arrow shows the 

unbinding direction in PC space. The 4 surrounding VMD snapshots are representations of each cluster 

chosen as the frame closest to each clusters center with outlines of the particular node’s color.   
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Figure 4.5 - PCA with K-mean clustering applied for PCS trajectories. The center scatter plot shows the 

first 2 PC values for every 0.2 ns of simulation time colored and labeled by cluster with the label at the 

location of cluster center. A star in cluster 2 represents the initial PCS pose and an arrow shows the 

unbinding direction in PC space. The 4 surrounding VMD snapshots are representations of each cluster 

chosen as the frame closest to each clusters center with outlines of the particular node’s color.   

 

Both the ISO and PCS systems were split into 4 clusters as any more or fewer led to a 

similar amount of mechanistic information overall or a loss respectively. Clusters 1 and 2 represent 

positions closest to the point of unbinding for the ISOS489 and PCS system’s respectively. These 

unbinding clusters were determined both by the associated MD snapshots and the final unbinding 

frames being spent in the cluster (shown by the time-colored data points in Figure II.3/II.4). 

Longer trajectories tend to transition across the 4 clusters before unbinding. We also see that the 

unbinding cluster contains the lowest fraction of data compared to all others, 0.15 and 0.18 for 

ISOS489 and PCS respectively, indicating the nature of both systems to unbind relatively quick once 

the unbinding cluster is found. ISOS489’s unbinding cluster is more visually clear than that of PCS, 

having the indole group flipped up outside of the pocket with just the sulfate group remaining. Our 

work in chapter 3 highlights the speed at which such interactions with the sulfate group break (<10 

ns), supporting the short time spent in the cluster. Opposite ISO, PCS’s unbinding cluster finds the 

sulfate group outside of the pocket with the bulkier section still bound. The swapping of these 
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bound functional groups between toxins further reveal the differences between the two unbinding 

paths. These poses may also support why ISO unbinds quicker than PCS, since ISO is bound by 

weak hydrogen bonds while the PCS system is predominantly bound by interactions with 

hydrophobic sidechains that provide more steric hindrance. In fact, the cluster nearest the 

unbinding cluster for ISO (3/yellow) is bound by similar interactions as the discovered unbinding 

cluster for PCS. This similarity indicates that a fraction of the discussed PCS unbinding pose 

contains an even more transient step as seen in ISO which would explain the larger fraction of data 

in the labeled unbinding cluster of PCS compared to ISO. This is confirmed in Figure II.5 which 

splits the PCS PC space into an increased 6 clusters and finds a further transient pose which makes 

up only 0.03 fraction of the total data, highlighting the transient nature of the pose. Interestingly, 

the respective MD snapshot confirms the unbinding path differences between ISO and PCS 

suggested earlier. While PCS first breaks the sulfate group interaction and then works its ring 

group out of the pocket slowly, ISO first flips the indole group out of the pocket and then observes 

a more transient step of simply breaking the sulfate interactions.  

Additionally, the 3 clusters aside from the unbinding pose found for each system provide 

kinetic understanding of the unbinding paths. We find that the additional 3 clusters of PCS capture: 

(0/purple) toxin centered in the binding pocket with sulfate group oriented toward the mouth, 

(1/blue) toxin positioned opposite the unbinding point with the sulfate group oriented toward the 

mouth, (3/yellow) toxin in deepest pose with sulfate group pushed down (toxin parallel to mouth) 

below the unbinding point. The PC space does well in capturing the distinct position of PCS within 

the pocket since the x-axis/PC1 correlates with movement across the binding pocket while the y-

axis/PC2 correlates with movements up and along the unbinding path. As mentioned earlier, the 

extra cluster for PCS in a 6-cluster configuration provides degenerate information captured in the 



 

 

69 

4-cluster configuration, only complicating the PC space. For the ISO system, the 3 additional 

clusters capture: (0/purple) the toxin positioned opposite the unbinding point with the sulfate group 

oriented toward the mouth, (2/green) both sulfate and indole groups are held just below the 

unbinding point, (3/yellow) similar to the PCS unbinding cluster, the sulfate group reaches out of 

the pocket while the indole group is held at the mouth. We see that the 2 PCs again capture the 

kinetic space well, finding the deepest positions to have more negative PC 1 and 2 values which 

increase as the toxin moves along the unbinding path, passing through cluster 3 and, finally, 1.  

4.4 Conclusion 

This chapter acts as both a direct follow-up to the previous regarding uremic toxins in 

Sudlow site II and a comprehensive application of using a machine learned CV for protein-ligand 

unbinding studies and successive analysis. Our work provides both kinetic and thermodynamic 

metrics for the unbinding of two troublesome uremic toxins in the field of CKD, ISO and PCS. 

We discovered that two distinct ISO binding poses in Sudlow site II unbind faster than PCS, 

supporting a link between unbinding speed and toxin chemistry being that the bulkier toxins which 

favor the deeper regions of the pocket unbind more quickly from the mouth. Furthermore, alternate 

funnel-based CVs were tested which led to improved statistics and computational time, again 

providing routes for optimization of these approaches for the study of uremic toxin binding. The 

thermodynamic results showed decent agreement with experiment while matching the overall 

trend between toxins, observing a stronger binding energy for PCS than ISO when bound near the 

mouth of Sudlow site II. Finally, PCA and K-means clustering were used to analyze the FaMetaD 

trajectories, providing mechanistic insight surrounding the unbinding paths of each toxin. For ISO 

unbinding, the indole group flips out of the pocket while transient interactions with the sulfate 

group attempt to hold onto the toxin before unbinding occurs. Alternatively, PCS adopts a more 
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brute force method of breaking the transient sulfate group interactions before working the bulkier 

indole group out of the pocket more slowly. Although these results have room to grow by the study 

of additional toxins or poses, these results act as a strong basis for both PCS and ISO unbinding 

mechanics. 

 Subsequent work has a variety of directions in which to move forward. Experimental 

kinetic results, although difficult to obtain, would be valuable in the confirmation of these methods. 

A majority of the challenges met in this work came due to the complexity of this particular protein-

ligand system and it certainly adds to why there are so few explorations of this systems kinetics. 

However, with so few experimental comparisons, validation of these important studies is left in an 

unclear position. Outside of experimental endeavors, simulation of alternative HSA conditions 

would be an important next step. The conditions studied in this section do not completely reflect 

physiological conditions. Moving toward more physiological settings could provide more accurate 

results and an improved understanding of the impact components such as fatty acids or varied 

oxidation have on toxin binding properties. Finally, the application of ML for CV selection is still 

evolving and has room to improve. Future advances in AMINO, RAVE, or alternative methods 

could lead to improved speeds and accuracy of results. Any of the discussed future directions will 

continue the push toward understanding and improving strategies for the handling of PBUTs, 

leading to potential improvements for CKD patient outcomes.   
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Chapter 5. Modeling molecularly imprinted polymers for uremic 

toxin capture 

5.1 Introduction 

As mentioned in Chapters 3 and 4, one goal of studying uremic toxins is to determine 

effective strategies which allow for management of PBUT concentrations in CKD patients. This 

approach may help in the development of portable devices which alleviate or completely remove 

the need for dialysate. In particular, the use of highly specific adsorbent materials has found 

some success in improving free toxin capture.69,70 These strategies have improved by focusing on 

a materials porosity and surface chemistry, without which, adsorbent material could induce 

adverse effects in the target.148 To this end, continued efforts have gone toward designing these 

adsorbent and/or porous materials as they could lead to the direct removal of PBUTs if designed 

properly.149  

For example, the use of molecular imprinted polymers (MIPs) offers great potential to the 

field of PBUT management due to their ability to bind target molecules with high specificity, 

low cost, and portability. These polymer materials have found great success in the past as both 

sensors for cancer biomarkers and adsorbents.150,151 A MIP is built by polymerizing a set of 

functional monomers (FM) by way of a cross-linker (CL) around a target template molecule, for 

example a toxin. The interactions between FM/CL and template are of reversible covalent or 

non-covalent type and, once the template is removed, forms a binding pocket optimized for the 

template.152,153 MIPs have already shown their usefulness in this type of capture for particular 

uremic toxins, for example creatine.151,154 One difficulty with a MIP based approach for toxin 

binding, however, is the amount of work required to design a proper MIP. Each piece of the MIP 

(FM, CL, template, and overall ratio) requires careful consideration and optimization in order to 
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obtain the desired high specificity. Such a requirement, alongside the fact that the capacity for a 

general MIP is low compared to other adsorbents, poses as a barrier moving forward. 

As a solution, MD simulations can act as an efficient tool to both speed up and reduce the 

costs of MIP testing. Currently, MD has already shown success in helping to optimize the 

preparation of MIPs by offering atomistic level detail regarding interactions between FM, CL, 

and template.155–160 Such studies focus on investigating the pre-polymerization phase due to the 

ease of translation in MD as well as the importance of this phase in the production of high 

affinity chemistries.161–163 Thus, there is ample motivation for exploring the mechanics of a 

MIP’s components in the pre-polymerization phase using MD especially since this offers the 

opportunity for increased scaling and high-throughput results. To this end, we investigate a set of 

relevant FMs, a toxin (ISO) as a template, and a common cross-linker, ethylene glycol 

dimethacrylate (EGM). The FMs chosen at the onset of this study were 2-(dimethylamino)ethyl 

methacrylate (DEM), 2-hydroxyethyl methacrylate (HEM), and styrene (STY). In all, these MIP 

components were chosen for three reasons, (1) each has found extensive use as successful MIP 

components throughout both computational and experimental works158,160,164–168 (2) they were 

tested by our experimental collaborators and (3) they offer potential for both hydrogen bonding 

and pi interactions with ISO which we have shown to be relevant in the competing binding poses 

of HSA. As such, our in-depth study of these components in the pre-polymerization phase helps 

to guide the development of MIPs aimed to capture uremic toxin in physiologically relevant 

conditions as well as the design of computational MIP experiments by offering novel directions 

for studying pre-polymerization phase MIPs. 

The following sections will highlight our methods, results, and conclusions regarding 

MIP studies through an all-atom MD lens. We begin by discussing the basic tools and setup used 
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when configuring and running our MIP systems in section 5.2. From there, section 5.3 is split 

into two categories: 5.3.1-5.3.3 focuses on the pre-polymerization phase while 5.3.4 investigates 

a novel approach for modeling interactions of the imprinted material with a template. Finally, the 

chapter concludes by offering insight as to what this work may offer to future efforts in MIP 

design both experimentally and computationally, which, for the later, is given close attention due 

to its potential for future growth and usefulness. 

5.2 Methods 

5.2.1 Simulation design and setup 

In order to study the MIPs components of potential interest to our experimental 

collaborators and ISO binding specifically, partial charges were needed for the DEM, HEM, 

STY, EGM, and extra solvent component methanol (MeOH). These charges were assigned using 

the restrained electrostatic potential (RESP)169 method performed in Gaussian 09170 using a 

B3LYP hybrid functional with the 6-31G(d) basis set.171,172 All water was modeled using the 

TIP3P forcefield.91 Each MIP pre-polymerization system was initially configured using the 

packmol software, placing all MIP components and solvent within a 6 nm box randomly (unless 

described otherwise). These structure files were then prepared, equilibrated, and used for 

production runs with the GROMACS 2018.3 software. All systems have at least the same basic 

3-step equilibration process: (1) 10,000 steps undergoing steepest descent energy minimization, 

(2) 0.25 ns annealing to heat the system from an initial 5 K to the target 300 K, (3) and a 0.5 ns 

NPT simulation using the v-rescale thermostat alongside the Berendsen barostat.39,93 Finally, 50 

ns long production runs were completed in the NPT ensemble with 2 fs timestep. Post processing 
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of trajectories was done using various GROMACS suite tools and Plumed 2.4.96 In particular, 

COM minimum distances were calculated through Plumed using the following equation, 

𝑠 =  
𝛽

log ∑ 𝑒𝛽/𝑠𝑖𝑖
 , 

where 𝛽 is a user defined parameter chosen to be the largest value that does not wash out the 

distances (100) and 𝑠𝑖 is our distance metric (COM distance between components). The 

following subsections describe the exact compositions of the systems studied as well as any 

particular details regarding further setup and equilibration where required.  

5.2.2 Styrene and methanol systems 

We began by modeling an experimentally tested MIP ratio between the FMs, CL, and 

toxin of 1:8:16:8:40 for the ISO:DEM:HEM:STY:EGM respectively. The number of molecules 

used for the system exactly matches the ratio and is accompanied by a solvent of water and 

MeOH at a 1:3 ratio selected to match the experimental concentration. The exact number of 

molecules used for all components can be found in Table III.1. Potassium ions are added to 

neutralize the system’s charge (provided by ISO). Equilibration and production were completed 

as described in the previous sub-section, with three trials trajectories used for averaging and 

calculation of error bars. These systems acted as a baseline for our initial investigations of pre-

polymerization MIPs.  

In order to monitor concentration effects on FM-toxin interactions, we tested varying the 

solvent concentration at intervals of 20% the total solvent for both water and MeOH. Each 

system contained a single STY and ISO, followed the equilibration scheme, and underwent a 40 

ns NVT production run. We used the well-tempered metadynamics (WTMetaD) method in order 

to improve sampling of the FM-toxin interaction and achieve smooth convergence across 
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multiple walkers (using 40 identical systems).1 Bias was deposited to the COM distance between 

STY and ISO every 500 steps (1 ps) with an initial height of 1 kJ/mol and biasfactor of 6. The 

well-tempered metadynamics scheme was implemented using the Plumed 2.4 software 

package.96,173 The files to reproduce both the unbiased baseline and biased solvent tests are 

available on GitHub at https://github.com/jamesprg/Batch-Simulation-With-Varied-

Composition. 

5.2.3 Batch generation of improved systems with varied composition 

After the initial baseline trials testing the 1:8:16:8:40 ratio in a water methanol solvent were 

completed, improvements were found in order to further streamline the surface chemistry of the 

MIPs. Specifically, STY was removed (for reasons we will highlight in the results section) and 

thus MeOH was no longer necessary to help dissolve STY in the pre-polymerization phase. As 

such, the focus of this chapter is dedicated to studying the ISO:DEM:HEM:EGM system and how 

varying the ratio of components effects various physical properties. The goal of this process was 

to help discover a method that would both provide the ideal MIP for ISO while also detailing a 

method for efficiently deciding upon a ratio for MIP components. In order to complete this task, 

we required a large amount of MIP systems to be generated and prepared quickly. By way of 

python script to batch automate the process, a set of systems were generated which vary one 

component (DEM, HEM, or EGM) using a multiplier from 2-10 of the baseline ratio, 8:16:40 for 

DEM:HEM:EGM respectively. Each component that was not varied was held constant at the 

baseline value. This resulted in a set of 𝑟 ∗ 𝑛 + 1 = 28 systems, where 𝑟 is the number of ratio 

multipliers (9), 𝑛 is the number of FMs and CLs (3), and 1 accounting for the baseline control 

system. All batch generated systems follow the previously described equilibration and production 

schemes, resulting in a 50 ns NVT simulation for each ratio tested.  

https://github.com/jamesprg/Batch-Simulation-With-Varied-Composition
https://github.com/jamesprg/Batch-Simulation-With-Varied-Composition
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By using the baseline ratio that was determined experimentally as a positive control, we 

then moved to choosing negative controls. This approach provided an effective method for 

determining how appropriate particular analysis methods were. As such, two more batch 

simulation sets were made as negative controls: (1) a set of systems with a single FM (DEM) or 

(2) a set of systems replacing either FM with an alternative that showed poor results 

experimentally, methacrylic acid (MAA). These negative controls were decided upon after 

discussion with our experimental collaborators. Each system was generated in the same manner as 

the batch automated systems based on the baseline ratio described previously. 

In order to best model conditions of the experimental pre-polymerization phase, we 

implemented a dialysate solvent for all batch automated simulations. Specifically, we matched the 

experimentally selected 0.9% NaCl solution. This decision further allows for our baseline 

1:8:16:40 system to meet the conditions a of a positive experimental result as well as remain 

consistent with our negative control systems. Furthermore, these conditions allow our systems to 

be more physiologically representative of the conditions expected for the MIPs. All forcefield files, 

initial structures, topologies, and scripts to replicate our methods can be found on the associated 

github. 

5.2.4 Using constraints to monitor bias of varied compositions 

In order to investigate the potential interactions of a binding pocket formed with the FMs 

and CL of interest, a new set of systems were created which used restraints to study, what we label, 

the pseudo-binding pocket behavior possible in a polymerized MIP. WTMetaD was used to 

determine an ideal distance for each FM/CL to be held, following the same 40 walker process as 

before with a single FM/CL and ISO for each possible interaction. For the three components, DEM, 

HEM, and EGM, the following maximum distances were chosen respectively: 0.52 nm, 0.48 nm, 
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and 0.54 nm. We then batch simulate a new set of systems which contains all combinations of 1-

3 molecules for each FM and CL (27 systems) with each component bound within the determined 

maximum distance of a single ISO. Each system followed the 3 step equilibration process 

described in section 5.2.1 with two additional steps: (4) a steered MD simulation which led each 

FM/CL (minimum 3 and maximum 9) to be 0.3 nm below the optimal COM distance found from 

WTMetaD followed by (5) an additional NPT equilibration (same simulation scheme as before) 

with an upper wall potential implemented with Plumed 2.596 as follows, 

𝑉𝑤𝑎𝑙𝑙(𝑥) = {
𝑘(𝑥 − 𝑎)2, 𝑥 > 𝑎
0,                         𝑥 ≤ 𝑎

 

where 𝑘 is the restraining force constant (50 kJ/mol), 𝑥 is the COM distance between the particular 

FM residue and ISO, and 𝑎 is the optimal distance found by WTMetaD for each FM/CL at which 

the restraint is turned on. Afterwards, each system’s production run followed the same simulation 

protocol except for the addition of the upper wall potential,  𝑉𝑤𝑎𝑙𝑙(𝑥). Using this restraint, we were 

able to investigate the potential favorability of different binding pocket confirmations. As before, 

all files used to setup the restraint based pseudo-binding pocket systems are available on GitHub. 

5.3 Results and discussion 

5.3.1 Initial 1:8:16:8:40 baseline pre-polymerization phase MIP  

In order to initially determine the solvent averaged spatial distribution across the 

experimentally determined MIP ratio for ISO capture, we calculated the average radial distribution 

function (RDF) across three trials. Specifically, we monitored various FM/CL-ISO interactions, 

mainly consisting of hydrogen bonds (HB) between donor and acceptor of either the FM or ISO. 

The more unique interactions are the aromatics possible between ISO-STY and STY-STY due to 

the various configurations possible for pi-pi stacking.174,175 For this purpose, RDFs were calculated 
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between each symmetrically unique aromatic carbon in STY and ISO. The choice of carbon did 

not change the peak position/shape in the RDF and thus all following STY-ISO RDF profiles will 

use the same carbon to carbon atom selection. Each pair of atoms used for RDF calculations can 

be found in Table 5.1. The resulting RDF profiles from the average across all 3 trajectories is 

shown in Figure 5.1.  

Table 5.1 - Pre-polymerization component interactions used for RDF. 

Interaction Pair 

(X-Y) 
X atoma Y atoma 

ISO-DEM H6 O1 

ISO-STY C1 C1 

STY-STY C1 C1 

ISO-EGM H6 O2 

ISO-HEM O3 H8 

ISO-MeOH O3 H1 

aAtoms are labeled by their atom name in the provided amber forcefield files.  

 

 
Figure 5.1 - RDF profiles between each FM/CL and ISO. Profiles are generated using the Gromacs rdf 

tool with interactions chosen as described in Table 5.1 Error bars are standard deviations across the 3 

trials. Each pre-polymerization component can be found in the legend. We highlight the fact that each HB 

interaction sits at the expected position around 0.2 nm meanwhile the aromatic interaction between ISO 

and STY shows no particular peak. 
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 Analysis of Figure 5.1 reveals both the most and least prominent interactions of the pre-

polymerization components. Additionally, we can calculate the area under each profile up to 

some cutoff in order to compare the strength of each peak. The strongest HB peak comes from 

the ISO-MeOH HB (0.31 ± 0.005) followed by the ISO-HEM HB (0.26 ± 0.017). The ISO-

HEM HB makes up the bulk of the HB interaction which use ISO as the acceptor, highlighting 

the comparative usefulness of HEM for interacting with ISO. On the other hand, DEM and EGM 

makeup the bulk of the HB interactions with ISO as HB acceptors, with an area under the first 

peak of (0.16 ± 0.03) and (0.11 ± 0.01) respectively. The final FM, STY, did not show any 

detectable structure through the RDF profile. The STY-STY profile did in fact observe a broad 

peak around 0.5-0.7 nm, tentatively matching an aromatic T-shaped carbon-carbon interaction.176 

This may indicate that a STY is prefers to interact with other STY rather than ISO. 

Further insight regarding the interactions between pre-polymerization components can be 

gained by analyzing particular distance metrics between ISO and FM/CL. We chose to monitor 

the COM minimum distance between each FM/CL-ISO pair versus time in Figure 5.2. This 

metric provides a general idea as to each component’s interactions with ISO along a trajectory. 

MeOH observes the bulk of the lowest minimum distance. This is likely due to a majority in 

solvent and lack of steric hinderance with ISO. The second lowest ranking distances are found 

with HEM, as expected based upon the RDF peaks. However, we can now see that the slight 

differences in RDF peak may not fully capture the differences in dominant interactions of the 

pre-polymerization phase. The RDF profiles are able to better parse the exact types of 

interactions, since components such as HEM and EGM appear in reverse priority here, despite 

the pure difference in frequency of potential HB partners noted by the RDF. Another useful 

comparison between metrics is the lack of specificity in STY. Again, no particular structure is 
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found between STY-ISO, since the minimum distance is constantly fluctuating across a wide 

range of values. This effect is much less prominent for HEM/EGM, where a lower average COM 

minimum distance is achieved, even with an expected level of intermittency between frames.  

 

Figure 5.2. - COM min distances calculated by Plumed. Average COM minimum distance is labeled in 

parenthesis of the legend. Keep in mind, these average values are not representative of the average 

interacting minimum distance since data points are not screened for whether or not the point represents a 

potential interaction with ISO nor weighted for the total amount of each component. 

5.3.2 Solvent effect on FM-ISO interaction in pre-polymerization phase 

Due to the level of ISO-MeOH interaction as well as lack of ISO-STY interaction shown 

in the baseline system, we investigated the potential solvent effects on ISO-STY interactions. In 

this way, we first produced a set of trajectories varying the amount of each solvent component 

(MeOH and water) in 20 mole percent intervals of the total solvent present in the baseline system. 

Figure 5.3 indicates an important trend when combining these particular MIP components in the 

pre-polymerization phase. That is, in decreasing the amount of water and accordingly increasing 

MeOH in our solvent, the STY-ISO interaction washes away. We see that as the MeOH 

concentration increases from 20 to 30 percent, the free energy barrier of the ISO-STY interaction 

decreases dramatically by approximately 61%. This seems to be indicative of the nature of STY-
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MeOH reactions that we know to exist and be necessary to dissolve STY in our system 

experimentally. However, this lack of interaction may be reason to seek out alternative FM when 

optimizing a MIP as the end goal is to obtain an ideal surface chemistry for the target toxin.  

 

Figure 5.3 - Free energy profiles with varied solvent concentrations. The left panel shows each free 

energy profile generated from 40 walkers of WTMetaD run for 50 ns a piece while biasing the COM 

distance between the single ISO and STY in the system. The accompanying right panel provides the 

calculated free energy barrier versus decreasing water concentration, highlighting the loss of interaction 

with MeOH addition. 

 

To investigate the solvent effects further, we also compared some of the other interactions 

present in pure solvent systems. Alongside the pure MeOH ISO-STY system, we calculated the 

STY-MeOH and ISO-MeOH interactions, as shown in Figure 5.4 (a). Examination of the two 

profiles which include MeOH helps explain the lack of ISO-STY interaction (also shown in the 

green profile), as MeOH and ISO find a favorable interaction in the region which is otherwise 

unsampled in the ISO-STY profile. The slight differences in the left side of the MeOH profiles can 

also be explained by expected HB interaction between ISO-MeOH that would not be possible for 

STY-MeOH. We also generated another set of single FM-ISO systems using both DEM and HEM. 

Figure 5.4 (b) shows the resulting free energy profiles of each ISO-FM COM distance in either 

pure water or pure MeOH. Interestingly, the washing out of ISO-FM interactions caused by MeOH 

seen in the ISO-STY system is still present. Even with the free energy barrier of both the DEM 
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and HEM profiles being twice as large as the STY system, the barrier is entirely lost. Thanks to 

these findings, we continued forward without MeOH as a solvent due to its high interaction energy 

with the pre-polymerization components. In addition, this led to the removal of STY as well since 

MeOH was a necessary component for homogeneity experimentally. This approach proved 

successful, finding the same baseline ratio 1:8:16:40, now without STY, to observe a high removal 

capacity as before in experiment, indicating that both STY and MeOH were not necessary for an 

effective MIP. 

 

Figure 5.4 - Free energy profiles in pure solvents between ISO-FM and ISO-MeOH. (a) Free energy 

profiles in a system containing a single ISO and STY in MeOH solvent, highlighting the preference of 

both ISO and STY to interact with MeOH over each other. (b) Free energy profiles between ISO and the 3 

FMs in 2 different solvents each (6 systems total), showing the increased interaction with the removal of 

MeOH. All profiles are generated using WTMetaD from 40 walkers with 40 ns per walker. 

5.3.3 Effect of varied composition on ISO:DEM:HEM:EGM MIP 

With the updated baseline ratio in hand, we performed a set of batch automated simulations 

which varied the amount of each MIP component across a range while holding all other 

components at the baseline. To support the set of trajectories based upon the baseline ratio, we 

also generated two more sets of systems which have been shown to act as negative controls 

experimentally. Specifically, we used the following two systems: (1) replacing DEM with MAA 
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and (2) using only a single FM (DEM). From the three sets of batch generated trajectories various 

average structure features were calculated for the purpose of determining the optimal ratio of MIP 

components efficiently. To this end, we first calculated the average COM minimum distance 

between each component and ISO as shown for ISO to EGM in Figure 5.5 (with additional results 

provided in Figure III.I). Following from our previous use of this metric, a cutoff distance is now 

implemented, only accounting for distances within 0.5 nm which we treat as the range of 

interaction. The profiles reveal a distinct lack of differentiation between systems despite a change 

in FM/CL amount, with no distinct trends correlating to these variations. Furthermore, if we 

compare across the three differing system setups, (i) baseline, (ii) with MAA, (iii) and single FM, 

there is again a lack of differentiation between the systems. When examining the ISO-EGM 

average COM distance, most if not all values fall within error of any other system setup and 

composition. We note specifically that the baseline dialysate systems (DEM composition 8, HEM 

composition 16, and EGM composition 40) do not observe higher average interaction distances 

when compared to either negative control. Thus, these metrics alone proved unsuitable in the 

determination of an optimal MIP ratio. 

 

Figure 5.5 - Average COM minimum distances between EGM and ISO within a 0.5 nm cutoff. The left 

panel displays the results between 3 cases: dialysate, dialysate without HEM, and dialysate with DEM 

replaced by MAA, for increasing EGM ratio. The right panel shows the results for increasing HEM ratio 
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of dialysate and dialysate with DEM replaced by MAA only since HEM is removed from the other test 

case.   

 As a follow up to the average structure calculations, we investigated the use of a potentially 

more suitable metric in the form of HB lifetime distributions. The use of HB lifetime analysis for 

pre-polymerization phase MIP simulations has shown the ability to determine between FMs in the 

past.155,177 However, it has yet to be shown if this approach could be used for the determination of 

an optimal FM ratio across a finely discretized region. Although the basic HB lifetime has the 

potential to forgo a similar result as the average structure calculations, HB interactions themselves 

can also be extracted from the trajectories on-hand and then transformed into a distribution of 

lifetimes. Figure 5.6 shows the distributions for each baseline component when varying DEM 

composition. The HEM-ISO distributions (Figure 5.6 (a)) observe the most similar set of 

distributions across the 10 systems. This supports the hypothesis that HEM is an effective HB 

partner for ISO and a FM in general and may be less impacted by increasing the amount of DEM. 

In Figure 5.6 (b) and Figure 5.6 (c), we see that the peaks of the EGM-ISO and DEM-ISO 

distributions, respectively, cover a range of probabilities twice as large as the HEM-ISO 

distributions. Again, this could help support the interaction between ISO and either DEM or EGM 

being less consistent with ISO as the donator, opposite the acceptor role with HEM-ISO. These 

roles are further supported by the average HB lifetimes themselves, with HEM achieving the 

highest average lifetime of 13.89 ps. Furthermore, DEM’s range of lifetimes/distribution shapes 

may be indicative of the effect changing FM composition has on DEM-ISO interactions. That is, 

the DEM-ISO average HB lifetime increases by a factor of 1.92 when moving from 8 to 16 DEM, 

an increase unseen for any HEM or EGM transitions. In fact, Figure III.2 shows that DEM 

observes drastic jumps in both the set of HEM and EGM varied HB distributions as well. Further 

development of an HB lifetime distribution-based approach for the analysis of pre-polymerization 

phase MIPs could support a method for determining optimal component ratios. 
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Figure 5.6 - HB lifetime distributions with increasing DEM in systems. The (a), (b), and (c) panels show 

the HEM-ISO, EGM-ISO, and DEM-ISO HB lifetime distributions respectively. Each lifetime reported in 

the legend is an average calculated across the full trajectory.  

5.3.4 Pseudo-binding pocket interactions of ISO:DEM:HEM:EGM MIPs 

In order to investigate an alternative approach to computationally screening potential 

MIP components for effective toxin removal capacity, we simulated what we label a pseudo-

binding pocket framework. To this end, we generate a new set of batch automated systems 

covering a range of 1-3 molecules for each FM/CL restrained around a single ISO. We then 

analyze the resulting applied bias across each trajectory to identify which systems were the most 

stable. Figure 5.7 shows an ordering of the systems based upon each component’s average 

applied bias. The resulting orders have one clear similarity between each other, being that the 

highest amount of bias occurs in the largest (3:3:3) system as the pseudo-binding pocket verges 

on becoming overfilled. As noted in our previous studies, the pre-polymerization phase does not 

form any complex structures for extended periods of time, thus we expect large increases in 
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applied bias with system growth. More interestingly, however, are the differences in each 

component’s associated orders. For example, all three components find different lowest average 

bias systems: DEM – 2:1:1, HEM – 1:2:1, and EGM – 1:1:3. This fact may help reveal the 

optimal number of each components which will regularly interact with ISO in particular 

conditions (i.e. ratios). Another notable trend is DEM’s preference for 2 and then 3 constituents 

before 1, which is seen best by observing ranks 1-7. Rank 3 for the DEM sort is the only rank 

prior to 8 which contains a DEM:1 ratio, with DEM instead finding lower average bias with 2 or 

3 DEM molecules. In fact, the first 7 DEM ranks makeup all possible combinations of ratios with 

DEM:2 or DEM:3 that do not include HEM or EGM at a ratio of 3 aside from the 2:2:2 or 3:2:2 

system. This trend could be explained by DEM having a preference for higher DEM counts over 

other components as well as DEM ratios above 1. Similarly, the HEM sort’s trend matches DEM 

exactly for ranks 1-9, however rank 10 for DEM (2:2:2) falls to rank 11 for HEM which 

interestingly prefers a 1:3:3 configuration slightly more, potentially indicating HEM’s preference 

for HEM/EGM presence over DEM. Finally, the EGM sort does not follow the exact same rank 

1-9 systems as HEM and DEM. Instead of preferring a self-ratio of 2 before 3 for the lowest 

average bias, EGM places priority on 3 specifically. Furthermore, EGM pushes any system with 

a self-ratio of 1 to rank 7 and below, standing apart from both DEM and HEM which has the 

smallest system (1:1:1) at rank 3. This could also be a sign of EGM ratio preferences, showing 

an even greater ability than DEM to include 3 constituents in a pseudo-binding pocket model. 

 Average interaction energies between ISO and each of the three MIP components were 

also calculated as show in Figure 5.8, sorted by coulombic energies (𝐸𝐶) . Additionally, each set 

of interaction energies sorted by Lennard-jones energies (𝐸𝐿𝐽) can be found in Figure III.3. The 

HEM interaction energies support the strength of HEM-ISO interaction (HB), observing higher 
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𝐸𝐶  than EGM or DEM 𝐸𝐶  across all systems. Furthermore, the HEM − 𝐸𝐶 trends toward smaller 

magnitudes with particular combinations of smaller system sizes, most notably 1:1:1 observes 

the lowest HEM − 𝐸𝐶  of all systems. Not only does HEM observe the most negative 𝐸𝐶 , it also 

shows the most variation across the range of systems, achieving a standard deviation of 6.3 in 

𝐸𝐶 .  Interestingly, HEM observes a crossing point in both 𝐸𝐶  and 𝐸𝐿𝐽 rankings that is unseen for 

all other FMs. As seen in both Figure 5.8/Figure III.3, DEM and EGM observe little changes to 

either 𝐸𝐶  or 𝐸𝐿𝐽, with the largest standard deviation across all system energies being 2.2 𝑘𝐽/𝑚𝑜𝑙 

for EGM − 𝐸𝐿𝐽. EGM and DEM profiles also offer similar results in terms of average interaction 

energies, with an 𝐸𝐶  of −4.6 ± 0.8 𝑘𝐽/𝑚𝑜𝑙 and  −4.9 ± 0.9 𝑘𝐽/𝑚𝑜𝑙  and 𝐸𝐿𝐽 of  −17.9 ±

2.2 𝑘𝐽/𝑚𝑜𝑙 and  −17.9 ± 1.9 𝑘𝐽/𝑚𝑜𝑙 respectively. The most notable difference is the jump 

between the final two EGM − 𝐸𝐿𝐽 ranked systems (−16.6 to −8.7 𝑘𝐽/𝑚𝑜𝑙), signaling a distinct 

disfavor with EGM interactions in the bulkiest system compared to all others. However, each 

interaction does have a similarly low result for the bulkiest system as we would assume based 

upon the amount of component packing. Results such as these, especially the HEM crossing 

point, could prove critical in determining the minimum conditions necessary for more favorable 

FM-toxin interactions. 
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Figure 5.7 - Average bias per MIP component applied across pseudo-binding pocket trajectory. Averages 

and error bars are calculated by splitting trajectories into thirds. Each average is normalized to account for 

the total number of components present. 
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Figure 5.8 - The interaction energies per MIP component in pseudo-binding pocket ranked by 𝐸𝐶 . 

Average Coulombic (𝐸𝐶) and Lennard-Jones (𝐸𝐿𝐽) energies for each system are reported (sorted by 𝐸𝐶) 

per component. Error bars are calculated using 3 equal partitions of the trajectory. Each average is 

normalized to account for the total number of components present. 
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5.4 Conclusion 

While pre-polymerization phase MIPs have proved a difficult system to use for the 

determination of an optimal component ratio, there was still plenty to be gained from these efforts. 

First of all, our work has supported the usefulness of a computational approach for the design of 

MIPs. Despite average structure properties providing little in the way of an optimal ratio on their 

own, alternative metrics begin to provide a clearer understanding of component interactions. We 

have shown that the monitoring of HB lifetime distributions can provide a deeper level of 

comparison between MIP configurations than average properties. Our initial findings in the pre-

polymerization phase were bookended by HEM’s consistent ability to observe both stable and 

longer lasting interactions with ISO. Meanwhile, DEM was found to observe the most variation in 

those same respects. However, when investigating an alternative model for MIP interactions, a 

pseudo-binding pocket configuration, we found that HEM is the most likely of all components to 

show interaction energy variation, albeit with a consistently strong interaction. Even these findings 

may prove useful in MIP synthesis, providing insight into the intricacies of interactions 

encountered during MIP synthesis and use.  

Despite the handful of results successfully comparing the baseline effectiveness between 

FMs/CLs in the literature, determining optimal combinations of ideal components is a still unmet 

challenge. Forthcoming work should be aware of the warnings found in this chapter regarding 

average solvent properties and their struggle to meet this goal. Although our work has taken steps 

towards determining the optimal conditions for one particular MIP, the strategies employed need 

further development to provide the type of efficient determination necessary for experimental 

progress and clinical use. Attempting to model steps of the MIP process outside of simply the pre-
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polymerization phase has high potential, as shown in our investigation of pseudo-binding pocket 

structures. This has also been shown, for example, in Zink et. al. with the simulations of Virtually 

imprinted polymers (VIPs) by way of a unique virtual chromatography simulation.178 

Alternatively, computational approaches have also found success outside of any particular step of 

the MIPs building scheme using local density of state calculations for the optimization of FM 

suitability.179 These efforts pave the way not only toward understanding the mechanics and 

theoretical basis of MIPs, but also optimal MIPs design, leading to future improvements in CKD 

patient outcomes. 
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Chapter 6. Conclusions 

6.1 Impact 

My journey as a Ph.D. student has provided me the opportunity to work in a variety of 

settings. It is not necessarily standard that one makes a transition between research groups yet 

continues growing one’s original interests while branching into new ones. This, however, perfectly 

describes my experience when shifting from my original cell membrane inspired work to the world 

of uremic toxins as described in the previous chapters. I have had the great opportunity of working 

in two very distinct biophysical domains with various personal and collaborative laboratories, all 

of which my contributions have affected in unique ways. 

Work in both the Keller and Maibaum Labs has brought clarity to phase behavior in cell 

membranes and the potential of MD for modeling these long-time scale dynamics in large systems 

respectively.10,16,52,180 In order to support the lacking clarity regarding n-alcohol anesthesia, my 

work offered a unique bridge between the use of MD and small molecule partitioning by 

calculating phase composition and free energy changes as well as flip-flop rates of bilayer 

components using statistical modeling. My efforts also shed light on the benefits and pitfalls of 

using a coarse-grained MD approach for biophysical investigations, especially when looking at 

both macro and microscopic properties. 

After joining the Center for Dialysis Innovations team, my work brought various continued 

and novel results that supported their goal in renal replacement research. My initial work with 

PBUTs acted as a continuation of the first MD based molecular-level study of these toxins and 

provided novel long time-scale dynamical insight while identifying sets of previously unknown 

binding poses for indole-3-acetic acid and hippuric acid. Following this, I implemented a ML 

approach for calculating both kinetic and thermodynamic unbinding properties by taking 
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advantage of deep learning for optimizing an unbinding coordinate as well as enhanced sampling. 

Finally, I offered atomic scale resolution to the interactions and properties surrounding molecularly 

imprinted polymers, creating methods to begin searching for optimal component configurations as 

well as simulating post-template removal interactions that, to our knowledge, have yet to be 

investigated computationally. My studies of uremic toxins have both proved useful for the design 

of certain toxin removal strategies, such as competitive binders and adsorbent materials, as well as 

continued an important effort in highlighting the effectiveness of MD and statistical modeling for 

these complex issues. 

Overall, my Ph.D. has culminated in emphasizing the potential for combining MD and 

statistical modeling to ascertain kinetic, thermodynamic, or mechanistic information in biophysical 

systems. In doing so, I have contributed to relevant biomedical domains like renal replacement 

therapy and anesthesiologic understanding as well as continued a push toward MD and ML based 

approaches for future research. Finally, my analysis codes have been made accessible through 

software sharing resources in order to strive towards improving both general and computational 

scientific reproducibility. 

6.2 Future work 

Recent findings in the literature could prove useful in furthering the endeavors of my first 

project regarding alcohol partitioning into coarse grained model membranes. On the experimental 

side, the past year has provided many important discoveries in the study of anesthesiology, further 

revealing the importance of lipid phase formation in these processes.181 Computationally, a new 

version of the Martini model (Martini 3) has been published that provides improvements for a 

variety of issues, including difficulties that were mentioned in Chapter 2 regarding bead/system 

sizes in the calculation of macroscopic properties.182 My hope is that new endeavors in this field 
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will take advantage of these resources for the continued modeling of more complex systems as we 

seek to understand the contributing factors in phase formation as well as general anesthesia. 

Furthermore, my implementation of deep learning for the optimization of unbinding coordinates 

could prove useful for the calculation of various membrane thermodynamic properties, aiding in 

the determination of small molecule partitioning effects. 

Despite my many advances forward in the study of PBUTs, there is certainly a bevy of 

work still to be done. While my efforts have continued to provide pertinent information as well as 

methods for the investigation of uremic toxin removal strategies, continuing upon this work is 

essential. The modeling of more physiological and alternative conditions is an important next step 

in both producing more comparable results while also pushing towards the testing of evolving 

strategies. I have prepared my work to be continued forward with investigating the effects of fatty 

acids bound to HSA due to the potential to both act as a competitive binder and/or induce allosteric 

alterations to these systems that could otherwise go undetected. After this, studies can be done 

regarding the effect of oxidation changes which have also shown potential in this area. Both of 

these categories are simple next steps, that, when combined with the ML approaches applied in 

Chapters 3 and 4, could provide as suitable beginnings to the development of new materials or 

strategies for the purpose of improving CKD patient outcomes. 

My efforts with MIPs and uremic toxins is certainly the least covered domain in the 

literature of all my works and could benefit from future endeavors. Most simply, a continued study 

of the pre-polymerization phase testing the alternate uremic toxins that have been generated by 

myself and previous Pfaendtner lab members may be useful. This work could benefit by 

implementing larger trial sizes in combination with unsupervised learning to better determine the 

minute differences between system/toxin results. More critically, my work was only able to begin 
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diving into steps beyond the pre-polymerization phase of MIP production, modeling the potential 

interactions of a template within a structured MIP. However, this direction has plenty of potential 

and, again, little has been done computationally in this domain. Moving in this direction provides 

the opportunity to obtain a great deal of insight yet to be discovered regarding MIP construction, 

benefitting those working with such uremic toxin capture projects as well as other synthetic 

receptors.  
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Appendix I – Supplemental materials for Chapter 3 

Figures 

 

Figure I.1 - IAA-HSA system with the 14 key residues considered after filtering by atomic contacts.  Key 

residues are colored in yellow. Indole-3-acetic acid is colored by atom type with hydrogen, carbon, 

oxygen, and nitrogen atoms colored white, cyan, red, and blue, respectively. The hydrophobic core and 

the more hydrophilic mouth of the pocket are labeled with blue and red spheres respectively. Finally, the 

three helices used in our set of collective variables are labeled and color coated.   
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Figure I.2 - tICA data for a single toxin (PCS-HSA) system. The tICA subspace data is colored by time 

over each 250 ns simulation. The underlying contour plots represent the probability of the system being 

found in a given region of the tICA space. 

 

 
Figure I.3 - K-means clustering of the tICA results for a single toxin (PCS-HSA) system. The tICA 

subspace data is colored by the given K-means cluster (1-50 in the PCS system). The underlying contour 

plots represent the probability of the system being found in a given region of the tICA space. 
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Figure I.4 - Pose View images of frame representative of each PCS-HSA binding mode accompanied by 

transition probabilities. Each Pose View image is boxed by the binding modes particular color. Hydrogen 

bonds are represented by dashed black lines, hydrophilic interactions are in green, and polar atoms are 

either red (oxygen) or blue (nitrogen). The transition probabilities are shown for transitions between 

modes with proportionally sized arrows. The size of each colored sphere is proportional to the binding 

modes total fraction of MD frames. It’s worth reminding the reader that the images are not necessarily 

characteristic of the averaged structure, but rather a single snapshot ideally estimating certain interactions. 
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Figure I.5 - Pose View images of frame representative of each HIP-HSA binding mode accompanied by 

transition probabilities. Each Pose View image is boxed by the binding modes particular color. Hydrogen 

bonds are represented by dashed black lines, hydrophilic interactions are in green, and polar atoms are 

either red (oxygen) or blue (nitrogen). The transition probabilities are shown for transitions between 

modes with proportionally sized arrows. The size of each colored sphere is proportional to the binding 

modes total fraction of MD frames. It’s worth reminding the reader that the images are not necessarily 

characteristic of the averaged structure, but rather a single snapshot ideally estimating certain interactions. 
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Figure I.6 - Pose View images of frame representative of each ISO-HSA binding mode accompanied by 

transition probabilities. Each Pose View image is boxed by the binding modes particular color. Hydrogen 

bonds are represented by dashed black lines, hydrophilic interactions are in green, and polar atoms are 

either red (oxygen) or blue (nitrogen). The transition probabilities are shown for transitions between 

modes with proportionally sized arrows. The size of each colored sphere is proportional to the binding 

modes total fraction of MD frames. It’s worth reminding the reader that the images are not necessarily 

characteristic of the averaged structure, but rather a single snapshot ideally estimating certain interactions. 

  



 

 

114 

 

 
 
Figure I.7 - VMD images for frame representative of each binding mode. A set of three MD frames are 

visualized using VMD and color coded according to the particular binding mode for two toxin systems; 

ISO and HIP in the left and right panels respectively. Each frame contains a set of molecules to help 

orient the binding pocket: (i) Residue G434 deep in the binding pocket (ii) toxin position (iii) S489 at the 

mouth of the binding pocket. The three helices that make up the mouth of Sudlow site II are colored in 

light blue to further orient the pocket. 

 

 
Figure I.8 - tIC plots of the coarse grained MSM overlaid by the projection of each eigenvector. Each of 

the 4 tIC plots details the results of the tICA of our 15 MD simulations after being first treated with k-

means clustering and then coarse grained using PCCA+ clustering. Toxins are varied between ISO and 
HIP in upper and lower respectively. Each pair of plots for toxin differ in the MSM eigenvector projection 

overlaid atop which details the progression of the particular timescale discovered by our MSM. 
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Tables 
 
Table I.1 - Coefficients of the linear transformation to the first 2 tICA components calculated for each 

toxin-HSA complex. 

indoxyl sulfate p-cresyl sulfate indole-3-acetic acid hippurate 

CVs tIC 1 tIC 2 CVs tIC 1 tIC 2 CVs tIC 1 tIC 2 CVs tIC 1 tIC 2 

L387 0.05 0.11 L387 0.01 -0.06 L387 -0.03 0.04 L387 0.02 0.01 

N391 0.14 0.18 I388 -0.04 -0.18 I388 -0.08 -0.06 I388 -0.27 -0.27 

R410 0.98 -0.43 N391 -0.10 -0.06 N391 -0.17 0.03 N391 0.11 -0.18 

Y411 0.01 0.23 L407 -0.05 0.15 F403 -0.14 0.06 L407 -0.07 0.03 

K414 -0.27 -0.26 R410 -0.83 -0.50 L407 0.02 0.06 R410 -0.44 0.17 

L430 0.04 0.16 Y411 0.38 -0.63 R410 -0.05 -1.14 Y411 -0.16 -0.45 

V433 0.13 0.15 K414 -0.12 0.05 Y411 -0.14 0.15 K414 0.13 0.37 

L453 0.1 0.10 L430 0.14 -0.11 K414 0.21 0.36 L430 0.18 -0.01 

S489 -0.12 -0.12 L453 -0.11 0.01 L430 -0.07 -0.01 V433 -0.08 0.08 

H1-H2 -0.02 -0.11 R485 0.06 -0.26 V433 0.01 0.01 L453 -0.17 -0.13 

H1-H3 0.09 0.06 F488 -0.19 0.31 G434 -0.47 -0.07 R485 -0.26 -0.24 

H2-H3 0.16 0.11 S489 -0.02 -0.05 L453 -0.06 -0.02 F488 -0.26 0.25 

   H1-H2 -0.11 0.23 R485 -0.13 0.01 S489 0.01 0.08 

   H1-H3 0.10 -0.18 S489 0.13 0.07 H1-H2 0.02 0.14 

   H2-H3 0.04 -0.25 H1-H2 0.02 -0.10 H1-H3 -0.04 -0.10 

      H1-H3 0.01 -0.11 H2-H3 -0.13 -0.11 

      H2-H3 0.01 -0.14    

 

Table I.2 - Hyperparameters determined by GMRQ scoring each HSA-toxin system. 

 indoxyl sulfate p-cresyl sulfate 
indole-3-acetic 

acid 
hippurate 

Number of tICA 

components 
2 2 2 2 

tICA lag time (ns) 0.005 0.02 0.002 0.01 

Number of K-

means clusters 
50 50 100 100 
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Table I.3 - Top six correlations between order parameters and projection on the eigenvector modes of the 

ISO MSM. 

1st Eigenvector 2nd Eigenvector 3rd Eigenvector 

Residue 

(ranked) 
r 

Residue 

(ranked) 
r 

Residue 

(ranked) 
R 

Eig3 0.56 R410 (-)0.84 Eig1 0.56 

K414 0.53 Y411 (-)0.34 K414 0.41 

V433 (-)0.52 N391 0.30 V433 (-)0.38 

   N391 (-)0.50 V433 0.29 L430 (-)0.36 

L430 (-)0.46 Eig4 0.27 L453 (-)0.34 

S489 0.43 L430 0.24 Y411 0.30 

 
Table I.4 - Top six correlations between order parameters and projection on the eigenvector modes of the 

HIP MSM. 

1st Eigenvector 2nd Eigenvector 3rd Eigenvector 4th Eigenvector 

Residue 

(ranked) 

r Residue 

(ranked) 

r Residue 

(ranked) 

r Residue 

(ranked) 

r 

R485 (-)0.59 F488 0.81 N391 0.26 Eig1 0.24 

H2-H3 (-)0.49 N391 (-)0.81 I388 0.24 Y411 (-)0.21 

L453 (-)0.46 K414 0.74 K414 (-)0.24 H2-H3 (-)0.18 

H1-H3 (-)0.34 R410 0.72 F484 (-)0.22 L430 0.16 

Y411 (-)0.33 I388 (-)0.64 Eig2 (-)0.22 L453 0.13 

I388 (-)0.32 S489 0.63 R410 (-)0.19 V433 0.12 
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Appendix II – Supplemental materials for Chapter 4 

Figures 

 

Figure II.1 – Convergence of loss function during neural network training. Each profile represents the loss 

function for the three systems studied, ISOS489, ISOY411, and PCS. 

 

 
Figure II.2 – Initial MD frame and funnel position displayed in VMD. The ISO and PCS systems are 

shown in (a) and (b) respectively.  Upper walls restraints are used to keep the toxin from moving too far 

into solvent during runs used in the calculation of unbinding free energies. 
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Figure II.3 - PCA data for 15 ISOS489 trajectories colored by time. Note that coloring by time simply 

shows the movement through PCA space for each system not a comparison over time since each system 

has a unique total simulation time.  

 

 

 
Figure II.4 - PCA data for 15 PCS trajectories colored by time. Note that coloring by time simply shows 

the movement through PCA space for each system not a comparison over time since each system has a 

unique total simulation time. 



 

 

119 

 
Figure II.5- PCA data for PCS system with increased K-means clusters. Example of K-means clustering 

when splitting the PCA space data into 6 clusters (rather than 4 displayed in section 4.3.4).  The scatter 

plot shows the first 2 PC values for every 0.2 ns of simulation time colored and labeled by cluster with the 

label at the location of cluster center. A star marks the initial PCS pose and an arrow shows the unbinding 

direction in PC space. The accompanying VMD snapshots are representations of cluster 2 and 3 chosen as 

the frame closest to the cluster’s center with outlines of the particular node’s color.   

 

Tables  

 
Table II.1 – ANIMO selected order parameters for use in RAVE constructed CV.  

𝑰𝑺𝑶𝑺𝟒𝟖𝟗
𝒂  𝑰𝑺𝑶𝒀𝟒𝟏𝟏

𝒂
 𝑷𝑪𝑺𝒂 

L347-r V343-s E396-r 

L347-s L346-r F403-s 

E342-r L347-r F403-r 

K402-r K402-r T412-r 

F403-s V426-r E425-s 

C437-r R445-r E425-r 

V462-s V462-r S434-s 

V462-r V473-r L453-s 

C487-r P384-r V462-s 

P384-s F488-r V473-r 

P384-r  407Y-s 

P416-s  K413-r 

E442-s  P416-s 

  P441-r 
aEntries represent the distance between a pair of atoms, first either a C-𝛼 (blue) or sidechain atom of a 

residue (red) in Sudlow site II and followed by either a ring or the sulfate toxin atom, labeled r and s 

respectively.  
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Appendix III – Supplemental materials for Chapter 5 

 

Figures 

 

Figure III.1 - Average COM minimum distances between MIP component and ISO within a 0.5 nm 

cutoff. Each panel displays all possible results from our 3 cases: dialysate, dialysate without HEM, and 

dialysate with DEM replaced by MAA. The lack of any of the 3 systems is due to the particular 

components (signified by both the calculated COM distance and particular increasing component on the 

X-axis) not being present for particular systems. 
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Figure III.2 – ISO-DEM HB lifetime distributions. The (a) and (b) panels show the DEM-ISO HB 

lifetime distributions while varying HEM and EGM respectively. Each lifetime reported in the legend is 

an average calculated across the full trajectory. 
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Figure III.3 - The interaction energies per MIP component in pseudo-binding pocket ranked by 𝐸𝐿𝐽. 

Average Coulombic (𝐸𝐶) and Lennard-Jones (𝐸𝐿𝐽) energies for each system are reported (sorted by 𝐸𝐶) 

per component. Error bars are calculated as standard deviations across 3 equal partitions of the trajectory. 
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Tables 

Table III.1 - Component numbers for baseline MIP system. 

 

Component ISO DEM HEM STY EGM MeOH Water K 

Molecules 1 8 16 8 40 370 278 1 
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