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Abstract

Computational Design of Multifunctional Surfaces using Molecular

Dynamics Simulations

by

Sally Jiao

Surface modification of water filtration membrane materials has the potential to imbue

attractive qualities, such as enhanced antifouling or solute rejection/selectivity capabil-

ities. Development of next-generation membrane materials will therefore rely on design

rules relating surface structure and functional properties. Heuristics exist for simple

surfaces comprising homogeneous chemistries and have largely been discovered through

trial-and-error synthesis and characterization. However, we lack a complete understand-

ing of nanoscopic mechanisms governing the water-mediated interactions between con-

taminants/foulants and realistic surfaces with chemical and topological heterogeneity.

Furthermore, trial-and-error methods are not able to efficiently explore the large design

space offered by multifunctional surfaces.

This dissertation develops relationships between surface chemistry and local wa-

ter/solute behavior for model membrane materials, using computational inverse design

approaches. By coupling molecular dynamics simulations with optimization algorithms,

we identify non-intuitive chemistries showing enhanced functional properties. Genetic al-

gorithm optimization of patterns of nonpolar and polar chemistries in a model nanopore

suggests that arrangement of polar chemistry in rings along the nanopore wall will en-

hance selectivity of water over small, neutral solutes. Active-learning-based optimization

of more complex patterns with both chemical and topological heterogeneity suggest that

x



rings of large nonpolar groups create a rough surface that achieves similar effects. Im-

portantly, these non-intuitive functionalities discovered by the inverse design approach

suggest previously unexplored mechanisms governing water-mediated solute transport in

model membrane materials.

Sequence-specific polymers such as polypeptoids provide a synthetically accessible

route to chemically precise surface modification. However, exploration of sequence-

structure-function relationships for polypeptoids has been lacking, in part because com-

putational workflows to simulate polypeptoids are not well established. In collaboration

with detailed experimental characterization, we validate an enhanced sampling simula-

tion workflow and atomistic model for polypeptoids. We then show that polypeptoid

sequence modulates local water behavior in dilute solution and at peptoid brush sur-

faces, and that the changes in water structure can be related to trends in affinity of

small-molecule solutes for peptoid brush surfaces. Finally, we apply the previously de-

veloped inverse design techniques to build sequence-structure relationships by identifying

sequences with extremal conformational behaviors.
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Chapter 1

Introduction

1.1 Background

Progress in human health and happiness is built on the development of high-performance

materials. Materials “inverse design,” or the construction of materials that achieve a de-

sired functional or structural property, is thus not a novel paradigm, but rather has been

a constant theme throughout our history, and has encompassed a wide variety of de-

sign strategies, some more efficient than others. These activities predate a nanoscopic

understanding of materials structure by thousands of years. However, advances in our

ability to probe and model the molecular-level behavior of matter is beginning to fun-

damentally alter the way we design new materials. In many cases, time-consuming and

laborious sequential synthesis-characterization cycles (i.e. “trial-and-error” approaches)

can be replaced by high-throughput experimentation1,2 and/or model-based navigation

of the space of candidate materials (i.e. the “design space”).3 These approaches have
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already proposed novel materials in a variety of classes, such as catalysts,4 nanophoton-

ics,5 proteins,6 and polymers.7–10 This dissertation will demonstrate the application of

atomistic modeling to the inverse design of materials for next-generation water filtration

membranes.

Severe water scarcity affects 40% of the world’s population,11 and projections sug-

gest the affected population will only grow with time.12–14 Future water scarcity will also

impair agricultural productivity and exacerbate food insecurity.15,16 Water availability

is furthermore closely linked to energy generation, as clean water is required to produce

energy and vice versa; this interdependence is referred to as the “water-energy” nexus.17

National and global governmental agencies agree that development of technologies to al-

leviate water scarcity is critical.18,19 Addressing water scarcity requires solutions tailored

to local infrastructure12 and development of a variety of highly tunable approaches is

therefore needed. One such approach is treatment and reuse of wastewater,11,20 such

as produced water,21–23 for specific purposes such as crop irrigation,24 termed “fit-for-

purpose” water treatment.25 Such wastewater sources are contaminated with high concen-

trations of solutes with diverse chemical properties and molecular size, requiring complex

treatment trains that could benefit from incorporation of polymer-based water filtration

membranes.26

Water filtration membranes are typically deployed in a spiral wound module compris-

ing a rolled-up double layer of membrane material (Fig. 1.1a) arranged such that when

water flows along the axis, purified water (“permeate”) partitions across the membrane

2
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material to the region in between the two layers, where it is then directed out of the

module via a dedicated channel. The remaining water that is concentrated in contami-

nants (“retentate”) flows across the membrane and out the module.27 For reverse osmosis,

membrane materials comprise a dense polymeric layer that sits on top of a porous layer

(Fig. 1.1b). The dense layer provides selectivity for water over contaminants, while the

porous layer provides mechanical support.

Figure 1.1: (a) Spiral wound module, partly unraveled to show the directions of water flow.
Inspired by Fig. 1 of Ref. [27]. (b) In the membrane, the dense layer provides selectivity
while the porous layer underneath provides support. Inspired by Fig. 3b of Ref. [28]. (c)
Functionalization of the selective layer can enhance rejection of small, neutral solutes such as
boric acid or reduce fouling of membrane surfaces.

Membranes separations are typically more energy efficient than those involving phase

changes (e.g. distillation).29 However, membranes face significant challenges in purify-

ing highly contaminated water. One key challenge is the separation of small, neutral

solutes30,31 such as boric acid, phenolic compounds, and 1,4-dioxane, which are present

in industrial wastewater at concentrations exceeding standards for human and environ-

mental safety,32–35 posing challenges for water reuse. Conventional membranes take ad-

vantage of differences in molecular size or charge to perform a separation and thus have

3
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low rejection of uncharged solutes similar in size to water. Current technologies require

treatment of contaminated waters in addition to membrane filtration, such as oxidation

of phenolic compounds36,37 and 1,4-dioxane38,39 or manipulation of pH to convert boric

acid into charged borate ions,31 in order to enhance or bypass low water-solute selectivi-

ties, increasing both capital and operating costs of the separation. A related challenge is

an inability to separate out specific solutes, i.e. solute-solute selectivity,40 which impedes

resource recovery efforts. Another issue that plagues membrane technologies is fouling of

membrane surfaces, which occurs when solutes adsorb to pore walls or other membrane

interfaces, leading to a reduction in permeability, or throughput, over time.41,42

Modification of membrane surfaces has shown promise for addressing these challenges.

For instance, chemical functional groups (Fig. 1.1c) at a surface can alter the surface’s

propensity to foul28 or can tune affinity to specific solutes.43 Such work has largely

been based on empirically informed heuristics, for instance that smooth, hydrophilic,

non-hydrogen-bonding surfaces generally resist fouling,44,45 without an understanding

of molecular-level mechanisms. While these heuristics have been useful in developing

current membranes, future development of precisely tuned surfaces that can transform

highly contaminated water into fit-for-purpose water with high selectivity will likely re-

quire optimization of a combination of surface functionalities,46 where, for instance, some

functionalities contribute antifouling properties while others are tailored for solute se-

lectivity. Design of these multifunctional surfaces requires optimization of chemistries

(which groups to use), compositions (surface density of each group), and placement (ar-

4
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rangement of the groups at the surface, if tunable), a large design space that has not been

widely searched31 and is thus poorly described by current heuristics. A computational in-

verse design approach, whereby simulations are used to intelligently screen combinations

of functionalities, could instead be used to suggest new membrane materials.47 These

new materials can then be synthesized and tested, and can also (especially if they are

non-intuitive) suggest novel mechanisms for surface-modulated behaviors of water and

solutes, contributing to an enhancement in the fundamental understanding of aqueous

interfaces. This last possibility is a particular advantage of model-driven exploration,

which can reach underexplored and poorly understood regions of the design space. In

contrast, making iterative improvements on an existing material traverses a relatively

smaller, local region.3

Improvements in the molecular-level understanding of interactions at membrane inter-

faces may also aid the design of solutes and surfaces in other systems involving aqueous

interfaces, such as antifouling and antimicrobial coatings, molecular sensors, and pro-

tein ligands. While aqueous interfaces are ubiquitous and widely studied, we still lack

predictive rules for how water and solutes interact with chemically and topologically het-

erogeneous surfaces. One factor complicating these interactions is the delicate balance

between water’s unique hydrogen bonded structure and the conventional liquid-like struc-

ture exhibited by most other solvents.48 As a result, the thermodynamics of interfacial

water are dependent on the size and chemistry of the structure it is solvating. Around a

small hydrophobe (< 1 nm), water can retain, on average, four hydrogen-bonded neigh-

5
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bors by forming a cage-like structure around the hydrophobe, a restriction that results

in an entropic penalty of solvation. In contrast, water that solvates a large hydrophobe

(> 1 nm) loses, on average, one hydrogen-bonded neighbor, and hence there is an en-

thalpic penalty of solvation.49 These distinct thermodynamic responses determine the

driving forces for water-mediated solute-solute and surface-solute interactions,50 forming

the basis of correlations observed between hydration water thermodynamics and func-

tional properties. Water’s thermodynamic behavior at protein surfaces, for instance, has

been shown to be predictive of binding sites.51,52

Unfortunately, hydration water’s thermodynamic behavior remains difficult to pre-

dict. The length-scale dependence of solvation is disrupted by the introduction of solute-

water interactions,53,54 and complicated by solutes with non-trivial topologies,55 to which

water may exhibit both small and large-lengthscale responses. Analytical models remain

suited only to idealized solutes,56 with only simple perturbations to their topology57 or

chemistry,58 and simulations to compute hydration free energies rely on expensive en-

hanced sampling methods.59,60 A promising direction is the establishment of correlations

between thermodynamic hydration metrics and water’s structural or dynamical behav-

ior, which is less computationally expensive to compute.61–65 Additional work to extend

such correlations to realistic systems with both chemical and topological heterogeneity

is needed.

Classical atomistic molecular dynamics (MD) is especially suited to providing in-

sight into surface-modulated water and solute behavior at the nanoscale. Atomistic MD
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takes, as input, parameters describing the forces that the atoms in a system exert on

each other and propagates these dynamics to provide the trajectory of each atom in the

simulation.66 Such resolution is necessary because existing continuum models cannot de-

scribe the complex interfacial behavior affecting water transport at membrane surfaces

and under confinement.67,68 Surfaces affect local water and solute structuring, leading

to molecular-scale fluctuations in the density profile,69,70 and invalidating the typical

assumptions used to develop continuum models of flow through a pore, for instance.

Classical atomistic MD can easily access (a few days on a single GPU) timescales of up

to hundreds of nanoseconds and lengthscales of up to 10 nm.71 These scales are con-

venient to access both the perturbations in water structure due to a surface (around 1

nm),70 as well as the influence of a surface on water transport (water’s diffusivity is on the

order of 0.1 Å2/ps,61 giving a characteristic timescale of 100 ps for a nanometer-scale sur-

face). Enhanced sampling methods, such as expanded ensemble and umbrella sampling

can be applied to study systems or phenomena with longer characteristic timescales (e.g.

molecular isomerization or solute-surface binding and unbinding), as will be discussed in

this dissertation. In contrast, ab initio methods are typically limited to (again, assuming

a few days on a single GPU) tens of picoseconds and systems less than 2 nm in size,72

making such investigations intractable, especially as part of an iterative inverse design

procedure.

While simulations can examine idealized surfaces, validation of these simulations and

facile application of the design rules established from simulations requires a synthetically
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accessible materials system. Since we are interested in studying the effects of chemical

heterogeneity, this system must also be precisely tunable. A class of molecules satisfying

these requirements are polypeptoids, which are peptide-like polymers that can be synthe-

sized sequence-specifically with a wide variety of chemistries73 and tethered to surfaces

to modulate surface chemistry.74 Interest in polypeptoids has grown only recently,75 and

thus they have significant untapped potential as a platform for examining the relation-

ship between chemical patterning and local water and solute behavior. We will perform

such investigations in the middle sections of this dissertation, and then circle back to

demonstrate how inverse design methods may be applied to peptoid sequence design.

1.2 Overview

This dissertation first demonstrates a proof-of-concept study of the use of an inverse

design workflow to identify chemical patternings of a model nanopore that optimize

rejection of a small, neutral solute (Chapter 2). The genetic algorithm automates the

discovery of non-intuitive patterns that improve rejection, enabling a targeted assessment

of the design space that both confirms the findings of the genetic algorithm and proposes

an underlying mechanism for the observed behavior. This first study illustrates how such

automated design workflows may lead to insights into nanoscopic solute behaviors at

surfaces. In the next chapter, we demonstrate a significant improvement to the inverse

design workflow by recasting the design problem in a lower-dimensional design space and

utilizing an active learning approach (Chapter 3). We use this approach to investigate

8
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the combined effect of chemical and topological (i.e. surface “roughness”) patterning on

solute rejection.

In order to translate these workflows to an experimentally accessible platform, we

validate a model and simulation methodology for polypeptoids in collaboration with ad-

vanced experimental characterization techniques (Chapter 4). This type of detailed val-

idation of conformational distributions, as opposed to single average quantities, is novel

for polypeptoids, and provides confidence in the methods used in subsequent chapters.

Next, we demonstrate that changes in polypeptoid sidechain chemistry tune its hydration

water structure and dynamics, even in dilute solution (Chapter 5). These trends sug-

gest that water responds differently to these molecular surfaces compared to idealized,

extended surfaces. We then show that polypeptoid brush surfaces also give very different

hydration behaviors compared to ideal surfaces (Chapter 6). These hydration behaviors

are related to changes in small-molecule affinity for these surfaces, providing insight for

the design of antifouling coatings.

Characterization of these surfaces points to the underlying complexity of solute-

surface interactions and realistic membrane interfaces; both chemical and topological

patterning affect hydration and water-mediated surface-solute interactions in correlated

and poorly understood ways. We end by exploring one additional complexity, which is

that chemical patterning can modulate topology by changing the conformation of the

polypeptoid chain (Chapter 7). We again apply the inverse design workflow to show that

sequence can be tuned to target specific conformational behaviors.
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Chapter 2

Inverse design of pore wall

chemistry to control solute

transport and selectivity

Adapted with permission from ACS Cent. Sci. 2022, 8, 12, 1609–1617. Copyright 2023

American Chemical Society.

2.1 Introduction

The in silico inverse design of materials has long been a goal of computational mod-

eling, promising accelerated materials discovery combined with reduced experimental

cost. While system size and complexity have challenged earlier efforts, modern hard-

ware and algorithms have given rise to many recent successes in the optimization of
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chemical functionalities. These efforts span a wide range of materials, from the de-

sign of small molecules,76,77 molecular complexes,78 and functionalized interfaces61,79 to

self-assembling colloidal80 and polymeric systems.81 In some cases, existing structure-

property relationships or learned empirical models simplify navigation of design space.

Often, however, such models are inadequate or nonexistent, and molecular simulations

are required to predict material properties, greatly increasing the computational expense

of these design efforts. Soft material systems involving solution phases pose particularly

difficult design problems, where the difficulty can be due to significant chemical het-

erogeneity, the diversity of interactions (excluded volume, electrostatic, van der Waals),

and the emergence of complex driving forces involving entropies, such as hydrophobic in-

teractions, that necessitate atomistic-level fidelity and long simulation timescales. Such

systems often involve very large design spaces that are not easily enumerable or navigable,

as they lack obvious order parameters along which optimization can proceed, presenting

additional challenges. There is therefore a pressing need for soft material optimization

approaches that make efficient use of generated simulation data, such as by incorporating

on-the-fly learned models.82

A particularly important complex class of materials that encompasses these chal-

lenges, and is a major opportunity for computational soft materials design, is water

purification membranes. In this work, we demonstrate an inverse design approach to

design the chemical functionality of a nanopore wall to optimize solute rejection in wa-

ter separation membranes. We establish an optimization workflow coupling molecular
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simulations and machine learned surrogate models and demonstrate its capabilities for

complex soft material problems. We furthermore demonstrate how algorithm-generated

materials can educe novel and unintuitive design rules to guide synthetic efforts and ad-

vance the fundamental understanding of the relationship between surface chemistry and

the transport properties of water and solutes.

Water scarcity will become an increasingly pressing issue in the coming decades.83

Energy security is intimately linked to the sustainability of current water resources,17

and thus efficient water treatment processes are crucial for employing alternative lower

quality water sources. The maturity of membrane technologies for low-energy, reliable

treatment of seawater through reverse osmosis has led to its widespread adoption for de-

salination84,85 and utility for water reuse and other advanced water treatment systems.86

However, membranes are not yet capable of economically treating highly impaired wa-

ters, such as oilfield produced water, currently an enormous wastewater stream on the

order of 2 billion gallons per day.87 The development of membrane separation processes

providing energy efficient routes to converting such highly contaminated sources into

“fit-for-purpose” water26 (e.g. for irrigation, stream flow augmentation, power) as well

as recovering valuable resources from these waste streams remains a grand goal,31,88–90

but is hindered by key challenges associated with the concentration and broad chemical

variety of contaminants. For instance, the separation of small, charge-neutral solutes

is particularly difficult for current membranes that leverage charge and size separation

mechanisms.31 One exemplary solute is boric acid. While the world health organization
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guidelines recommend drinking water concentrations of less than 2.4 mg/L of boron,91

water reuse for agricultural irrigation of most crops requires even lower concentrations (¡

1 mg/L).92,93

Biology provides inspirational design considerations. Transmembrane proteins, such

as aquaporin94 and potassium ion channels,95 achieve impressive permeability and selec-

tivity through nanoscale confinement and precise arrangement of protein side-chain func-

tional groups within the pores, shaping the chemical and topological landscape through

which water and solutes transport. A number of efforts have made progress along this

direction in synthetic systems.46 Nanochannels such as carbon nanotubes can exhibit

unique96,97 and ultrafast transport of water,98,99 where the strength of the wall-water

interaction modulates water transport.100 Functionalizing the pore also affects water

adsorption101 and flux102 and modulates solute rejection,103–107 depending on the func-

tionalization chemistry. Previous studies have also demonstrated that the location of

the functional groups affects water behavior101,102 and solute transport.108 However, a

critical knowledge gap is understanding the potential impact of patterning pore surfaces

with more than one type of functional group on engineering solute rejection and selec-

tivity for the large class of neutral small-molecule solutes. The presence of more than

one chemistry at a surface exponentially expands the design space. Indeed, previous

computational work has shown that both the number and arrangement of chemical func-

tional groups at an extended surface can significantly tune the surface affinity of model

solutes,79 as well as the local diffusivity of water.61 Design rules and strategies to iden-
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tify optimal, heterogeneous chemistries are largely unknown and would have implications

beyond water filtration membranes to other chemically heterogeneous surfaces, such as

porous adsorbents, catalytic surfaces, and antifouling interfaces, as well as heterogeneous

macromolecules such as proteins and sequence-defined polymers.

In this work, as a case study, we focus on rejection of a neutral solute, boric acid,

and demonstrate a novel workflow to precisely tune membrane pore wall spatial chem-

istry to enhance solute rejection. While Edisonian approaches in the membrane commu-

nity have identified important heuristic membrane material characteristics affecting e.g.

fouling28,109 and solute uptake,110–113 such approaches only skim the large design space

associated with multifunctional chemistries. Instead, here we describe a computational

inverse design workflow that optimizes the relative transport of water over boric acid,

merely by patterning nonpolar methyl and polar hydroxyl groups tethered to a model

pore. This proof of concept demonstrates the potential of computational materials dis-

covery in uncovering the existence of non-intuitive, heterogeneous pore wall chemistries

that enhance solute rejection. In particular, the optimization workflow suggests that

pores with rings of hydroxyl groups pose selective barriers to boric acid transport over

water, suggesting a new class of materials to explore for water separations. Based on

these computationally designed pore surfaces, we identify a mechanism behind the en-

hancement in boric acid rejection captured by a simple, predictive analytical model. We

then demonstrate that the optimal pore design gives enhanced selectivity for a range of

other solutes that vary with respect to polarity, hydrogen-bonding capability, and surface
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affinity, suggesting the generality of the proposed mechanism.

2.2 Methods

2.2.1 Simulation models

To model an ideal nanopore with tunable pore wall chemistry, we simulate a (16,0)

zig-zag single-wall carbon nanotube (CNT) with nonpolar methyl and polar hydroxyl

functional groups directly tethered to the interior of the pore. At smaller radii, the

diffusivity of water inside the pore decreases rapidly due to strong confinement effects

(Fig. A.1a), consistent with experimental work on water in porous silica showing an

enhancement in water network structures with decreasing pore size.114,115 We thus choose

a slightly larger radius of 1.25 nm, for which water reaches its bulk density in the middle

of the pore (Fig. A.1b), in order to focus on the effects of surface chemistry as opposed

to confinement, since confinement can significantly alter water and solute behavior in

nanoporous environments.116–118 The functional groups are placed every 4 carbons (Fig.

A.2) to achieve a surface density of 0.21 nm2/group, comparable to the surface density

for realizable functionalized surfaces, such as self-assembled monolayers.119 We obtain

nonbonded forcefield parameters for the CNT and functional groups from Ref. [120].

Section A.1.3 describes the bonded parameters in more detail. Parameters for water are

from the TIP3P water model121 and those for boric acid are based on the classical model

parameterized in Ref. [122] (section A.1.3). Section A.4.5 describes the parameters for
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the other solutes examined.

To compute transport properties of water and boric acid through the pore, we simulate

an “infinitely” long nanopore (Fig. 2.1b) with 16 rows of carbon atoms, yielding a pore of

length 3.4 nm with 128 functional groups, allowing a diverse set of patterns. To compute

water and solute densities inside the pore, we first simulate a “finite” pore in between

two water reservoirs bounded by graphene sheets (Fig. 2.1b, details in section A.1).

We model all systems using the OpenMM simulation engine.71 Electrostatic interactions

are computed using particle-mesh Ewald. Lennard-Jones (LJ) nonbonded interactions

are cut off at 10Å. Hydrogen bonds are constrained with SHAKE123 and water is kept

rigid with SETTLE.124 We perform an energy minimization before all simulations. We

use Langevin dynamics with a timestep of 2 fs, a temperature of 298 K, and a friction

coefficient of 1 ps−1. For NPT simulations, we use an anisotropic Monte Carlo (MC)

barostat that only adjusts the box size in the axial direction, with 200 fs between MC

moves to set the pressure to 1 bar. All carbon atoms in the nanotube and graphene sheets

are fixed during the simulation. More details, including the lengths of the equilibration

and production stages for each simulation, are given in section A.1.4.

2.2.2 Finite nanopore simulation

For all simulations with the finite pore, we restrain the boric acid molecule so that it stays

within the nanopore (section A.1.5). To determine the partition coefficient of boric acid,

we first compute its free energy of solvation inside the pore via an expanded ensemble
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simulation where the boric acid LJ ϵ parameters and partial charges are slowly turned

on in several distinct states. The procedure is similar to that in Ref. [79] except that

an additional restraint keeps boric acid inside the pore (section A.1.5). The free energy

of solvating boric acid, ∆G, is the difference between the states in which the boric acid

molecule is fully on and off, which we compute using MBAR.125,126 We then compute

the partition coefficient, K, from K = K0 exp[−(∆G − ∆G0)] where ∆G0 = −3.4kBT

and K0 = 8.0 are reference values computed from an unbiased simulation of the fully

methylated pore (section A.1.6).

2.2.3 Infinite nanopore simulation

To probe the diffusivity of water and boric acid, we compute the axial mean squared

displacement for the water oxygens and boron atom and extract the diffusivities from

the slope of the MSDs. To compute the nonequilibrium flux of water and boric acid

under an applied pressure gradient, we add a constant acceleration to each water and

boric acid atom such that the pressure gradient is 12 MPa/nm. In this regime, water flux

remains linear with pressure gradient (Fig. A.9), allowing extrapolation to lower, more

realistic gradients. We run a simulation with the applied pressure gradient and compute

the total net displacements of the water oxygens and boron atoms in the axial direction.

The in-pore flux is the displacement divided by the length of the simulation, the volume

of the pore, and the number of molecules. This “flux” calculation measures the rate at

which individual water or solute molecules move through the pore and does not have a
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direct contribution from their densities in the pore, which is convenient for separating

the effects of pore wall chemistry on partitioning into the pore and transport through

the pore. To obtain metrics that combine both effects, we compute the permeability

by multiplying the partition coefficient by the computed in-pore flux, pore volume, and

bulk water density, and dividing by the pressure gradient. We compute the selectivity

from the ratio of the product of the partition coefficient and in-pore flux for water and

boric acid, and then divide by the approximate mole fraction of boric acid in seawater,21

approximately 1.4× 10−6.

2.2.4 Genetic algorithm structure

The genetic algorithm, depicted in Fig. 2.1c and in more detail in Fig. A.10, follows the

general procedure established in Ref. [79] but is used here to find the arrangement of

128 hydroxyl and methyl groups that optimizes the difference between water and boric

acid flux. We perform two genetic algorithm runs, one in which the number of surface

hydroxyl groups is fixed at 32 (“fixed fraction”) and one in which it is free to vary (“vary-

ing fraction”). Both runs begin with 5 generations of randomly generated patterns. For

the fixed fraction run, we generate initial patterns by randomly choosing 32 sites for the

hydroxyl groups. For the varying fraction run, the number of hydroxyls is randomly cho-

sen at a given hydroxyl fraction spanning 0 to 1. We then quench these initial randomly

generated patterns to minimize the pattern entropy, creating a more feature-diverse set

of motifs (Fig. A.13) to initialize the algorithm, improving its convergence. Here, the
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pattern entropy is Spat = −
∑512

i=1 Pi logPi where Pi gives the probability (fraction) of

3 × 3 subsections with a given pattern among all 512 distinct 3x3 motifs (see section

A.2.1 for details). In the genetic optimization runs, the initial “random” generations

are followed by a subsequent set of maximization generations where the flux difference is

evaluated from molecular dynamics (MD) simulations, as described above. Because the

simulation-evaluated flux differences are computationally expensive, we fit a surrogate

model to the initial simulated generations to predict the flux difference based on a linear

combination of 22 pattern features, chosen to elucidate various spatial correlations in the

arrangement of the functional groups (section A.3.1). We then rapidly iterate over many

generations using the surrogate model, followed by additional generations with explicit

MD evaluation of the best candidates, and finally additional surrogate-model-evaluated

generations with a retrained surrogate model. Table A.3 gives the number of generations

in each stage. Because the varying hydroxyl group fraction case explores a much larger

pattern space, we increase the number of generations compared to the fixed fraction run.

2.3 Results and Discussion

2.3.1 Genetic algorithm optimization

Our basic question is: to what extent can surface chemical patterning be leveraged to

optimize the relative transport of water versus neutral solutes in a pore? Here, we use

boric acid as a model solute, which is difficult to separate due to its small size and charge
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neutrality at neutral pH, and we consider nanopores of varied hydrophobic/hydrophilic

content, tuned by patterning the interior of a carbon nanotube with hydroxyl and methyl

functional groups (Fig. 2.1a). To compute transport properties of water and solutes in-

side the pore, we first simulate a “finite” pore attached to a water reservoir to equilibrate

the density of water inside the pore, and then simulate an “infinite” pore with the same

density (Fig. 2.1b), from which we compute water and boric acid transport metrics,

such as equilibrium diffusivity and non-equilibrium, pressure-driven flux (details in sec-

tion 2.2). To assess the potential of chemical patterning to enhance pore transport of

water relative to boric acid, we use a bio-inspired evolutionary or genetic algorithm (Fig.

2.1c) that identifies arrangements of methyl and hydroxyl functional groups on the pore

wall that optimize the difference between the computed water and boric acid fluxes. To

accelerate the optimization, we employ a machine-learned surrogate objective function

trained on prior explicitly simulated patterns to predict the flux difference, which is

periodically retrained with additional batches of explicit molecular dynamics (MD) cal-

culations. The model allows exploration of orders of magnitude more generations than is

possible with MD alone due to computational expense. Because we use a linear model in

the feature space, the surrogate model also serves to average out statistical noise from the

MD-computed flux, giving the genetic algorithm robustness to uncertainty (Fig. A.14).

This optimization approach detects novel functionalization strategies: Fig. 2.2 shows

the trajectory of the flux difference versus number of generations for genetic algorithm

runs (a) fixing the hydroxyl group fraction at 0.25 (32 hydroxyl groups) and, (b) allowing
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Figure 2.1: (a) The model nanopore system allows for precise patterning of nonpolar methyl
groups and polar hydroxyl groups along the CNT backbone. For ease of visualization, we present
the flattened pore patterns, with blue triangles representing methyl groups and red circles
representing hydroxyl groups. (b) We first simulate the finite pore to compute the density
of water, which we then set in the infinite pore to compute water and boric acid transport
properties. (c) A genetic algorithm incorporating MD simulations and a learned surrogate
function allows for automated identification of pore wall chemical patterns optimizing pore
transport properties.

the hydroxyl fraction to vary. Both trajectories span a large range of flux differences and

thus demonstrate that chemical patterning can be tuned to enhance solute rejection.

The optimal pattern found at fixed hydroxyl fraction contains two nearly perfect rings of

hydroxyl groups (shown in the 2D schematic as rows), while the variable hydroxyl case

with a much larger search space identifies an optimal pattern that contains a single ring of

hydroxyl groups. The optima suggest that rings of hydroxyl groups inside the nanopore

particularly inhibit boric acid transport with respect to water transport, a non-obvious
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result. Patterns that include these features are not identified in the first set of simulated

generations, showing that the surrogate function is key to exploring a sufficiently large

number of generations to identify these optimal motifs.

Figure 2.2: Genetic algorithm trajectories maximizing the difference between water flux and
boric acid flux for (a) fixed hydroxyl group fraction and (b) varying hydroxyl group fraction
show optimization to surfaces with rows of hydroxyl groups. Each marker corresponds to a
pattern discovered by the genetic algorithm. The simulated generations are shown as green
stars and the surrogate model-driven generations as black circles. The inset patterns show
the optimal patterns found after (1) the first set of simulated generations, (2) the first set of
model-driven generations, (3) the second set of simulated generations, and (4) the second set
of model-driven generations. The red line shows the maximum value of the objective function
at each point in the optimization (the cumulative maximum value).

The surrogate model is key to enabling high-throughput optimization. We find that

it only needs to maintain accuracy in predicting the flux difference of patterns similar to

those currently explored by the genetic algorithm (“local” in pattern space) to enhance

performance, with periodic retraining through new MD simulations ensuring its ongoing

relevance. Fig. A.15 shows that the linear model is indeed able to fit the “training”

data (a single set of explicit MD simulations) well, suggesting good local accuracy. The

model also predicts the flux difference of patterns outside of the training set qualita-
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tively well, giving accurate directional trends, which is the key requirement to advance

the genetic algorithm. The quantitative accuracy is also reasonable given the statistical

uncertainty associated with the MD simulations (Fig. A.15). Beyond the linear model,

we find that neural-network-based surrogates do not perform significantly better (Fig.

A.16) and furthermore require more extensive hyperparameter selection, while sacrific-

ing interpretability. We instead take advantage of the interpretability of simpler models

(specifically, LASSO and random forest regression) to compute feature importance met-

rics demonstrating that spatial correlations of hydroxyl groups along the pore axis and

circumference, and especially rows of hydroxyl groups, are the most important features

for the regression (Table A.4), reinforcing the idea that these motifs are significant.

2.3.2 Rationally designed patterns suggest mechanism for boric

acid rejection

Inspired by the genetic algorithm results, a rational exploration of the effect of pore

patterning on water and solute transport reveals a rich design landscape. Fig. 2.3

visualizes this design space, by showing the (a) water flux and (b) boric acid flux as a

function of hydroxyl fraction in regularly patterned pores (Table A.5), chosen as idealized

versions of the motifs identified from the genetic algorithm-discovered patterns (Fig.

A.17). Fig. 2.3a clearly illustrates that pore wall chemistry significantly modulates

water transport: increasing the number of hydroxyl groups generally reduces water flux,

with the fully methylated and fully hydroxylated pores capturing the extreme cases with
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an approximately 4-fold difference in flux. However, even at a fixed fraction of hydroxyl

groups, the specific pattern of the groups also significantly affects transport: for instance,

patterns with a hydroxyl group fraction of 0.25 span a 2-fold change in flux difference.

In contrast, previous work that “patterned” a CNT with chemically-unspecific LJ sites

of varying wall-water interaction strengths revealed that functional group arrangement

did not affect water flux.127 This present study thus suggests that functionalization with

chemically-specific moieties involving e.g. hydrogen bonding interactions is required to

observe pattern-dependent trends, consistent with previous work showing the dependence

of water diffusivity on surface patterning.61

In particular, the patterns with the hydroxyl groups in a single patch spanning the

pore axis (orange triangles) lead to maximal water flux out of all patterns examined, while

those that disperse the hydroxyl groups (blue circles) produce minimal flux; intermedi-

ate behaviors are seen from patterns with hydroxyl groups arranged in multiple, smaller

patches (green diamonds). The diffusivity of water in these pores from equilibrium sim-

ulations recapitulates the same nonequilibrium flux trends (Fig. A.19). These behaviors

are consistent with earlier observations at extended self-assembled monolayer surfaces in

which both increasing the number of hydroxyl groups and dispersing them more evenly

across the surface lead to a reduction in surface water diffusivity.61 More broadly, the

pattern-dependent trends follow similar findings for water near surfaces where increased

dispersion of polar sites leads to reduced surface hydrophobicity, which manifests as re-

duced water density fluctuations,128,129 reduced tendency to dewet,130–132 and reduced
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solute affinity.79

Figure 2.3: The pattern of methyl and hydroxyl groups has a significant effect on the flux of
(a) water and (b) boric acid in nonequilibrium simulations and on (c) the diffusivity of boric
acid in equilibrium simulations. For each panel, the orange triangles represent patterns with a
“single patch” of hydroxyl groups, spanning the pore axis, while the blue circles represent “fully
dispersed” patterns (examples in the inset of (a)). The green diamonds represent other patterns
where the hydroxyl groups form smaller patches (“patchy”). Two examples of such patterns
are shown in the inset of (b). These patterns also show lower boric acid flux compared to the
fully dispersed patterns. The inset also includes a schematic of the periodically varying free
energy landscape used in the analytical model to predict the reduction in boric acid diffusivity
in the ringed pores. In panel (c), the green diamonds are only shown for patterns with rows of
hydroxyl groups. The dashed line shows the analytical prediction described in the text based
on a model of the periodic free energy landscape depicted in the inset of (b).

Fig. 2.3b’s design space for boric acid shows that pore wall chemistry generally

affects its transport similarly to water; however, the patterns that minimize boric acid

transport for a given hydroxyl fraction are not fully dispersed but instead contain rows
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of hydroxyl groups (Fig. 2.3b inset). These motifs use rings of hydroxyl groups to reduce

boric acid flux relative to water (Fig. A.18), rationalizing the optimal surfaces located

by the genetic algorithm. For the ringed pores (Fig. 2.3b inset), boric acid flux is less

than half that of water, a reduction that is sufficient to reduce boric acid concentration

in seawater (4.5 mg/L)92 to the target concentration for drinking water (2.4 mg/L).91

We note, though, that treating groundwater, which can contain higher concentrations of

boric acid, or achieving a lower target concentration for irrigation water would require

recycling.

To understand the origin of this unique behavior, we hypothesize that two mecha-

nisms are important: (1) boric acid strongly partitions to the hydrophobic, methylated

regions of the pore wall, and (2) it is then forced to “hop” over the hydroxyl rings, with

an energy barrier determined by rearrangements to the hydrogen bonding network. Boric

acid, while highly nonpolar, shows affinity for methylated wall sections of the pore due

to its small size; earlier simulation results demonstrate that water drives boric acid to

methylated surfaces as a way to minimize the penalty associated with water restructuring

around the solute in bulk solution distant from the interface.79 To assess this hypothesis,

we compare measurements of diffusivity from equilibrium simulations to predictions of

an analytical model from Ref. [133] that describes the 1D diffusive transport of a par-

ticle (here, boric acid) in a periodic energy landscape (Fig. 2.3b, inset). We estimate

the height of the free energy barrier from moving between methylated sections (across

hydroxylated sections) to be 2.4kBT , based on the partition coefficients of boric acid into
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fully methylated versus fully hydroxylated pores. The periodicity of the landscape is

then set by the geometry of the pattern, i.e. the number of methylated and hydroxylated

rows (details in section A.4.4). We combine this prediction with a simple exponential de-

cay that describes the background reduction in diffusivity due to surface hydroxyl group

fraction (section A.4.4). The resulting model then predicts boric acid diffusivity (Fig.

2.3c, dashed line) in agreement with equilibrium simulations for pores with various ar-

rangements of rows of hydroxyl groups. This mechanism is consistent with earlier work

on the reduction in water dynamics in rough versus smooth pores, concluding that the

primary mechanism is the creation of a rough energy landscape.134

At higher fractions of hydroxyl groups (0.50 and 0.75), not all patterns with rows

of hydroxyl groups agree with the analytical prediction. We hypothesize that at least

two consecutive rows of methyl groups are required to produce an effective hydrophobic

surface environment, as previous work has shown that polar groups affect local water be-

havior near adjacent methylated regions130 such that isolated methyl groups have little

effect on local water behavior.129 Consistent with this hypothesis, the patterns show-

ing the largest deviations from the analytical model each contain isolated single rows of

methyl groups. At lower hydroxyl group fraction, the agreement between the analytical

model and MD diffusivities is consistent with the proposed hopping mechanism, reinforc-

ing this potential route to inhibiting solute transport while maintaining water transport.

These observations underscore the relevance of non-additive, context-dependent interac-

tions to the design of hydrated systems. Here, the arrangement of hydroxyl groups affects
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solute transport, independent of the average density of the hydroxyl groups and even be-

yond basic characterizations of pattern (i.e., degree of clustering), thus demonstrating

behaviors that are highly non-linear on a nanoscopic scale.

Transport through the pore is not the sole factor affecting membrane performance.

Water and solutes must first partition into it: both the number and arrangement of

hydroxyl groups affects water and boric acid partition coefficients (Fig. A.8). While

patterns with more hydroxyl groups or dispersed hydroxyl groups lead to enhanced wa-

ter partitioning and reduced boric acid partitioning and flux, they also produce reduced

water flux, suggesting a tradeoff between permeability and selectivity, a commonly ob-

served relationship for other membrane materials that captures how improvements to

solute rejection tend to be at the expense of reducing throughput.110 This tradeoff is

a key challenge for membrane design efforts. To assess this behavior, we compute the

permeability from water’s partition coefficient (tendency to go into the pore) multiplied

by its in-pore flux (transport once inside the pore). We compute the selectivity from

the ratio of the permeability of water to that of boric acid. The calculated permeability

and selectivity values generally reinforce the tradeoff: for instance, water permeability

increases from the fully hydroxylated pore (0.7034 mol-nm/cm2-s-MPa) to the pore with

an equal number of hydroxyl and methyl groups arranged in single, axial patches (Fig.

2.1a) (1.3004 mol-nm/cm2-s-MPa), and again to the fully methylated pore (2.8668 mol-

nm/cm2-s-MPa). However, selectivity for water over boric acid decreases along that same

series (571 × 104, 9.32 × 104, 5.83 × 104). Beyond these specific patterns, randomly gen-
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erated pores also demonstrate this tradeoff (Fig. A.21). However, the optimal genetic

optimization patterns display improved permeability-selectivity behavior compared to

randomly patterned pores (Fig. A.21), suggesting that optimization of the flux differ-

ence may produce pattern motifs that address the permeability-selectivity tradeoff.

To further demonstrate the generality of these pattern motifs, we choose a diverse

set of other neutral solutes (phenol, benzene, isopropanol, ammonia, arsenous acid) to

simulate with several exemplar patterns. These solutes possess a wide range of affinities

to methylated and hydroxylated self-assembled monolayers (measured in Ref. [79]), as

well as a diverse set of surface hydrogen-bonding behaviors, as quantified by the average

number of hydrogen bonds formed with the fully hydroxylated pore (Table A.6). Out

of these solutes, phenol, benzene, and isopropanol similarly demonstrate enhanced water

flux relative to boric acid flux in pores with rings of hydroxyl groups (Fig. 2.4), suggest-

ing that the proposed mechanism may be broadly generalized to enhance the separation

of other solutes from water. Consistent with the proposed diffusive hopping mechanism,

there is a correlation between the enhancement in solute rejection in ringed pores and

the difference in affinity for methylated versus hydroxylated SAMs (Table A.6), as larger

differences in affinity raise the free energy barrier to move between ring-separated methy-

lated sections. For instance, ammonia, which has the lowest difference in affinities for

the methylated and hydroxylated surfaces, has the lowest relative water flux in the fully

methylated pore. Measures of affinity to homogeneous functionalized surfaces are thus

predictive of this effect of patterned functionalizations on solute rejection.
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Figure 2.4: Other solutes exhibit similar trends as boric acid in a selection of rationally
patterned pores. Benzene, phenol and isopropanol show maximal water flux relative to boric
acid flux in pores with rows of hydroxyl groups, while for ammonia and arsenous acid, the
optimal pattern is the fully methylated one. For the simulations with solutes besides boric acid,
we use the same workflow as described for boric acid except that the production simulations
in the infinite pore are run for 1 µs. The reported uncertainties are the standard error of the
mean from three independent simulations.

2.4 Conclusions

In this chapter, we demonstrate that pore wall patterning of nonpolar and polar func-

tional groups significantly affects the partitioning and transport of water and solutes and

offers new strategies to design pore chemistries. We show that inverse design algorithms

automatically identify unique, non-intuitive chemical patterning strategies and associ-

ated mechanisms that decouple and thus optimize the flux of water relative to solutes of

interest. Here, for example, we find that pores with higher rates of boric acid rejection

contain rings of hydroxyl groups. The underlying mechanism identified by the evolution-

ary optimization is unexpected: boric acid transport in optimal pores is well-described by

a periodic barrier-hopping process, whereby boric acid adsorbs at the methylated regions

of the pore wall and then must hop over hydrogen-bonding hydroxyl rings. These results
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suggest that leveraging functional groups to create a fluctuating free energy landscape

for a solute in a pore may be an important mechanism for enhancing solute rejection

at little cost to water permeability. More generally, this approach illustrates the use of

computational inverse design algorithms to design membranes and other interfacial sys-

tems to identify unique, non-obvious solutions that can then suggest theoretical models

for guiding design strategies.

Our specific results imply that as synthetic advances make multifunctional mem-

brane surfaces more accessible, inverse design procedures will be key to exploring the

larger design space. While direct functionalization of membrane surfaces with precisely-

patterned methyl and hydroxyl groups may not be currently feasible, lithographic tech-

niques with block copolymer assembly, as well as covalent or noncovalent functionaliza-

tion of nanochannels with biomolecules or polymers,106,135,136 may be promising routes

to introducing multiple chemistries at a pore surface. Surface-tethered sequence-specific

polypeptoids, which we study extensively in subsequent chapters, may also provide a

route to chemical functionalization of membrane interfaces. The actual design space

therefore potentially includes a large set of possible functionalities, much larger than the

two functionalities examined here. Beyond multi-functional pore walls, other possible ex-

tensions of this pore design problem include (1) varying the pore radius, as the difference

in solute and water affinity for the pore wall may offer a means to enhance water flux in

the bulk region of the pore while still relying on the pore wall to enhance solute rejection

and (2) varying the topology or “roughness” of the pore surface, which has been shown
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to modulate local water behavior. These expanded design spaces make the development

of automated design algorithms even more important, an area we will explore further in

the next chapter. Beyond membranes, workflows for the precise and efficient in silico

design of chemical patterns would be useful for identifying optimal antifouling surfaces

and directing biomolecular folding and assembly, among other applications.
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Chapter 3

Inverse design of pore wall

chemistry and topology

3.1 Introduction

In the previous chapter, we used an inverse design approach to demonstrate that changes

in the pattern of surface-tethered methyl and hydroxyl groups had an effect on the

rejection of boric acid through a nanopore. In this chapter, we explore whether changes

in the topology of the pore wall (i.e. its “roughness”), in addition to its chemistry, can

also modulate the transport of water and solutes.

The topology of a surface has been shown to influence hydrophobicity and solute

affinity, though the nature of such effects is dependent on the characteristic length-

scale of the surface roughness. “Superhydrophobicity,” for instance, is created by lay-
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ered micron-scale and nanometer-scale oscillations in surface topology, termed the lotus-

leaf effect.137,138 Reduction in tens-of-nanometer-scale surface roughness reduces colloidal

fouling.45 Experimental studies at smaller lengthscales are difficult to interpret due to

the difficulty of controlling and characterizing sub-nanometer-scale roughness. For in-

stance, while contact-angle measurements of self-assembled monolayers (SAMs) compris-

ing mixtures of short and long alkane chains suggested different behaviors compared to

single-component SAMs, X-ray photoelectron spectroscopy measurements showed that

the composition of mixed SAMs at the surface was not equivalent to the solution com-

position and also likely not at equilibrium.139

Simulations, on the other hand, can characterize surfaces with tunable roughness.

One common finding that has emerged is the enhanced hydrophobicity of concave pock-

ets. This is reflected in the behavior of water, which appears to be closer to vapor-liquid

equilibrium in such settings. For instance, water in a hemicylindrical carbon nanotube is

more compressible than near a flat, graphene surface.128 Water near crystalline polymeric

surfaces with sub-nm-scale indentations has higher interfacial free energy compared to

the planar surface.140 Cavitation between melittin dimers is attributed to the concave ge-

ometry of the dimer surface.141,142 Solute affinity is also enhanced near concave pockets.55

Even with the addition of strong surface-water interactions, water still dewets near rough

surfaces.143 An interesting counterpoint is the work by Van Lehn, Abbott and coworkers

on disordered versus ordered SAM surfaces, where the degree of order is primarily varied

by modulating the length of the alkane chain comprising the SAM, and shorter chains are

34



Inverse design of chemistry and topology Chapter 3

shown to result in more disordered SAMs. Atomic force microscopy measurements and

hydration free energy calculations suggest that surface hydrophobicity decreases with dis-

order in these SAMs.144–146 The authors suggest that water embeds itself in the pockets

created by the disordered SAMs, locally pinning the SAM-water interface and reduc-

ing the surface’s hydrophobicity,145 similar to how a single polar group in an otherwise

nonpolar surface significantly reduces the hydrophobicity of the surface.128

The distinct trends in hydrophobicity between disordered SAMs and other rough

surfaces may stem, again, from differences in the lengthscale of roughness and whether

water can preserve its hydrogen-bonding structure near the surface topology. Although

the agreed upon crossover between water’s response to “small-lengthscale” hydrophobes,

around which its hydrogen-bonding network is preserved, and “large-lengthscale” hy-

drophobes, which disrupt the hydrogen bonding network is 1 nm,56 the precise geometry

of the surface features may shift this crossover length. Van Lehn and coworkers, for in-

stance, observed enhanced tetrahedrality, a signature of small-lengthscale behavior, near

disordered SAMs compared to ordered SAMs.144 Other computational studies have also

observed enhanced tetrahedrality near silica surfaces that are made more “rough” via ad-

sorption of benzene molecules.147 In contrast, the geometry of the surfaces in studies that

observe enhanced compressibility of water may be such that it disrupts the hydrogen-

bonded network, leading to large-lengthscale behavior. Thus, roughening a surface may

lead to either enhanced large-lengthscale structural response of water and enhanced sur-

face hydrophobicity, or enhanced small-lengthscale structural response and diminished
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surface hydrophobicity. Additionally, realistic surfaces likely exhibit a complex interplay

between small and large lengthscale water physics, which is poorly understood compared

to the picture now established for idealized solutes and surfaces.

To address this knowledge gap, it is important to understand the effect of surface

roughness and particularly the lengthscale of rough features on local water behavior. A

highly tunable platform for this study is the model nanopore system from the last chap-

ter, where we examined patterns of nonpolar methyl and polar hydroxyl groups directly

tethered to the pore wall and determined their effect on water and solute dynamics in

the pore. In order to add roughness to the nanopore wall, we will examine patterns that

include longer nonpolar ethyl and polar hydroxymethyl groups. These groups extend

further from the nanopore wall, creating a rougher pore-water interface. We will first

examine “rough” pores comprising only nonpolar groups (methyl and ethyl) or only polar

groups (hydroxyl and hydroxymethyl) in order to determine how the topology influences

water and solute transport independent of chemistry. However, chemical heterogene-

ity can have a non-intuitive effect on local water behavior and surface hydrophobicity,

especially when paired with topological heterogeneity.148 Thus, we next seek to deter-

mine whether chemistry and topology can work synergistically in modulating transport

through the pore, using an inverse design approach.

The previous chapter demonstrated the utility of a genetic algorithm in suggesting

non-intuitive pore patterns that exhibited extremal functional properties (in particular,

hindered boric acid transport). Importantly, the addition of a surrogate model that
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rapidly estimates the performance of a novel pattern based on the pattern alone signif-

icantly accelerated the genetic algorithm, allowing exploration of orders of magnitude

more patterns than would be possible without the model. However, exploration of pat-

terns with more than two headgroups exponentially expands the design space, such that

more efficient approaches are needed. In this chapter, we use an active learning approach

in order to efficiently search a lower-dimensional space of pattern descriptors. Such active

learning approaches have previously been similarly used to efficiently explore large and

complex design spaces.78,149–151 Here, we demonstrate the algorithm’s relative efficiency

compared to the genetic algorithm by performing the optimization of methyl-hydroxyl

patterns. We then use the algorithm to suggest non-intuitive patterns comprising methyl,

hydroxyl, ethyl, and hydroxymethyl groups.

3.2 Methods

3.2.1 Nanopore simulations

As in Chapter 2, we model an ideal, functionalized nanopore as a carbon nanotube

backbone to which we directly tether functional groups. The forcefield parameters used

to model the backbone along with the methyl and hydroxyl functional groups are given

in section 2.2 and Ref. [152]. In this chapter, in order to study the effect of pore wall

roughness, we expand the set of functional groups to include ethyl and hydroxymethyl

functional groups. We obtain parameters for these functional groups from the OPLS
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forcefield153 (details in section B.1). As in Chapter 2, we use a TIP3P water model121

and the boric acid model from Ref. [122].

Details of the simulation procedure for the nanopore are also given in section 2.2

and Ref. [152]. Briefly, in order to compute transport properties associated with a given

pattern of functional groups, we simulate a “finite” nanopore attached to two water

reservoirs and containing a single boric acid molecule to compute the equilibrium density

of water within the nanopore. We then simulate an “infinite” nanopore (connected to

itself by periodic boundary conditions) with the number of waters corresponding to the

equilibrium density in the finite pore, as well as a single boric acid molecule, and compute

transport properties such as a nonequilibrium flux under an applied pressure gradient.

Here, the finite pore simulation is run for 20 ns and the infinite pore simulation is run

for 200 ns (after initial equilibration periods, as described in Ref. [152]).

3.2.2 Active learning optimization

The genetic algorithm in Chapter 2 directly optimizes in the space of functional group

patterns. As a result, the design space is high dimensional and the design parameters are

discrete (functional group identity at each location). Both factors make the optimization

difficult. Here, we instead optimize in a low-dimensional, continuous space of functional

group “interaction” parameters. These parameters define an energy function that can be

minimized to obtain patterns. For instance, for patterns containing methyl and hydroxyl

groups, one such energy function could be:
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U(Nr, Na; Jr, Ja) = −JrNr − JaNa (3.1)

Where Nr and Na are the number of nearest-neighbor pairs of hydroxyl groups in the

“radial” (along rings of the pattern) and “axial” (along the pore axis) directions, and

Jr and Ja are the parameters defining the strength of these interactions. For instance,

positive and large Jr values imply that patterns with rings of hydroxyl groups are “ener-

getically” favorable. This energy function is in the spirit of an Ising model with distinct

directional interactions and zero external potential.

In a real system, these interactions between functional groups could dictate the self-

assembled structure of the surface and the resulting heterogeneous pattern displayed.

This approach can therefore directly suggest synthetic strategies, as opposed to patterns

that may be difficult to generate.

To optimize in this space, we utilize an active learning approach; a schematic for the

example 2-parameter (Jr, Ja) case is presented in Fig. 3.1. We initially choose random

values of (Jr, Ja), drawn using Latin Hypercube Sampling154 within chosen bounds for

each parameter. Here, we bound each J parameter by [−1, 1].

Using these values of (Jr, Ja), we then generate patterns that minimize equation

3.1 using a simulated annealing approach. Specifically, we first initialize the pattern

at the desired composition (i.e. number of hydroxyl and methyl groups) with a random

arrangement of hydroxyl groups. Then, randomly chosen hydroxyl and methyl groups are

swapped with each other. We accept swaps with probability P = exp[−β(Unew − Uold)],

where Uold and Unew are the values of the energy associated with the patterns before
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Figure 3.1: This schematic describes the active learning optimization procedure when the
design space comprises the parameters Jr and Ja in equation 3.1. Each iteration through the
cycle is considered a single “step.” The nanopore snapshot was created in VMD.155

and after the swap, and β = β∞[1 − C(−i/N)] where β∞ = 10, C = 0.95, N = 1000,

and i is the number of swaps attempted so far. This gives a continuously decreasing

“temperature” schedule. For each set of parameters, we generate two patterns. The

energy surface for these patterns has multiple local minima, so the simulated annealing

procedure can produce a variety of patterns. Generating multiple patterns for each set

of parameters provides information on the possible spread of objective functions.

We then create nanopores with the generated patterns and run simulations following

the methods outlined in section 3.2.1 to compute the flux difference between water and

boric acid. We fit a Gaussian Process Regressor (GPR) to the parameter-flux difference

data. The GPR is a non-linear regressor that predicts both an expectation and an

uncertainty, which can inform the choice of next parameters to simulate. Here, the GPR

predicts the flux difference at unsampled J = (Jr, Ja), providing both a “mean” estimate,
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µ(J), and a quantification of the uncertainty associated with the estimate, a standard

deviation, σ(J). For situations in which we can only run one simulation at a time, we

would then identify the parameter set, J, that maximizes the expected improvement:

EI(J) = (µ(J)− C∗)F (z(J)) + σ(J)f(z(J)) (3.2)

where z(J) = (µ(J)−C∗)/σ(J), C∗ is the largest flux difference for a pattern found so far,

F is the cumulative distribution function for the standard, normal distribution and f is

the density function for the standard, normal distribution. The expected improvement is

maximal at points with high estimated flux differences, µ(J), as well as high uncertainties,

σ(J). The algorithm thus chooses points that are expected to provide the largest increase

in flux difference compared to the current optimal.

In our case, we can run eight simulations in parallel on a single GPU node, so we need

to choose four candidate parameter sets (since we generate two patterns per parameter

set). To do this, we choose the first parameter set by maximizing equation 3.2 and we

choose the subsequent qth parameter sets by maximizing a modified “pseudo” expected

improvement156:

EIpseudo(J) = EI(J)

q−1∏
i=1

[
1− exp

(
−|J− Ji|2

)]
(3.3)

where Ji are the previously chosen parameter sets in this step. This penalizes parameter

sets that are close to those already chosen, such that the proposed new sets are not

repeats. For each J, two new patterns are generated using the simulated annealing

approach described earlier. We consider each iteration of the cycle shown in Fig. 3.1 to

be a single “step.”
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3.3 Results and Discussion

3.3.1 Pore wall topology affects water and solute transport

We first determine to what extent the addition of “roughness” to the nanopore wall

can perturb the transport of water and solutes. Here, we again use boric acid as a

model neutral, small-molecule solute of interest to water treatment efforts. To assess

the effect of roughness independent of chemistry, we simulate “fully hydrophobic” pores

with only methyl and ethyl functional groups, as well as “fully hydrophilic” pores with

only hydroxyl and hydroxymethyl functional groups. We arrange the longer ethyl and

hydroxymethyl groups in pattern types that were identified as extremal for the methyl-

hydroxyl patterns in Chapter 2, namely: single vertical patches, fully dispersed, and

rings.

Fig. 3.2 shows the flux of (a) water and (b) boric acid as a function of the fraction

of either ethyl or hydroxymethyl groups. In the nonpolar pore, both the composition

and arrangement of the pattern affect flux, as with the methyl-hydroxyl patterns in

Chapter 2. Specifically, water flux is highest in the homogeneous pores (only methyl

groups or only ethyl groups) and is approximately the same in both. There is a slight,

approximately linear decline in boric acid flux from the fully methylated to fully ethylated

pore, likely due to increased flexibility of the ethyl groups. The longer ethyl groups adopt

conformations that produce ring-like roughness down the pore that slightly inhibit boric

acid transport (Fig. B.2). When the ethyl groups are arranged in a single vertical

42



Inverse design of chemistry and topology Chapter 3

patch (orange triangles), their effect is minimal and both water and boric acid flux are

similar to the flux in the homogeneous pores. However, when the ethyl groups are fully

dispersed (blue circles), there is a minima in the flux of water at around 25% ethyl groups,

suggesting that the creation of a “rough” nanopore wall via protruding ethyl groups does

reduce water’s dynamics. This trend is roughly correlated with an enhancement in water’s

tetrahedrality near the pore wall (Fig. B.5), which peaks at around 50% ethyl groups.

Ref. [147] similarly found that roughening a silica surface by adsorbed benzene molecules

reduced local water dynamics due to increased water tetrahedrality. In Chapter 5, we will

also find a correlation between water’s dynamics and tetrahedral structure near molecular

surfaces. For fully dispersed patterns, the dependence of boric acid flux on the fraction

of ethyl groups is more complex and has multiple minima below and above 50% ethyl

groups; we hypothesize that the pattern at 50% ethyl groups uniquely creates “channels”

that enhance boric acid dynamics along the wall (Fig. B.3).

Rings of ethyl groups (green diamonds) also appear to uniquely inhibit boric acid

transport over water transport. Water flux in pores with rings is comparable to that in

the fully dispersed pore, suggesting that protruding ethyl groups have similar effects on

water dynamics whether they are dispersed or arranged in rings. In contrast, boric acid

flux in ringed pores is significantly lower than the flux in dispersed pores, especially for

pores with two rings of ethyl groups (dashed green line). Boric acid may thus follow a

similar “hopping” mechanism described in Chapter 2, where the functional group rings

create an energetic barrier that boric acid has to “hop” over in order to transport down
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Figure 3.2: (a) Water and (b) boric acid flux in pores with either only nonpolar (methyl and
ethyl, filled markers) or only polar (hydroxyl and hydroxymethyl, unfilled markers) functional
groups, as a function of fraction of either ethyl or hydroxymethyl (“long”) groups for patterns
where the long groups are arranged in a single vertical patch (orange triangles), a fully dispersed
pattern (blue circles), or rings (green diamonds). The ringed patterns contain either a single
ring (dotted green line) or two rings (dashed green line). Example patterns are shown for a few
selected compositions and arrangements.

the pore. Here the mechanism of the energetic barrier created by the ethyl groups is likely

distinct from that created by the hydroxyl groups (a hydrogen-bonded layer of water at

the rings).

In contrast, in the polar pores, the arrangement of the hydroxymethyl groups has a

much smaller effect on water and boric acid transport. There is a slight increase in water

flux with the fraction of hydroxymethyl groups, which may be related to the increased

flexibility of the hydroxymethyl group that leads to less structured hydration water (Fig.

B.4). There is furthermore a slight reduction in water flux when the hydroxymethyl

groups are fully dispersed compared to when they are arranged in a single, vertical patch,
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for the pores with 50% hydroxymethyl groups. Thus, water’s dynamics may be slightly

slowed over a “rough” hydrophilic surface with protruding polar groups. However, the

magnitude of this reduction is much smaller than that achieved in the nonpolar pores.

There is no significant effect of the hydroxymethyl group arrangment on boric acid flux.

We hypothesize that these polar pores strongly hydrogen-bond with water and therefore

boric acid preferentially partitions to the center region of the pore, such that the effect

of wall topology on boric acid transport is negligible.

3.3.2 Active learning approach identifies diverse and optimal

patterns

We first test the active learning procedure on the same optimization problem addressed

in Chapter 2, namely identification of methyl-hydroxyl patterns with enhanced transport

of water versus boric acid, quantified by the flux of water through the nanopore minus

the flux of boric acid. We use the energy function in equation 3.1 to generate patterns,

such that we optimize over the parameters (Jr, Ja). The composition of the pattern is

fixed at 25% hydroxyl groups and 75% methyl groups, the same case explored by the

genetic algorithm whose trajectory is shown in Fig. 2.2a.

Fig. 3.3a shows the trajectory of this active learning optimization; each marker

represents a single pattern explored and the flux difference computed from simulation.

To test that the algorithm is able to reach the optimal even when starting from far away,

we initialize the algorithm with the feature sets (Jr, Ja) = (±0.1,±0.1), as opposed to
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using Latin Hypercube Sampling in the bounded region. These feature sets produce

relatively disordered patterns (such as the blue-bordered pattern in Fig. 3.3). Despite

these initial patterns, the algorithm is able to rapidly identify within 6 steps the optimal

that took almost 2000 generations for the genetic algorithm (Fig. 2.2) to find, namely a

pattern with a single ring of hydroxyl groups (the red-bordered pattern in Fig. 3.3). The

parameters that achieve this pattern are (Jr, Ja) = (1.0, 0.014), i.e. strongly attractive

radial interactions and weakly attractive axial interactions. Compared to the genetic

algorithm, the active learning approach provides at least a 5× speedup (6 stages of

simulations versus 30 stages of simulations). Furthermore, the active learning approach

suggests patterns that are more regular, and thus likely easier to synthesize.

The GPR fit using the entire set of data points is shown in Fig. 3.3b, where the top

panel shows predicted flux differences for other combinations of parameters. Fig. 3.3b

suggests that higher Jr and negative to small Ja values produce patterns with the highest

flux difference. More attractive radial interactions, while axial interactions remain weak,

result in patterns with more ring-like structures. In contrast, the GPR predicts the lowest

flux difference for higher Ja values, or stronger axial interactions, which would produce

patterns with vertical patches. This is consistent with conclusions from Chapter 2, which

proposed that rings of hydroxyl groups form energetic barriers that hinder the transport

of boric acid, lowering boric acid flux while having a smaller effect on water flux. In

contrast, patterns with vertical patches of hydroxyl groups showed the highest fluxes of

boric acid (Fig. 2.3). An advantage of the present approach, in addition to its significant
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Figure 3.3: (a) The flux difference for patterns explored in each step (represented by individ-
ual markers). (b) The GPR surrogate model-predicted (top) flux difference, µ and (bottom)
uncertainty, σ, used to compute the expected improvement in equation 3.2. Each marker rep-
resents a pattern that is explored, while the colored contours show the fitted GPR. For the
top panel, the markers are colored by the simulated flux difference, using the same scale as
the contours. The patterns shown at the bottom are optimal patterns discovered along the
trajectory; arrows colored by the pattern borders show when each pattern was discovered in
the optimization and the (Ja, Jr) parameters that produced the pattern.

speedup, is that the surrogate model directly gives predicted ranges of parameters that

can be easily translated to pattern motifs that show the most and least optimal behavior,

in contrast to having to infer these design rules from clustering of the discovered patterns

or analysis of the coefficients of the linear surrogate model, as was done in Chapter 2.

At step 1 the algorithm discovers a pattern with high flux difference (see Fig. 3.3a),

but continues to explore the design space and eventually finds a higher performing pat-

tern. This intermediate optimal is the pattern with two separate rings of hydroxyl groups

(orange-bordered pattern) and is created by strongly attractive radial interactions (large,

positive Jr) and strongly repulsive axial interactions (large, negative Ja), i.e. parameter
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sets on the top-left of the contour plots in Fig. 3.3b. The algorithm continues to explore

this region, as the number of markers in that corner show, but also proposes parameters

in other regions in the (Jr, Ja) parameter space, due to the higher uncertainty given by

the GPR for regions where fewer patterns have been simulated (Fig. 3.3b, bottom). This

behavior illustrates the trade-off between exploitation and exploration that is balanced

by the expected improvement function that determines the proposal of new points.

Having confirmed that the active learning approach is able to optimize patterns effi-

ciently, we now apply it to the optimization over patterns with three headgroups. With

the increased number of functional groups, we necessarily use a different energy function

to generate patterns:

U(N;J, λ) =
∑

i∈(hh,ee,he)

−Ji[(1− λ)Ni,r + λNi,a] (3.4)

Where N = (Nhh,r, Nee,r, Nhe,r, Nhh,a, Nee,a, Nhe,a) are the counts of various types of

nearest-neighbor pairs: hh = hydroxyl-hydroxyl, ee = ethyl-ethyl, and he = hydroxyl-

ethyl, and the subscripts r and a indicate radial and axial nearest neighbors. For in-

stance, Nhe,r is the number of hydroxyl group neighbors in the radial direction that

are ethyl groups. The parameters describing the strength of these interactions are:

J = (Jhh, Jee, Jhe) ∈ [−1, 1] and λ ∈ [0, 1]. More positive Jij values favor more i-j

nearest-neighbor interactions. The final parameter, λ, determines the strength of axial

versus radial interactions. When λ = 0, only radial nearest-neighbors contribute to the

energy, and when λ = 1, only axial nearest-neighbors contribute to the energy.

The optimization now proceeds over four parameters but otherwise follows the same
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basic procedure as the optimization for methyl-hydroxyl patterns. We first run the op-

timization fixing the composition of the pattern to 16 hydroxyl groups, 16 ethyl groups,

and (the remainder) 96 methyl groups. For the first two steps, random parameter sets are

generated using Latin Hypercube Sampling, while the remaining steps generate param-

eters by maximizing the pseudo expected improvement (equation 3.3). Fig. 3.4a shows

the trajectory of the optimization. As with the 2-headgroup case, the optimization is

able to rapidly identify parameter sets giving patterns with much larger flux difference

than discovered during the two “random” steps. Fig. 3.4b shows some of the patterns

that are explored by the algorithm. The optimal pattern, among those explored, con-

tains separate rows of ethyl and hydroxyl groups, consistent with our previous finding

that pores with rings of ethyl groups seem to uniquely slow boric acid (Fig. 3.2). Inter-

estingly, the pattern with two separate rings of homogeneous composition outperforms

the other ringed patterns. Similar to the methyl-hydroxyl case, the worst-performing

patterns contain large, vertical patches, here of alternating rows of ethyl and hydroxyl

groups. We hypothesize that boric acid is able to more rapidly transport down the large,

accessible patch of methyl groups along the pore wall.

Finally, we run an optimization with methyl, hydroxyl, and ethyl groups while al-

lowing the composition of the pattern to change. This optimization now occurs over six

parameters, fm, fh, Jhh, Jee, Jhe, and λ. Two parameters, fm and fh, describe the com-

position of the pattern. Specifically, fm describes the fraction of groups that are methyl

groups, and fh defines the fraction of non-methyl groups that are hydroxyls. These pa-
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Figure 3.4: (a) The flux difference for patterns explored in each step (represented by individ-
ual markers) for the optimization over methyl-hydroxyl-ethyl group arrangements, fixing the
composition. Parameters for the first two steps are randomly drawn (green markers). (b) A
sample of the patterns identified, ordered by flux difference, and including the patterns with
the overall lowest (blue border) and highest (orange border) flux difference, corresponding to
the arrows of the same color on the trajectory.

rameters are bounded by [0, 1]. To generate patterns, we use the same energy function in

equation 3.4 with the four parameters described earlier that define the strength of differ-

ent types of interactions (Jhh, Jee, Jhe) and the strength of radial versus axial interactions

(λ).

Fig. 3.5 shows the result of running this optimization for twenty steps, where the

parameters for the first four steps are randomly drawn. The algorithm again rapidly finds

an optimal in 7 steps with a flux difference of 4.4×10−6/ps/Å2; the pattern contains two

rows of methyl groups, spaced a single row apart, and no hydroxyl groups. Interestingly,

this pattern is superior to that where the methyl rows are next to each other (another

pattern suggested in step 6), which has a flux difference of 3.7 × 10−6/ps/Å2. This
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optimal pattern is also superior to the pattern in which the methyl rows are arranged

evenly through the pore (4.0×10−6/ps/Å2). The placement of these barriers to transport

modulates flux.

Figure 3.5: The flux difference for patterns explored in each step (represented by individual
markers) for the optimization over methyl-hydroxyl-ethyl group arrangements, allowing the
composition to vary. Parameters for the first four steps are randomly drawn (green markers).

The optimization results also suggest that inclusion of hydroxyl groups in the pattern

is unfavorable. The algorithm discovered multiple patterns that are superior to the

optimal discovered with fixed composition (Fig. 3.4). Moreover, these patterns also show

enhanced solute rejection compared to the optimal discovered over all methyl-hydroxyl

patterns, even considering varied composition (Fig. 2.2b). The best-performing of the

patterns discovered that contain hydroxyl groups has a flux difference of 3.4×10−6/ps/Å2,

almost 25% lower than the overall optimal. Incorporation of hydroxyl groups significantly

reduces water flux, compared to incorporation of ethyl groups in the same patterns
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(compare Fig. 2.3a to Fig. 3.2a), without a sufficiently large reduction in boric acid flux

to compensate. Thus, introduction of a rough free energy landscape for boric acid through

modulation of pore topology seems to more effectively enhance selectivity compared to

modulation of pore polarity.

We propose that the rings of methyl and ethyl groups create troughs from which boric

acid has to desorb in order to transport down the pore wall. Similar to rings of hydroxyl

groups, these methyl-ethyl rings thus create a free energy barrier, reducing boric acid’s

dynamics in the pore. This energetic barrier is comparable in magnitude to the barrier

created by the hydroxyl groups, since boric acid’s preference for the fully hydroxylated

pore is similar to its preference for the bulk (the partition coefficient is 0.74, Table A.5).

Thus, the reduction in boric acid dynamics in ringed methyl-ethyl pores is comparable

to similar methyl-hydroxyl pores. However, the nonpolar groups have a much smaller

effect on water’s dynamics compared to the hydroxyl groups, which can hydrogen bond

to water and slow its dynamics. As a result, the optimization over all three (methyl,

ethyl, and hydroxyl) groups finds that patterns with methyl and ethyl rings give higher

flux differences compared to patterns with hydroxyl groups.

3.4 Conclusions

In this chapter, we show that surface roughness, in addition to chemistry, can modu-

late local water and solute dynamics, and that an active learning-based inverse design

algorithm can suggest chemical and topological patterns that tune these dynamics to op-
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timize solute rejection. In nonpolar pores, increasing surface roughness by adding ethyl

groups decreases water and boric acid flux. We propose that the mechanisms for this re-

duction are unique. Rough pores reduce water flux by creating Å-scale protrusions in the

surface around which water can structure, enhancing water’s tetrahedrality and reducing

its dynamics. In contrast, rough pores reduce water flux by creating cavities for which

boric acid has enhanced affinity, and must desorb from in order to transport down the

pore. In contrast, surface roughness in polar pores has a comparatively smaller effect on

transport of both water and boric acid. Water can hydrogen bond to both hydroxyl and

hydroxymethyl groups, and so would not form tetrahedral structures near them. Boric

acid is excluded from the pore walls by the hydrogen-bonded water, and thus the effect

of the wall’s roughness is minimal.

To identify patterns of methyl, hydroxyl, and ethyl groups that optimize boric acid

rejection, we develop an inverse design algorithm that optimizes parameters governing

interactions between the functional groups, using an active learning approach to suggest

new parameter sets. We show that this algorithm more rapidly identifies the optimal

pattern of methyl and hydroxyl groups, compared to the genetic algorithm. With the

inclusion of ethyl groups, the algorithm again suggests that patterns with the functional

groups arranged in rings along the pore wall are the most optimal for inhibiting boric

acid transport. Furthermore, nonpolar patterns are favored over patterns with hydroxyl

groups, since rings of ethyl groups provide comparable reduction to boric acid dynamics

without an equivalent reduction in water’s dynamics as they do not hydrogen bond with
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water. As the optimization progresses, the design algorithm also generates numerous

patterns with diverse arrangements, and thus serves to provide broad insight regarding

this multifunctional design space, while targeting an optimum. The design approach pre-

sented in this chapter offers a more straightforward connection to synthetic strategies,

where choosing chemistries with specific cross- and co- interaction strengths controlling

their assembly into a surface is likely easier than precise placement of specific function-

alities at a surface. This approach could be adapted to optimize over other conditions

governing the synthesis of functionalized surfaces.
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Chapter 4

Quantifying polypeptoid

conformational landscapes through

integrated experiment and

simulation

Adapted with permission from Macromolecules 2021, 54, 11, 5011–5021. Copyright 2023

American Chemical Society.

4.1 Introduction

In the previous chapters, we have explored the inverse design of highly idealized nanopores.

Though carbon nanotube functionalization is an active area of interest, there are cur-
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rently no routes to the direct and precise functionalization of nanotube sites. An al-

ternative method for tuning interfacial chemical patterning is to decorate the surface

with sequence-specific polymers. The monomer sequence along the chain can be easily

and exactly set during polymer synthesis. One class of sequence-specific molecules that

has attracted significant attention for surface modification comprise polypeptoids, or N-

substituted glycines, which possess both the robustness of synthetic polymers and the

tunability of polypeptides and other biomolecules.73 Polypeptoids can now be routinely

synthesized at gram scale, sequence-specifically up to 50 monomers in length in a process

that eliminates the need for protection/deprotection procedures common in polypep-

tide synthesis, allowing access to a wide variety of chemistries.73 As such, they have been

extensively explored for a broad range of applications, including as antifoulants,74 antimi-

crobials,157–159 other therapeutics,160 delivery agents,161,162 sensing applications163 such

as stimuli-responsive materials,164 binder materials for batteries,165 crystallization mod-

ulators,166 and programmable self-assembly.167–169 Many of these applications leverage

the sequence-specificity of polypeptoids that has been shown to significantly modulate

secondary170–173 and self-assembled structures,174,175 and therefore function. Thus, ad-

vancement of polypeptoid-containing materials and the fundamental design rules that

they follow require elucidation of sequence-structure-function relationships.

Many polypeptoids used in these applications are structurally disordered and adopt a

wide range of conformations. Sequence has been shown to tune functional properties even

in these structurally-disordered cases. For example, variations in the location and number
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of hydrophobic or charged monomers can modify antifouling and fouling release,176,177

loading and release in drug delivery,178 gene transfection efficiency,179 and the degree

of melting point depression,180 among other properties. Further evidence suggests that

shifts in the conformational distributions of these disordered polypeptoids, modulated by

the polypeptoid sequence, contribute to changes in function.180–182 However, the difficulty

of probing the structure of disordered polypeptoids both experimentally and computa-

tionally has hindered the development of fundamental design rules to guide the discovery

of novel and efficacious polypeptoids. Experiments typically report on dominant or av-

erage structures, obscuring variations within the ensemble of conformations. On the

other hand, modeling provides direct access to the conformational landscape through

insight into atomic-scale structures and structural correlations. However, polypeptoid

simulations encounter major sampling challenges due to the long timescales associated

with conformational transitions, which has also hampered the validation of polypeptoid

simulation models.

In this chapter, we pursue a novel experimental-computational cross-validation ap-

proach involving measuring and comparing structural ensembles, as opposed to dominant

or average structures Specifically, the probability distribution of the distance between the

ends (end-to-end distance) of a hydrophilic polypeptoid of varying length (Fig. 4.1a, Ta-

ble 4.1) is measured using Double Electron-Electron Resonance (DEER) spectroscopy

and Continuous Wave Electron Paramagnetic Resonance (cw-EPR) Recently developed

techniques are leveraged to accurately extract these broad distance distributions. We
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measure the same distributions computationally using an expanded-ensemble simulation

technique that directly speeds up the sampling of the slow backbone bond rotations

to resolve the full equilibrium conformational ensemble. The hydrophilic polypeptoid

we choose to study (Fig. 4.1a) comprises an alternating sequence of methoxyethyl and

propanol sidechains. The former have been previously studied as promising antifoulants74

and as model polar sidechains in self-assembling systems175 and the latter enhance the

polypeptoid’s solubility in water. For the model polypeptoid studied here, the combined

simulation and DEER workflows show excellent agreement. The distance distribution

extracted using cw-EPR for a shorter polypeptoid also agrees with simulation, offering

an important supplemental experimental probe of short polypeptoids.

N Structure Sim Exp
1 Yes None
2 Yes None
3 Yes cw-EPR
5 Yes None
7 Yes None
9 Yes DEER
11 Yes DEER
13 Yes None
15 Yes DEER
19 Yes DEER

Table 4.1: Polypeptoids of varying length are probed both through DEER and cw-EPR
experiments and through MD simulation. Note that N is the number of hydrophilic monomers,
not including the terminal spin labels.

DEER is an electron paramagnetic resonance technique that provides unique access

to conformational ensemble information by measuring the full distance distribution from

a composite time domain signal that reports on distances between pairs of spin-labels.183
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Figure 4.1: Hydrophilic polypeptoids used here to cross-validate the experimental and compu-
tational workflows are synthesized, characterized, and simulated. (a) The polypeptoids comprise
an alternating sequence of hydrophilic monomers terminated on both ends by spin labels for
Electron Paramagnetic Resonance, which measures the distance between the oxygen radicals,
Ree,OO, shortened to Ree in the text. (b) Disarcosine is simulated to validate the expanded
ensemble sampling. The arrows show rotation around the ω, ϕ, and ψ dihedrals in the polypep-
toid backbone.

It is especially advantageous for comparison with simulations because its probes are

relatively small,184 minimally perturb the conformational ensemble,184 and can be di-

rectly simulated.185 DEER has traditionally been used to probe distances in structured

biomacromolecules183 or average distances in unstructured systems. In recent years,

its ability to detail the full probability distribution over accessible distance ranges has

garnered significant interest. The application of DEER to characterize disordered biologi-

cal and synthetic polymeric systems through this distance distribution is emerging,186–192

and methodological developments are continually improving the accurate resolution of the

59



Quantifying polypeptoid conformational landscapes Chapter 4

shape as well as the width of broad distributions.193–197 Recent work on aqueous solutions

of polyethylene oxide, a canonical disordered, synthetic polymer, demonstrates consis-

tency between the broad distance distributions determined by DEER and simulation,192

suggesting that DEER is well-positioned to characterize the conformational landscape of

disordered macromolecules. Single-molecule Förster resonance energy transfer (FRET)

also probes conformational distributions,198 but DEER requires fewer assumptions199,200

and captures far more molecules, resulting in more accurate distance distributions.

The accessible distance range for DEER is generally considered to be between 20

Å and 80 Å.183,201 Supplementing DEER at shorter distances, we use the analysis of

cw-EPR lineshapes where the dipolar interaction between two spin labels with distances

between 8-25 Å leads to broadening of the spectrum that can be related to the distances

between them by spectral simulation. Unlike DEER, cw-EPR cannot fully resolve multi-

featured distributions but is a complementary probe of the existence and approximate

width and character of the distribution in the short-distance region.

Simulations of polypeptoids present unique challenges because the polypeptoid amide

bond isomerizes on long timescales (seconds202) relative to achievable simulation lengths

due to a large (≈ 17 kcal/mol203) barrier to isomerization.204 Polypeptoid forcefields have

a correspondingly large barrier in the ω amide bond dihedral potential, which hinders

simulation studies of appreciable chain lengths since the number of isomerization states

expands combinatorically with degree of polymerization. To accurately probe confor-

mational space, the sampling technique must accelerate cis-trans isomerizations for each
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amide bond. Here, we present and validate a technique to sample amide-bond dihedral

isomerization in long polypeptoids by simulating in an expanded ensemble of states in

which the amide bond dihedral potentials are scaled down, after which properties are

rigorously reweighted back to the original state. This approach, which has previously

been used to enhance conformational sampling in small molecules205 but has not yet

been applied to polypeptoids, addresses many of the challenges of select earlier simula-

tion strategies that do not extend well to longer chains in explicit solvent.206–208 More

recently, the metadynamics technique has provided an efficient and targeted solution to

specifically enhance sampling of the slow degrees of freedom.209–211 However, successful

tuning of key algorithm convergence parameters can be difficult and a significant amount

of simulation time is spent exploring regions of phase space inconsequential to the equi-

librium ensemble. The approach presented here similarly targets specific degrees of free-

dom–the amide-bond isomerizations–and demonstrates excellent convergence properties

while remaining extensible to longer chains.

4.2 Methods

Methods associated with polypeptoid synthesis and experimental characterization are

described in Ref. [212].
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4.2.1 Polypeptoid forcefield parameterization and simulation

In this study, we primarily utilize the MFTOID206 forcefield to simulate polypeptoids, but

also compare results with other peptoid models: GAFF-ϕ,207 a modified AMBER99SB-

ILDN forcefield,209 and a modified CGenFF forcefield.210 Section C.1.1 gives details of the

forcefield parameterization. With any given forcefield, we create and geometry-minimize

initial polypeptoid structures in the fully extended conformation using Avogadro 1.2.0.213

We place each polypeptoid in a box of length at least 20 Å longer than its end-to-

end distance when fully extended (Table C.19) and solvate the boxes using GROMACS

2016.1.214,215 We perform simulations using the OpenMM simulation engine.71 Electro-

static interactions are computed using particle-mesh Ewald. Lennard-Jones nonbonded

interactions are cut off at 10 Å. Hydrogen bonds are constrained with SHAKE123 and

water is kept rigid with SETTLE.124 We simulate Langevin dynamics with an integra-

tion timestep of 2 fs, a temperature of 300 K, and a friction coefficient of 0.01 ps−1. The

pressure is set to 1 bar using a Monte Carlo (MC) barostat with 500 fs between MC

barostat moves.

4.2.2 Expanded-ensemble sampling

To sample across slow polypeptoid isomerization timescales, we develop a new sampling

approach based on an expanded ensemble,216,217 allowing the system to visit states in

which the dihedral potentials for the ω dihedral (Fig. 4.1b) are “softened,” i.e. the force

constant is scaled by a factor, λee, that varies between 0 and 1. When simulating with
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the modified CGenFF forcefield, we multiply all backbone dihedral potentials (ϕ and ψ

in Fig. 4.1b, in addition to ω) by λee since isomerization of the ϕ dihedrals is also slow

(section C.1.2). To simulate in the expanded ensemble, we perform Monte Carlo (MC)

moves to change the λee-state every 20 ps. For each MC move, we use Metropolized

independence sampling126 to compute the proposal and acceptance probabilities for each

λee-state. These probabilities are biased by weights for each state that are modified

in the equilibration period to achieve a flat sampling of states, and then fixed in the

production period. Based on the probabilities, a new λee-state is proposed and accepted

or rejected. For each system, there are a discrete set of λee-states, distributed so that the

self-transition probabilities are nearly flat. We reweight the properties computed during

the expanded ensemble production period back to the original, unsoftened state using

MBAR.125,218

4.2.3 Comparison of polypeptoid forcefields

Simulation forcefield models for polypeptoids have seen far less development and re-

finement than their peptide counterparts. Several polypeptoid forcefields have been de-

veloped starting from general or protein forcefields and reparameterizing to fit either

experimental or quantum mechanical measurements of short polypeptoids. Previous val-

idation of forcefields have shown that they accurately reproduce the configurations of

very short219 or highly structured polypeptoids.207,220 Many studies, for instance, com-

pare simulations with crystal structures,206,208,219,221 so that only sequences that show a
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single dominant conformation can be evaluated. However, to date, there has been little

work testing whether these polypeptoid forcefields accurately reproduce the broader and

multi-featured conformational distributions of longer and disordered systems.

Figure 4.2: Experiments validate models for disordered polypeptoids. For the N = 11
polypeptoid, (a) the end-to-end distribution measured using DEER and fit with SF-SVD. The
shaded region around the distribution gives 95% confidence intervals. The shaded blue box
denotes the region below the accessible region for DEER. (b) The end-to-end distributions
computed from simulations using various polypeptoid forcefields. Shaded regions show a 68%
confidence interval computed using bootstrapping (section C.1.4).

Fig. 4.2 shows the end-to-end distance distribution of the hydrophilic polypeptoid of

length N = 11 (a) measured by DEER and (b) computed from simulations using various

forcefields. In the accessible region, the MFTOID and GAFF-ϕ forcefields show better

agreement with experiment than the modified AMBER and modified CGenFF forcefields.

Moving beyond visual assessment, to quantify the agreement between the experimen-

tally (PDEER) and computationally (PSim) derived end-to-end distance distributions, we

compute the Jensen-Shannon distance (JS).222 Smaller distances reflect greater overlap

between two probability distributions, and thus better quantitative agreement between

the experiment and simulation:
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JS(PDEER, PSim) =

√
1

2

[
Srel(PDEER,

PSim + PDEER

2
) + Srel(PSim,

PSim + PDEER

2
)

]
(4.1)

Here, Srel is the relative entropy:

Srel(P1, P2) =

∫
P1(Ree) ln

P1(Ree)

P2(Ree)
dRee (4.2)

We limit computations to the DEER-accessible region (> 20Å) for both distributions.

Distances between the experimental distribution and simulated distributions using the

MFTOID, GAFF-ϕ, modified AMBER, and modified CGenFF forcefields are 0.16±0.06,

0.19± 0.07, 0.30± 0.09, and 0.22± 0.07, respectively (ranges give a 95% confidence in-

terval). An alternative metric gives similar trends (Table C.20). The modified AMBER

and modified CGenFF forcefields therefore show the weakest agreement with the exper-

imental distribution, while MFTOID and GAFF-ϕ seem comparable in accuracy. The

latter, however, enforces an asymmetry in the ϕ dihedral angle distribution that is not

physical for the achiral polypeptoids studied here, and thus the MFTOID forcefield is

the model we adopt for the remainder of this work.

We attribute these differences to the polypeptoid forcefield parameters themselves

and not the different water models used as Fig. C.12b shows that the P (Ree) for N = 11

with the MFTOID forcefield is the same between the mTIP3P and SPC/E water models.

Below the DEER-accessible region (< 20Å), the forcefields also show differences in the

height of the low-distance peak, suggesting that the strength of spin-label aggregation

varies among the forcefields. These differences could be due to the polypeptoid forcefield
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or the spin-label forcefield, but the latter is less likely because forcefields implemented

with the same spin-label parameters (MFTOID and modified CGenFF) still give different

P (Ree)’s in this region. Furthermore, the backbone end-to-end distance distributions

for the labeled and unlabeled N = 11 polypeptoid, using the MFTOID forcefield, are

consistent (Fig. C.18), suggesting that the presence of the spin-label does not significantly

perturb the polypeptoid backbone conformational distribution. Thus, small deviations

in the spin-label parameters, at least for the MFTOID forcefield, should not have a

significant effect on the overall computed conformational landscape of the polypeptoid,

especially for longer lengths.

4.3 Results and Discussion

4.3.1 Expanded-ensemble simulation accurately and efficiently

samples isomerization states

Fig. 4.3 shows that the expanded ensemble simulation method reproduces the free en-

ergy difference between the cis and trans states computed from umbrella sampling for

disarcosine (Fig. 4.1b). The 12 kcal/mol isomerization barrier also agrees with the value

reported by Zhao et al., who used parallel-bias metadynamics to sample across the iso-

merization barrier.211 The uncertainty in the free energy landscape computed using the

expanded ensemble is larger at the barriers because the expanded ensemble only circum-

vents the high free energy barrier for isomerization through modulation of the dihedral
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potential, so that the sampling of the high free energy regions may still be poor. On

the other hand, approaches such as umbrella sampling and metadynamics directly bias

the dihedrals, encouraging flat sampling of the space of dihedral angles. However, the

equilibrium conformational landscape will be dominated by configurations within the cis

or trans basins, not at the high free energy barriers. The expanded ensemble technique,

then, allows crossing of high free energy barriers without spending unnecessary time

thoroughly sampling these regions.

Figure 4.3: Validation of the expanded-ensemble methodology. The free energy landscape
for rotation around the isomerizable amide bond of disarcosine computed using umbrella sam-
pling and using the expanded ensemble method show excellent agreement, demonstrating that
the expanded ensemble method is able to reproduce the correct cis/trans populations. These
simulations utilize the MFTOID forcefield, as an example, but we would expect agreement for
any forcefield. Both plots give a 95% confidence interval computed with MBAR125,218 (section
C.1.4).

As previously reported for small molecules,205 the expanded ensemble significantly

enhances the efficiency of the simulation. Scaling the dihedral potential by a factor λee

provides orders of magnitude increase in the isomerization rate, comparing the rate of

transitions between cis and trans states when the ω dihedral potential is completely
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removed (λee = 0) to when it is unsoftened (λee = 1) (Fig. C.7a); extremely high

temperatures are required to achieve the same isomerization rates (Fig. C.7b), rendering

temperature replica exchange impractical. The ability to access states at or close to λee =

0 then makes the correlation time for the ω dihedrals tractable (Fig. C.8), even accounting

for the additional computational cost of simulating the system in λee-states that are far

from the unbiased state (Fig. C.10). As a result, equilibration and production runs on

the order of microseconds are sufficient to sample the end-to-end distance distribution of

these polypeptoids (section C.1.2). This means that achieving an unbiased sampling of

conformational space, assuming that all other degrees of freedom are fully sampled over,

is now computationally tractable. The following results from MD simulation all rely on

this sampling approach.

4.3.2 End-to-end distance distributions from experiments and

simulations

The computational workflow presented here enables detailed characterization of the con-

formational distribution of polypeptoids with increasing chain length. The polypeptoids

with alternating hydrophilic methoxyethyl (NME) and propanol groups (Fig. 4.1a) are

synthesized, varying the number of hydrophilic monomers: N = 9, 11, 15, 19. Spin la-

bels are attached to both ends of all polypeptoids for DEER measurements. End-to-end

distance distributions, P (Ree), are obtained from 4-pulse DEER experiments through

singular value decomposition,196,197 as described in detail in Ref. [212]. Unless otherwise
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noted, we use “end-to-end distance” to refer to the distance between the oxygen atoms

on the spin labels. We simulate the same polypeptoids (including spin labels) using the

expanded-ensemble sampling approach and the MFTOID forcefield (see section 4.2.3 for

justification).

Fig. 4.4 shows the end-to-end distance distributions for lengths N = 9, 11, 15, 19.

In the accessible region, simulations and DEER show excellent agreement, which offers

strong cross-validation of both workflows. The locations of the peaks and the shapes of

the long-distance tails of the distributions are especially well reproduced. Both meth-

ods consistently show not only the expected shift in the mean end-to-end distance, but

also a broadening of the distribution with length, characteristic of disordered polymers.

Below the DEER-accessible region (< 20Å), the simulated distributions show a smaller

peak at around 10 Å that decreases in height with increasing polypeptoid length. This

peak suggests the spin-labels on both ends have a slight tendency to aggregate with

each other (Fig. C.16, C.19), as was previously observed in simulations of end-labeled

polyethylene oxide.192 Recalculating the P (Ree) by removing the contribution from these

short-distance conformations, which are not captured by DEER, further improves the

agreement between DEER and simulation (Fig. C.20, C.21).

In the DEER-accessible region (> 20Å), Fig. 4.4 demonstrates a few small inconsis-

tencies between DEER and simulation. To determine whether these inconsistencies are

reproduced in the time-domain or stem from instabilities in the fitted distance distri-

bution due to the ill-posed nature of the inversion, we back-calculate the DEER time-
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Figure 4.4: End-to-end distance distributions measured with DEER and computed from
simulation are in excellent agreement. The gray lines are the simulated distributions (using
the MFTOID forcefield) and the gray shaded regions give a 68% confidence interval computed
from bootstrapping (section C.1.4). The orange lines and shaded regions are the fitted DEER
distributions and uncertainty. All distributions are normalized such that the integral above 20
Å is 1. The light blue shaded box denotes the region below the accessible region for DEER.
The snapshots to the right of the figures are representative conformations chosen to be close to
the mean end-to-end distances and are visualized in VMD.155

domain signal, F (t), from the MD-simulated and SF-SVD-fitted distance distributions,

performing the forward convolution that the fitting procedures attempt to invert (section

C.2).

Fig. 4.5 shows the time-domain signals computed through convolution (section C.2)

using the distributions in Fig. 4.4 (“back-calculated MD” and “back-calculated SF-

SVD” signals), along with the background-corrected experimental time-domain data
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from DEER (“raw” signal). The shifts in the back-calculated MD signal with increasing

polypeptoid length are qualitatively consistent with that of the raw signal. In particular,

the slower decay and broadening of the minimum at larger lengths are well reproduced.

For all lengths, the back-calculated MD signal shows a steeper decay near t = 0. This

feature reflects the presence of shorter end-to-end distances in the MD-simulated P (Ree)

that are not present in the DEER-derived P (Ree). As discussed earlier, these short

distances are inaccessible to DEER. Recomputing the back-calculated MD signal using

only the portion of the MD-simulated P (Ree) above the lower accessible limit of DEER

(20Å) leads to better agreement in the short-time decay (Fig. C.15). For N = 15 and

N = 19, the raw signal displays a low-frequency oscillation (Fig. 4.5 inset) that arises

from longer distances in the DEER-derived P (Ree) and that is not reproduced in the

back-calculated MD signal shown in Fig. 4.5. Thus, the differences between the simula-

tion and DEER end-to-end distance distributions at longer lengths in Fig. 4.4 are real

and not artifacts of the inversion. This discrepancy at longer lengths could be due to

inaccuracies in the forcefield that lead to oversampling of shorter distances. For intrin-

sically disordered polypeptides, it was previously reported that peptide forcefields bias

conformational distributions towards more compact structures than is realistic.223,224

Cw-EPR is then used to probe the distance distribution of the N = 3 polypeptoid,

whose end-to-end distance distribution largely lies below 20Å, and thus below the acces-

sible region of DEER. Fig. 4.6 shows that the Gaussian approximation of the distance

distribution from the cw-EPR experiment agrees with the longer-distance peak in the
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Figure 4.5: The raw DEER signals are consistent with signals back-calculated from simulated
and fit end-to-end distance distributions. Orange lines show the raw DEER signals, while the
blue and green lines show the signals back-calculated from the MD-simulated P (Ree) (simulated
using the MFTOID forcefield) and the SF-SVD-fit P (Ree), respectively. For all signals, V (0) =
1, but the plots are shifted vertically (Table C.21) for each polypeptoid length for clarity. (Inset)
Low-frequency oscillations in the raw signal for the N = 19 polypeptoid.

simulated distribution. The simulated distribution also contains a shorter-distance peak

at around 8 Å that is also seen in Fig. 4.4 for longer polypeptoids, and here similarly

indicates spin-label aggregation. The mean end-to-end distance from cw-EPR lineshape

analysis is 16.5 ± 0.1Å. Cw-EPR cannot resolve distances below ≈ 8Å, so a fraction

of the low-distance population predicted from the simulations would not contribute to

the cw-EPR-resolved distribution. However, cw-EPR clearly extends our insight into

the experimental conformational distributions at distances below the DEER-accessible

regime.
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Figure 4.6: Continuous wave electron paramagnetic resonance allows access to the low-
distance region and agrees with simulations. For the N = 3 polypeptoid, the Gaussian approxi-
mation of the end-to-end distance distribution from cw-EPR (orange) agrees with the simulated
distribution (using the MFTOID forcefield) in the accessible region for cw-EPR (black dashed
line gives the full distribution; the blue line is a Gaussian with the same mean and standard
deviation as the simulated distribution in the cw-EPR accessible region). Shaded gray regions
show a 68% confidence interval computed using bootstrapping (section C.1.4). The shaded
orange region encompasses all Gaussian distributions with mean and standard deviation within
the 95% confidence intervals obtained from the covariance matrix of ⟨Ree⟩ and σ. All distribu-
tions are normalized such that the integral above 8 Å is 1. The shaded and hatched blue box
denotes the region below the accessible region for cw-EPR. (Inset) The raw cw-EPR spectra
for the doubly labeled 3mer (dashed red) and singly labeled 3mer (solid green) normalized by
maximum peak height.

4.4 Conclusions

In this chapter, we validate a workflow to simulate long, disordered polypeptoid molecules.

Specifically, we develop a state-of-the-art enhanced sampling expanded ensemble ap-

proach to overcome long isomerization timescales in polypeptoid simulations. We then

demonstrate excellent agreement between distance distributions resolved through simula-

tions and dipolar EPR spectroscopy for varying lengths of a model hydrophilic polypep-

toid. The large widths of the distributions indicate that these hydrophilic polypeptoids
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are indeed disordered and would thus be difficult to structurally characterize solely by

examination of dominant conformations, instead requiring the resolution of full distri-

butions. Validation of the expanded ensemble sampling technique and the MFTOID

forcefield for polypeptoids allows us to computationally probe the conformational dis-

tribution of polypeptoids of appreciable length (here, tested up to N = 19, while we

estimate up to N ≈ 30 is reasonable for a single GPU).

These results establish highly transferable experimental and computational work-

flows to characterize the conformational landscapes of disordered polypeptoids. Though

polypeptoid sequences have already been shown to modulate structure and function, the

workflows developed here will enable more controlled investigations of sequence-structure-

property relationships in the highly tunable, sequence-programmable polypeptoid plat-

form. We will investigate such relationships in the next three chapters. For instance, the

determination of changes in the conformational ensemble allows us to isolate the effects

of backbone conformation and sidechain chemistries on functional properties (Chapter

5). This is especially important because changes such as movement of the polypeptoid

from the solution to a surface (Chapter 6) or significant variations in sequence, such as

incorporating an irregular sequence of hydrophobic sidechains (Chapter 7), will lead to

significant perturbations in structure that can complicate the sequence-property relation-

ship and cannot be fully captured by existing polymer physics models.
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Chapter 5

Sequence modulates polypeptoid

hydration water structure and

dynamics

Adapted with permission from Biomacromolecules 2022, 23, 4, 1745-1756. Copyright

2023 American Chemical Society.

5.1 Introduction

In the last chapter, we developed and validated a workflow for simulating polypeptoids, a

highly programmable platform that is useful for exploring sequence-structure-property re-

lationships. In this chapter, we will use the workflow to investigate the effect of molecular

chemical sequence and hydration water structure and dynamics. This is a key relation-
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ship to understand because hydrated surfaces play essential roles in many applications,

including protein folding, self-assembly, water filtration membranes, marine antifouling

and drug delivery.225–227 Characterizing the behavior of water near surfaces and the man-

ner by which such surfaces perturb water’s structure and dynamics can provide valuable

insight into functional properties52,228–230 and thus guide the design of novel materials.

Uncovering these links has been a longstanding area of research, and in particular has mo-

tivated many molecular simulation studies of model systems that have offered nanoscopic

insight into the mechanisms by which surfaces modulate water behavior.55,61,141,145,231,232

While much progress has been made in understanding water near macroscopic surfaces,

it remains challenging to disentangle hydration behavior near chemically heterogeneous

and conformationally flexible macromolecules. In such cases, a complex interplay exists

between polymer composition (e.g., hydrophobic versus hydrophilic content), sequence

(primary patterning of different chemical groups), and dynamic conformational changes,

all of which can influence water’s response and the effective water-mediated interactions.

In this chapter, we examine families of peptoid oligomers with precisely varied compo-

sition and sequence. In simulations, we are then able to separate the effects of sequence

and conformation and reveal how these factors affect hydration water structure and dy-

namics. Importantly, we find measures of water structure that are consistently correlated

with dynamics. This suggests the viability of probing water’s response to a molecular

surface through experimental measurements of local hydration water dynamics, which

we in turn demonstrate.
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Previous works have shown that small nonpolar solutes enhance their hydration wa-

ters’ structure233–236 and slow their dynamics,237–240 the reverse effect of nonpolar groups

at extended, idealized surfaces. The observed differences in water’s structural responses

to small and large hydrophobes is consistent with the theoretical picture given by Lum,

Chandler, and Weeks56 in which waters around a small (≈< 1 nm) nonpolar body are

more structured to preserve their hydrogen-bonding networks (“small-lengthscale be-

havior”), whereas waters around a large, smooth nonpolar body form a soft interface

with dangling hydrogen bonds (“large-lengthscale behavior”). However, the interplay of

chemical and topological heterogeneity can complicate water’s response.145,148

Chemically heterogeneous but conformationally dynamic molecules epitomize the

complex relationship between small and large lengthscale behaviors due to conforma-

tional fluctuations in addition to topological heterogeneity. Biswas and coworkers found

that disordered protein regions possess distinct hydration behaviors from water near

structured regions.241 They also found differences between the hydration of nonpolar

and polar residues of these partially disordered proteins,242 but few studies have sys-

tematically compared water behavior near disordered molecules of varying chemistries as

both simulations and experiments face tremendous challenges in probing this behavior.

Surface-sensitive experimental techniques developed for extended surfaces cannot probe

dynamics near molecular surfaces. Additionally, shifts in water’s response due to con-

formational change or surface heterogeneity may be obscured by experiments that only

report on averaged behaviors.
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Another experimental challenge is that chemical heterogeneity can be difficult to pre-

cisely program. Polypeptoids are highly tunable molecules as they can be synthesized

sequence-specifically via a process that allows access to a wide variety of chemistries.73,243

Previous computational efforts have begun to examine water behavior near polypep-

toids in solution and at surfaces,209,244 but have been hampered by slow isomerization

timescales (seconds202) in polypeptoids that are inaccessible to molecular dynamics sim-

ulation. Here, we leverage the previously developed computational workflow that accu-

rately samples polypeptoid conformational landscapes in solution212 to probe the effects

of polypeptoid sequence on local water behavior. We first examine the effect of an entirely

polar peptoid sequence on hydration water behavior, making comparisons to bulk water

(section 5.3.1). We then compare these findings to water’s local dynamics near peptoids

containing mixtures of nonpolar and polar residues, varying both their numbers and se-

quence (i.e. arrangement along the backbone) (section 5.3.2). We demonstrate significant

correlations between water structure and dynamics modulated by the peptoid sequence

(section 5.3.3). Finally, we assess the feasibility of using Overhauser Dynamic Nuclear

Polarization, a technique that can measure local dynamics, to probe water dynamics in

the peptoid hydration shell (section 5.3.4).

5.2 Methods

Methods associated with peptoid synthesis and characterization using Overhauser Dy-

namic Nuclear Polarization are described in Ref. [245].
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5.2.1 Peptoid simulation

Generating representative conformations

The peptoid sequences chosen are discussed at the beginning of section 5.3. We use

the MFTOID forcefield,206 which we have previously shown accurately captures the ex-

perimentally measured structural distributions of disordered polypeptoids, such as the

ones we study here.212 To prepare the system, we create and geometry-minimize initial

peptoid structures in the fully extended conformation using Avogadro 1.2.0.213 We per-

form simulations using the OpenMM simulation engine.71 Electrostatic interactions are

computed using particle-mesh Ewald. Lennard-Jones nonbonded interactions are cut off

at 10Å. Hydrogen bonds are constrained with SHAKE123 and water is kept rigid with

SETTLE.124 We first run a simulation in an expanded ensemble over softened ω dihe-

dral states, a technique we previously developed and validated that samples across slow

isomerizations in the polypeptoid backbone,212 using Langevin dynamics with an inte-

gration timestep of 2 fs, a temperature of 300 K, and a friction coefficient of 0.01 ps−1.

The pressure is set to 1 bar using a Monte Carlo (MC) barostat with 500 fs between MC

barostat moves. We save conformations every 200 ps. System and simulation details for

each sequence are given in Table D.1. We then use MBAR125,218 to compute the weights

for each conformation, and obtain a random sample of 100 conformations using these

weights. To calculate dynamical, structural, and other quantities, we then perform 100

simulations in the microcanonical (constant NVE) ensemble starting from each of these

conformations. During these “production” simulations, we note that the conformations
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of the peptoids do not vary significantly (Fig. D.2) due to slow backbone isomerizations,

such that sampling of conformation space is accomplished via the 100 representative

starting samples generated from the expanded ensemble pre-run (Fig. D.2).

Peptoids in solution

We place each peptoid in a box of length at least 20Å longer than its end-to-end dis-

tance when fully extended and solvate the boxes using GROMACS 2016.1214,215 with the

modified TIP3P water model.246 We run the expanded ensemble with this water model

and then, after choosing the set of 100 starting conformations, resolvate conformations

in OPC water, which has been shown to more faithfully reproduce experimental mea-

surements of water’s bulk diffusivity,247,248 and perform a local energy minimization. For

each NVE simulation, we first run an NVT equilibration for 100 ps using Langevin dy-

namics with a timestep of 2 fs, a temperature of 300 K, and a friction coefficient of 1

ps−1. We then perform an NPT simulation for 100 ps at 1 bar using Langevin dynamics

with the same conditions and an MC barostat with 200 fs between MC moves, saving

configurations every 2 ps. We obtain the average box length from the second half of the

NPT simulation and run another NVT equilibration for 100 ps using Langevin dynamics

with the same conditions, saving configurations every 2 ps. We then initialize particle

velocities so that the total energy matches the average total NVT energy (computed from

the second half of the last NVT equilibration) and run a simulation in the microcanon-

ical ensemble for 250 ps using the Verlet integrator with a timestep of 2 fs and saving

conformations every 50 fs. Unless otherwise noted, all conformations are used in the
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computation of structural and dynamical metrics.

Peptoids on silica

We prepare a slab of amorphous silica with silanol density of 4.0 nm−2 as in Ref. [249]

using forcefield parameters from Ref. [250]. To mimic the experimental tethering of the

peptoid to the silica surface, we add a glycine residue, with the same peptoid backbone

parameters, to the N-terminus of the peptoid and add an acetyl capping group (Fig.

D.4). We initialize the peptoid in the extended conformation oriented perpendicular to

the silica surface with its N-terminus closest to the surface. We initialize the box length

perpendicular to the silica surface to 7 nm, which, when the peptoid is fully extended,

leaves approximately 1.5 nm between the peptoid’s C-terminus and the other side of

the silica surface. We solvate the box with OPC water using GROMACS 2016.1.214,215

During the simulation, the distance between a carbon in the acetyl capping group and a

hydrogen on the silica surface is fixed using a harmonic restraint with force constant 1000

kJ/mol/nm2. We run the expanded ensemble simulation, allowing all amide bonds to iso-

merize except that between the acetyl capping group and the glycine residue. We choose

100 starting conformations for the NVE simulations, weighted by the MBAR-computed

conformation weights, and set the velocities to match the average total energy in the ex-

panded ensemble. We then run a production simulation in the microcanonical ensemble

for 250 ps using the Verlet integrator with a timestep of 2 fs and saving conformations

every 50 fs.
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Free spin label

Parameterization details for 4-OH TEMPO are given in section D.1.5. A single 4-OH

TEMPO molecule is placed in a box of initial length 3.07 nm and solvated with 930

water molecules. 4-OH TEMPO simulations are performed following the same workflow

as bulk water, described in section D.1.3.

5.2.2 Computational hydration water characterization

For each peptoid and property, we perform independent computations for each of the

100 NVE simulations. Then, to obtain uncertainties, we bootstrap, choosing a random

sample of 100 simulations, averaging the property (a distribution or a trajectory) and

repeating for a total of 1000 samples. We then take the 2.5th and 97.5th percentiles to

get bounds for the reported 95% confidence intervals.

Radial distribution function

We compute the density of water molecules as a function of distance from each peptoid

alpha carbon and then normalize by the average bulk water density at the same condi-

tions. We then compute the radial distribution functions (RDFs) using a bin width of

0.125Å up to 15Å for the water oxygens as a function of distance from each alpha carbon.

The RDFs for each alpha carbon are then averaged.
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Three-body angle distribution

The three-body angle distribution is the distribution of angles formed by a central water

oxygen and the oxygens of any pair of its neighboring waters, and has been shown to reveal

signatures of water structuring in response to different types of solutes and interfaces.62

Here, we compute the distribution for peptoid hydration waters, i.e., central waters within

5Å of any heavy atom on the peptoid. The 5Å cutoff corresponds to the first minimum

in the RDF between the peptoid alpha carbons and water oxygen atoms. Neighboring

waters are defined as those whose oxygens lie within 3.4Å of a central water. This 3.4Å

central-neighbor cutoff is the location of the first minimum in the RDF for bulk OPC

water (Fig. D.3). The three-body angle distributions are then computed with a bin

width of 4.86 degrees using conformations saved every 5 ps.

Mean-squared displacement

To calculate hydration water diffusivity, we track the mean-squared displacement (MSD)

of water oxygens within 5Å of an alpha carbon for a total time of 10 ps. This time scale

is sufficient to reach the linear regime of the MSD while not allowing a significant fraction

of hydration waters to move away from the peptoid.

Survival probability

We also characterize translational dynamics through survival probability calculations,

which track the rate at which hydration waters leave a pre-defined cutoff around the

peptoid. Every 50 ps, the waters within 5Å of the alpha carbon are tagged and we track

85



Sequence modulates polypeptoid hydration water structure and dynamics Chapter 5

the number remaining within the cutoff as a function of time, up to 50 ps. We average

these 50 ps windows to obtain a within-cutoff time correlation function, which allows us

to then extract an effective diffusivity by fitting to the solution to the diffusion equation

in a spherical region with a constant initial condition and absorbing boundary condition:

P (t) =
C0

√
Dt

πR

(
e−R2/Dt − 3

)
+

2C0(Dt)
3/2

πR3

(
1− e−R2/Dt

)
+ C0erf

(
R√
Dt

)
(5.1)

where R is the radius of the cutoff region, D is the diffusivity, and C0 is the initial

concentration (section D.2.1). Here, we fit both D and C0 over the region 5-50 ps.

Dipole dynamics

To quantify orientational water dynamics, we measure the rate of water dipole reorien-

tation. Every 50 ps, the waters within 5Å of the alpha carbon are tagged and then we

track the cosine of the angle between the initial and instantaneous dipole vectors over

the subsequent 50 ps and average the trajectories over these 50 ps windows. We extract

a timescale by fitting the decay to a stretched exponential: cos θ = exp(−(t/Torient)
β)

where we fit both Torient, the timescale, and β, over the region 1-50 ps.

5.3 Results

To systematically explore the effect of sequence on local water behavior, we simulate a

series of peptoid oligomer sequences built from polar and nonpolar residues, as shown

in Fig. 5.1. Because peptoid chemistry allows access to a wide diversity of sidechains,
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we can select polar and nonpolar sidechains that are comparable in size, in contrast to

canonical amino acids. The polar methoxyethyl sidechain or “NME” residue (“E” in

peptoid sequence labels used here) has been studied previously as a model polar group

in self-assembly systems175 and as a promising antifoulant,74 and the nonpolar n-butyl

sidechain or “alkyl” residue (“N” in peptoid sequence labels used here) has the same

number of heavy atoms and same linear geometry. We fix the total number of residues in

the peptoids at a length that makes systematic exploration of sequence effects feasible.

We also fix the location of the nitroxide spin label residue (“T” in peptoid sequence labels

used here), used for experimental measurements of local water translational dynamics

using Overhauser Dynamic Nuclear Polarization (section 5.3.4). In one series, we explore

the effect of the number of alkyl residues, keeping their placement (at the C-terminus)

constant, and in another series, we explore the effect of the placement of the alkyl residues,

keeping their number (3) constant. We will refer to the homopolymer of polar residues,

EEEEE-T, as the NME homopolymer peptoid, and to the homopolymer of nonpolar

residues, NNNNN-T, as the alkyl homopolymer peptoid.

5.3.1 Peptoids perturb water structure and dynamics

To obtain a baseline picture of how peptoid hydration water differs from bulk water, we

quantify shifts in water structure and dynamics from bulk water near the most hydrophilic

peptoid oligomer, the NME homopolymer (EEEEE-T in Fig. 5.1). Near that peptoid’s

backbone, we find that water is less dense than bulk water. Fig. 5.2a shows the backbone-
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Figure 5.1: Peptoid oligomers in solution. We vary the positions of the polar “NME” residue
and the nonpolar “alkyl” residue, keeping the overall peptoid length constant. In one series,
we vary the number of alkyl residues keeping the placement (at the C-terminus) constant and
in another we vary the placement of the alkyl residues keeping the number constant. The
C-terminal TEMPO residue allows experimental probes of local water translational dynamics
using Overhauser Dynamic Nuclear Polarization (section 5.3.4). The circled carbon denotes
one of the peptoid’s alpha carbons or Cα (each residue contains one). Only waters within 5Å
of these alpha carbons are considered for the mean-squared displacement, survival probability,
and reorientational time calculations (section 5.2.2).

water radial distribution function, which as one might expect is less than unity at close

distances (63% of bulk water density at the first peak at 4.7Å), suggesting a dehydrated

backbone. The shape of the RDF also indicates that the first hydration shell extends

to approximately 5.3Å, where the local minimum is, and that the subsequent hydration

shells are less well-defined, with only shoulders at 7.3Å and 9.4Å. This suggests the

peptoid does not structure water strongly past approximately 5Å, which we use as a

cutoff for subsequent measures.

The RDF does not provide direct insight into collective aspects of water structure,

such as its hydrogen bonding-induced tetrahedrality, known to be fundamental to wa-

ter’s unique behavior.48 Dhabal et al. previously reported that three-body measurements
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Figure 5.2: The NME homopolymer peptoid perturbs water from its bulk structure. (a)
The radial distribution function (solid line) shows that the peptoid backbones are dehydrated
compared to bulk (dashed line). (b) Compared to bulk water (dashed line), the three-body
angle distribution for the peptoid hydration waters (solid line) are slightly enhanced in the
tetrahedral (100o-120o) region. (c) Subtracting out the bulk distribution more clearly shows
the enhancement in the tetrahedral region for the peptoid’s hydration waters.

are needed to probe tetrahedrality.251 Monroe et al. showed that the three-body angle

distribution in particular can capture water’s collective behavior near a solute, and is pre-

dictive of thermodynamic properties of solvation.62 The three-body distribution for bulk

water has two distinctive peaks: one near 63.4o characteristic of a simple, close-packed

fluid in an icosahedral configuration, and one near 109.5o characteristic of tetrahedral

configurations62 (Fig. 5.2b, dashed line). Near the NME homopolymer’s heavy atoms,

the tetrahedral peak is enhanced and the icosahedral peak diminished (Fig. 5.2b, solid

line), compared to bulk water, as more clearly illustrated in Fig. 5.2c, which shows the

difference between the distributions of the peptoid hydration water and bulk water.

The observed shifts in water structure accompany reductions in water’s translational

and orientational dynamics. Fig. 5.3a shows the mean-squared displacement (MSD)

of water in the bulk and near the peptoid backbone alpha carbons (an alpha carbon
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is circled in the chemical structure presented in Fig. 5.1). The hydration water MSD

and hence its diffusivity is lower compared to bulk: the computed diffusivities from the

MSDs are 0.246Å2/ps for bulk and 0.146Å2/ps for the peptoid’s hydration water, showing

a significant decrease of roughly 40% for water near the peptoid surface.

Figure 5.3: The NME homopolymer peptoid slows down its hydration water. (a) The mean-
squared displacement, (b) survival probability, and (c) dipole correlation all show slower water
near the peptoid’s backbone (blue lines) compared to bulk behavior (black lines). The fits to
the models (circular and star markers for peptoid hydration water and bulk water, respectively)
are good and the fitted dynamical quantities show the same trend.

The MSD calculation may fail to capture highly localized behavior, as some water

molecules can move out of the cutoff region during the 10 ps observation interval. The

survival probability, P (t), shown in Fig. 5.3b, provides an alternate, strictly localized

approach to report on translational dynamics. This metric gives the probability that a

water molecule within a cutoff region at time t = 0 will remain in that region after time

t. Bulk water’s survival probability (computed within a 5Å radius sphere in a box of bulk

water, simulation details in section D.1.3) decreases faster with time than that of water
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near the peptoid backbone alpha carbons, suggesting slower dynamics in the latter case.

By fitting survival probability time traces to a diffusion model based on the diffusion

equation in a spherical geometry (section 5.2.2), we obtain a diffusivity for hydration

water (0.170Å2/ps) that is 30% lower than that of bulk (0.248Å2/ps), mirroring the trend

seen by the MSDs. The two computed metrics of translational diffusivity are generally

correlated (Fig. D.7), but the diffusivities obtained from the survival probability are

consistently higher than those from the MSD, as the diffusivity of the peptoid itself also

contributes to the decay of the survival probability (section D.2.2).

Water’s orientational dynamics similarly slow near the peptoid backbone compared

to the bulk. Fig. 5.3c shows the decay of ⟨cos θ⟩ for the angles θ between initial and

later-time dipoles made by hydration waters. As with the survival probability, the corre-

lation for bulk water decays faster than for hydration water near the peptoid backbone,

indicating slower orientational dynamics in the latter. By fitting to a stretched exponen-

tial (section 5.2.2), we find characteristic rotational correlation times, Torient, of 5.1 ps for

bulk and 15.4 ps for hydration water, respectively. These collective findings are qualita-

tively consistent with previous computational studies showing that water is slower, both

translationally and rotationally, near short peptide surfaces,252,253 though quantitative

differences in the magnitude of the reduction exist, likely due to differences in sidechain

chemistry.
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5.3.2 Sequence and conformation affect water dynamics

The results discussed so far demonstrate that the NME homopolymer significantly per-

turbs its hydration water relative to bulk water. Now, we examine whether changes in

the number and sequence of nonpolar alkyl residues in the peptoid can tune that pertur-

bation. We compare local water dynamics around the backbone with varying sequences

of the polar NME residue (“E”) and the nonpolar alkyl residue (“N”) (see Fig. 5.1 for

chemistries). Fig 5.4 shows water diffusivities extracted from the survival probability

and rotational correlation times extracted from the dipole correlation (full trajectories

in Fig. D.16-D.17), while varying both the number and placement of the alkyl residues

(EEEEE-T, EEEEN-T, EENNN-T, NNNNN-T, NNNEE-T, NENEN-T). When compar-

ing the set of sequences with increasing number of alkyl residues at the C-terminus of the

peptoid (EEEEE-T, EEEEN-T, EENNN-T, NNNNN-T), we observe that the addition of

alkyl residues leads to slower translational and rotational dynamics of hydration water.

The decreases do not scale linearly with the number of alkyl residues, suggesting that the

effect is non-additive, i.e. that it cannot be separated into distinct contributions from

each residue. The three sequences with the same number of alkyl residues, but varying

placement (EENNN-T, NNNEE-T, NENEN-T), also show differences in their hydration

water dynamics, which further reveals the non-additive effects of peptoid chemistry on

water dynamics; the sequence, in addition to total composition, modulates the hydra-

tion water dynamics. Specifically, the peptoid oligomer with its alkyl residues at the

C-terminus (EENNN-T) shows slower dynamics than the ones with these residues at the
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N-terminus or distributed (NNNEE-T, NENEN-T).

Figure 5.4: Both the number and arrangement of nonpolar residues affect local translational
and orientational dynamics. Both the (a) translational diffusivity and (b) rotational correlation
time show that water is slower near peptoids with more nonpolar residues at the C-terminus.
Variations in the placement of the nonpolar residues can also affect local dynamics: water is
faster when the nonpolar residues are moved further away from the C-terminus in the sequence.

Measuring water dynamics locally around individual residues provides additional ev-

idence of the non-additive effect of peptoid sequence on hydration water behavior. The

translational diffusivity measured around all residues of the alkyl homopolymer (Fig.

5.5a, orange stars) is consistently lower than the diffusivity around the position-equivalent

residues in the NME homopolymer (Fig. 5.5a, blue circles). Slower dynamics around the

alkyl homopolymer is consistent with the reduction in dynamics reported in Fig. 5.4.

However, for the sequences containing both alkyl and NME residues (Fig. 5.5b, 5.5c,

5.5d), the dynamics around the individual residues do not match those of the homopoly-

mer residues of the same chemistry and position. There are, instead, significant deviations

between the diffusivity around the NME residues in the heteropolymers (circles) and the

diffusivity around the NME homopolymer (upper bound of the shaded region), as well
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as between the diffusivity around the alkyl residues (stars) and the diffusivity around

the alkyl homopolymer (lower bound of the shaded region). The dynamics are clearly

influenced by the chemistry of the neighboring residues. For instance, water near the

N-terminal NME residues in EENNN-T (Fig. 5.5b) is significantly slower than water

near the N-terminal residue in the NME homopolymer (compare left-most marker with

the upper bound of the shaded region in Fig. 5.5b). These trends are also reflected in

the rotational dynamics (Fig. D.18).

Figure 5.5: The effect of sequence on water dynamics is non-additive. The translational
diffusivity measured around each alpha carbon of the peptoids (instead of averaged over all
alpha carbons, as is reported in Fig. 5.4a) show complicated trends that reflect the chemistry
of the residue’s neighbors, in addition to the residue itself. Trends for the homopolymers are
plotted in panel (a) and are shown as a reference in all other panels as gray, shaded regions.
For the heteropolymers, the sequences corresponding to each panel are shown below the pan-
els. The arrows indicate the residue around which the diffusivity is measured. Star-shaped
markers represent alkyl residues while circular markers represent NME residues. Thus, for
the star-shaped markers, the position-equivalent diffusivity values for the homopolymer of the
same chemistry are the lower boundary of the shaded region, while for the circular markers,
the position-equivalent diffusivity values for the homopolymer of the chemistry are the upper
boundary of the shaded region.

For conformationally dynamic molecules, residue sequence can also affect hydration

water dynamics by inducing different conformational ensembles. To quantify such effects

here, we calculate end-to-end distance distributions, P (Ree), which give the probability

of the terminal nitrogens on the peptoid backbones adopting a defined separation dis-
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tance, Ree. The end-to-end distance distribution for peptoids with more alkyl residues is

shifted to lower distances (Fig. D.1), suggesting that these sequences are slightly more

compact. To determine whether the observed effect of sequence on water dynamics in

Fig. 5.4 is influenced by this slight shift in conformation, we separate out the effect of

conformational changes by comparing hydration dynamics between peptoids with similar

conformation. For this analysis, we focus on the NME homopolymer and the alkyl ho-

mopolymer, since they show the largest differences in dynamics as well as conformation.

We identify common structural states of NME and alkyl homopolymers through joint

conformational clustering (section D.3.1). We then compare the water dynamics around

the most extended (average end-to-end distance, ⟨R2
ee⟩

1/2
, is 12.8Å) NME homopoly-

mers and similarly extended alkyl homopolymers, as well as around the most compact

(⟨R2
ee⟩

1/2
, is 7.1Å) NME homopolymers and similarly compact alkyl homopolymers.

Fig. 5.6 compares the translational diffusivity for these four structural groups. When

comparing the extended conformations, the NME homopolymer shows faster water dy-

namics than the alkyl one. The trend is the same for the groups of compact conforma-

tions. Again, the same trends are reflected in the rotational dynamics (Fig. D.19). Thus,

the effect of sequence remains qualitatively the same whether we compare water around

NME and alkyl homopolymers with similar conformations, or average over all confor-

mations, even though the conformational distributions themselves shift between the two

sequences. This suggests that the effect of sequence on hydration water dynamics here is

primarily due to a change in the local chemical environment, and not due to variations
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in the peptoid conformational landscape.

Figure 5.6: Comparison of water dynamics around different sequence with similar conforma-
tions shows the effect of sequence is qualitatively independent of conformation. Comparing
groups of similar conformations from both the NME homopolymer and alkyl homopolymer
sequences (solid bars are the extended conformations, hatched bars are the compact conforma-
tions), water remains slower near the alkyl homopolymer peptoid. Between groups for a given
sequence (blue bars are the NME homopolymer sequence, yellow bars are the alkyl homopoly-
mer), water is slower near conformations with lower end-to-end distance.

5.3.3 Sequence-induced shifts in water dynamics and structure

are correlated

Section 5.3.1 showed that water around the peptoid is slower than in bulk, as well as

less dense and more tetrahedral, suggesting that slower dynamics may be linked to more

structured water. To confirm this, we computed the three-body angle distributions for

all sequences studied (Fig. D.15). As the number of nonpolar residues increases, the

three-body angle distributions shift further from bulk, exemplified by the distribution for

the alkyl homopolymer shown in Fig. 5.7. Specifically, the characteristic peaks for the

tetrahedral (100-120o) regions increase in magnitude, at the expense of the icosahedral

(50-70o) regions, indicating a larger population of structured, tetrahedral water. To
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quantify this increase in tetrahedrality, we integrate the distribution in the tetrahedral

region: Ptet =
∫ 120

100
(P (θ) − Pbulk(θ))dθ. These values are shown in the inset of Fig.

5.7. The trends clearly demonstrate the increase in tetrahedrality with the number of

nonpolar residues, as well as the dependence on sequence, independent of the number of

residues. The trends indeed mirror the effects of sequence on water dynamics shown in

Fig. 5.4.

Figure 5.7: The three-body angle distribution shows enhanced tetrahedrality for the alkyl
homopolymer compared to the NME homopolymer. The circular markers show the same dis-
tribution as Fig. 5.2c for the NME homopolymer, where the bulk water three-body angle
distribution has been subtracted out. The star-shaped markers show the same distribution for
the alkyl homopolymer, and there is a clear enhancement of the distribution in the tetrahe-
dral region (shaded gray) and diminishment in the icosahedral region. (Inset) The integrated
tetrahedral region, Ptet =

∫ 120
100 (P (θ) − Pbulk(θ))dθ for all the sequences studied shows that

the enhancement in tetrahedrality increases with the number of nonpolar residues and is also
sequence-dependent independent of composition.

Remarkably, this structural measure of tetrahedrality, Ptet, is quantitatively correlated

with the dynamical quantities shown in Fig. 5.4. To illustrate, Fig. 5.8 gives cross-plots

of the translational diffusivity (D), rotational correlation time (Torient), and Ptet, along

with another structural metric, Nwater, which quantifies local water density by reporting
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the total number of waters within a 15Å radius of a peptoid heavy atom (obtained from

integrating the RDF; full distributions in Fig. D.14). Note that Fig. 5.8 reveals strong

relationships between tetrahedrality and dynamics in particular, with weaker but still ap-

parent correlations between Nwater and the dynamic measures. Similar relationships have

been found in simulation studies of bulk water,254–257 small molecules,258 and extended

surfaces.61,259 We comment more on this connection in section 5.4.

Figure 5.8: Local water structure and dynamics are correlated. The strongest correlations
are between diffusivity from the survival probability (D), the timescale of dipole reorientation
(Torient), and the integrated tetrahedral region from the three-body angle distribution (Ptet).
There are weaker correlations between these quantities and the number of waters computed
from integrating the RDF (Nwater).

5.3.4 The spin label captures changes in water dynamics

Overhauser Dynamic Nuclear Polarization (ODNP) can directly probe local water dy-

namics near a spin label that can be placed at different locations in the system.260,261

Previous work on a globular protein has shown that ODNP can measure the subtle site-

specific differences in local water dynamics that are due to the folded protein surface’s
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chemical and topological heterogeneity.262 A crucial question is whether it is possible to

detect sequence-specific or site-specific differences in local water dynamics near conforma-

tionally dynamic spin-labeled biomacromolecules. As a proof of concept for using ODNP

to probe distinctions in peptoid hydration water dynamics, we study three systems: a

4-OH TEMPO spin label in solution, an NME-homopolymer peptoid in solution, and an

NME-homopolymer peptoid tethered at its N-terminus to a hydrated silica surface. The

peptoids are spin-labeled at the C-terminus. Details regarding the peptoid synthesis and

ODNP measurements are given in Ref. [245].

Fig. 5.9 shows translational diffusivities computed from simulations (dark, solid bars;

details in section D.1.5) and measured from ODNP (light, hatched bars). The results

demonstrate that waters near the spin label on a peptoid are slower than water near a spin

label in bulk solution. Both ODNP and MD simulation show an additional reduction in

water dynamics around a peptoid tethered to a silica surface compared to the free peptoid.

Notably, for both the free and tethered peptoid, ODNP registers a larger decrease in water

diffusivity than MD simulations, also seen in work by Schrader et al. on silica surfaces.249

This difference in retardation may result from a variety of factors including differences

in temperature (300 K for MD vs. 291.15 K for ODNP) or differences in hydrogen bond

fluctuations and hydrogen hopping (accounted for in ODNP,261 but not MD). Regardless,

qualitative agreement between ODNP and MD findings demonstrate ODNP’s ability to

probe site-specific shifts in local water dynamics.
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Figure 5.9: Water dynamics near the spin label shows clear decreases when the spin label
is tethered to a peptoid and again when the peptoid is tethered to a silica nanoparticle. The
MD diffusivities (dark, solid bars) are computed from the survival probability of water within
7Å of the spin label’s oxygen radical atom, approximately encompassing the waters captured
by ODNP.261 The experimental ODNP measurements (light, hatched bars) show similar qual-
itative trends. Both measurements are normalized by an appropriate measure of bulk water
diffusivity: Dbulk,MD = 0.243Å2/ps is computed as described in section 5.3.1 from the survival
probability in bulk water at 300 K and Dbulk,ODNP = 0.19162Å2/ps is interpolated from a series
of experimental results at varying temperatures263–271 where the interpolation is performed in
Ref. [272] to 291.15 K.

5.4 Discussion

The present results demonstrate that peptoid oligomers with both polar and nonpolar

side chains perturb their hydration waters from bulk behavior and that the perturbation

is modulated by sequence. Further, we find that shifts in water dynamics are tightly

correlated with structural metrics. Taken together, and in the context of previous liter-

ature on extended surfaces, these results address major points related to the hydration

of disordered molecules, namely: At what lengthscale does water respond to disordered
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molecules? Are these responses due to changes in conformation or local chemical envi-

ronment? Are these responses correlated?

5.4.1 Water shows small-lengthscale responses to disordered

polypeptoids

The reduction in dynamics with increasing nonpolar content shown in Fig. 5.4 is con-

sistent with previous work for nonpolar sites on small-molecule surfaces that suggests

changes in water’s local chemical environment, and in particular the unavailability of

hydrogen-bonding partners, directly affect water dynamics.252,273 However, this behavior

is opposite of the trend observed for extended surfaces, where it has been shown that the

chemistry of the surface—both the types of chemical groups and their spatial arrange-

ment—affects local water structure, dynamics, and thermodynamics.61,70,130,132,274–276 In

particular, water near extended surfaces comprising polar groups exhibits increased struc-

turing,70 smaller density fluctuations,70 and slower dynamics,61 especially when those

polar groups are dispersed evenly across the surface.61,131 Near extended hydrophobic

surfaces, on the other hand, water shows reduced structuring, larger density fluctuations,

and faster dynamics.

Our finding suggests that even though the polypeptoid is generally larger than molecules

observed to induce large-lengthscale hydrophobic behaviors, such as neopentane,277 wa-

ter nevertheless responds to the polypeptoid surface as if it were a smaller molecule. This

is further supported by the observation shown in Fig. 5.6 that changes in conformation
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that straddle the 1 nm crossover lengthscale have little impact on the shift in water dy-

namics with sequence variation. The effective lengthscale, from the perspective of water,

is thus that of the local peptoid residue and adjacent residues, as opposed to the entire

molecule. This phenomenon could be due to the “rough” molecular surface that polypep-

toids present, preserving small-lengthscale behavior. Furthermore, the relatively polar

peptoid backbone that can hydrogen-bond with water may also reduce water dynamics

and hinder the emergence of responses characteristic for large-lengthscale hydrophobic

behavior.

This picture of small-lengthscale response is further reinforced by the analysis of

water’s three-body angle distributions around the peptoids compared to bulk, showing

that for all sequences the hydration water manifests enhanced tetrahedrality, and the

addition of nonpolar sidechains enhances tetrahedrality further (Fig. 5.7 and Fig. D.15).

Water in the peptoid system thus shows small-lengthscale responses, despite the fact that

the peptoid is more comparable in size to larger colloids around which water shows shifts

away from tetrahedrality.62

5.4.2 In disordered polypeptoids, sequence has a larger effect

on water behavior than conformation

For extended, idealized surfaces, topology or surface “roughness” does affect local water

dynamics, in addition to chemistry.141,145 For realistic surfaces, both factors have also

been shown to affect dynamics.141,148 However, Persson et al. argue that differences
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in topology, not polarity, account for shifts in water dynamics at protein surfaces and

present a model for the reduction in dynamics based solely on a “confinement index”

that is independent of protein chemical identity.278 On the other hand, Sterpone et al.

presented an “extended jump model” describing water reorientational dynamics that has

contributions from both topology, in the form of an excluded volume contribution, and

chemistry, in the form of solute-water hydrogen-bonding strength.273,279

Here, comparison of water around the most extended and compact conformations

of NME homopolymers (Fig. 5.6) shows a small effect of conformation, as water near

peptoids with smaller mean end-to-end distances show consistently slower dynamics. The

same trend is seen for water around extended and compact alkyl homopolymers. This

suggests that more compact polypeptoids lead to more structured and slower water. The

peptoid oligomers explored in this work, however, are still relatively small (near the 1

nm crossover), so future work could explore whether longer polypeptoids that collapse

into globular structures would recover large-lengthscale hydrophobic responses.

The effect of conformation on water dynamics is smaller than that of sequence for

disordered polypeptoids, as the reduction in dynamics going from an extended NME

homopolymer to an extended alkyl homopolymer is larger than the reduction from an

extended NME homopolymer to a compact NME homopolymer (Fig. 5.6). This finding

does not necessarily contradict that of Persson et al.’s analysis for globular proteins278 as

larger, structured molecules introduce the possibility of buried water molecules, leading

to significant confinement effects. In the types of small and disordered systems here,
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confinement effects and buried water molecules are unlikely to occur; for instance, Fig.

5.3c shows that the dipole reorientation decays to below 0.1 within 50 ps, signaling no

significant contribution from exceptionally slow water molecules near the peptoid.

5.4.3 Water dynamics and tetrahedrality are connected

Fig. 5.8 reveals significant relationships between the structural and dynamical metrics

characterizing water behavior near the peptoid. In particular, we find strong correla-

tions between both the dynamical metrics and the enhancement in tetrahedrality in the

peptoid’s hydration waters, with R2 = 0.96 for translational and R2 = 0.94 for orien-

tational dynamics. This finding is consistent with correlations between diffusivity and

other collective measures of water structuring, such as configurational or excess entropy

for bulk and hydration water,61,254–257,259 as well as previous work specifically relating wa-

ter dynamics to tetrahedrality. Galamba observed joint increases in tetrahedrality and

reductions in dynamics near small-molecule hydrophobes, though they did not quantify a

correlation.258 Dahanayake et al. showed a correlation between diffusivity and tetrahedral

order over different sites at the surface of an enzyme.259 This present works shows that a

similar correlation also applies to shifts in water behavior at disordered molecules due to

changes in molecular chemistry. In contrast, the local density, quantified by Nwater, shows

weaker correlations with translational (R2 = 0.86) and rotational (R2 = 0.86) motion.

Thus, the enhancement in tetrahedrality, a metric that captures collective, network-like

structuring in water, is more closely related to the reduction in water dynamics compared
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to the reduction in local density, a single-body metric.

Based on these findings, we hypothesize that the strong correlation between water dy-

namics and structural rearrangement with enhanced hydrogen-bonding networks can be

used to infer shifts in collective water structure from experimental measurements of local

dynamics. This ability will be important to future studies experimentally probing shifts

in water behavior near molecules that are more difficult to interrogate computationally

or with other experimental techniques, allowing us to reach a deeper understanding of

water behavior in realistic systems and to relate such findings to simulation and theory.

5.5 Conclusions

In this chapter, we establish that polypeptoids perturb their hydration water from bulk

behavior and that polypeptoid sequence affects the magnitude of these perturbations.

Specifically, we find that a peptoid oligomer comprised of polar residues makes its hydra-

tion water less dense, more tetrahedral, and slower, both translationally and orientation-

ally, compared to bulk and that these effects become stronger with increasing number of

nonpolar residues. Furthermore, the contribution from nonpolar residues in this small-

molecule system is non-additive and dependent on the sequence, i.e. the context of

the inserted nonpolar residues. Specifically, nonpolar residues enhance water dynamics

near adjacent polar residues, and vice versa, confirming that residue hydrophobicity in

polypeptoids is context-dependent as has been observed for protein surfaces.280 Compar-

ison of subsets of extended and compact conformations for the homopolymers shows that
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the observed effect of sequence is qualitatively independent of changes in the dynamic

conformations of disordered polypeptoids.

The overall effect of nonpolar groups in these systems is to reduce water’s dynamics.

These findings provide insight into the effective polypeptoid lengthscale to which water

responds, which appears more localized than the entire molecule. Thus, this polypeptoid

system does not behave like extended surfaces, while it also shows non-additive behavior

more complex than small-lengthscale hydrophobicity, inviting future investigation into

both longer polypeptoids and more diverse polypeptoid chemistries and sequences to

determine the generalizability of this picture of polypeptoid hydration water response.

We have also demonstrated that a collective measure of water structure—specifically,

of tetrahedrality—is strongly correlated with the non-additive responses observed for

polypeptoid hydration water dynamics. This suggests that the dynamical response is

linked in origin to collective structural rearrangements of water, and that experimental

techniques probing water dynamics may be an effective approach to report on collec-

tive structural behavior of hydration water, enabling further investigation into structure-

dynamics-thermodynamics correlations of water hydrating conformationally dynamic sys-

tems. An understanding of how polypeptoids mediate water response allows for the tun-

ing of water-mediated interactions, which is crucial for designing both self-assembling

polypeptoid systems as well as polypeptoids that modulate assemblies of other materi-

als. For instance, other groups have proposed mechanisms by which peptoid sequence

control of water structure at a surface can tune crystallization processes.166,169 Thus,
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a systematic study of the effect of the chemistry of surface-tethered peptoids on water

behavior, expanding on the single silica-tethered peptoid system studied here, is the sub-

ject of the next chapter. More broadly, the design of novel chemistries and materials for

applications aiming to modulate water and solute responses will rely on the elucidation

of the effect of heterogeneous chemical functionalities on the water-mediated interaction

of the surface with solutes.
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Chapter 6

Relationships between water’s

structure and solute affinity at

polypeptoid brush surfaces

6.1 Introduction

In the previous chapter, we determined that peptoid sequence can tune its hydration

behavior in dilute solution. In this chapter, we show that peptoids tethered to a surface

similarly affect the surface’s hydration behavior, and furthermore that the changes in

hydration behavior have consequences for the affinities of small-molecule solutes for the

surface. Such effects are meaningful because a key desirable characteristic of an aqueous

interface is the ability to resist unwanted solute physisorption. Much of the work in de-
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signing such antifouling surfaces for applications ranging from water filtration membranes

to medical devices is currently based on heuristics: studies suggest that to minimize affin-

ity for solutes such as proteins and colloids, surfaces should be smooth, hydrophilic, and

non-hydrogen-bonding,44,45 although these relationships are highly system-dependent.281

Poly(ethylene oxide)282,283 and zwitterionic surfaces284–286 have been reported as par-

ticularly promising for antifouling. These chemistries are hypothesized to repel solutes

via their effect on water structure and thermodynamics by creating a “tightly bound”

layer of hydration water.28,287–290 However, a nanoscopic understanding of the structure

of this water layer’s properties and scope, and how it is influenced by the surface chem-

istry, remains lacking. Understanding these relationships is key to designing antifouling

interfaces and moving from heuristics to molecularly-informed strategies.

At the same time, a wide body of literature has developed a molecular picture of water

and solutes at idealized surfaces. Importantly, this work has elucidated water’s distinct

structuring around small (< 1 nm) versus large (> 1 nm) lengthscale hydrophobes and

the consequences of this structuring for their solvation and aggregation properties.56

Water has an even more complex response to surfaces and solutes with polar moieties, as

prior work on systematically varied model systems has demonstrated.131,225,231,291,292 For

instance, the arrangement of hydrophilic groups can significantly alter water’s structure,

dynamics, and thermodynamics, and consequently can vary the affinity of solutes to

such surfaces. As a result, simple additive models based solely on surface chemical

composition cannot capture solute affinity for such chemically heterogeneous surfaces.
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Instead, models that account for these spatial correlations in surface and solute chemical

structure152,293,294 are required. Realistic surfaces further complicate this picture, as

they contain both polar moieties and some degree of topological heterogeneity, leading

to both small and large-lengthscale responses. Prior work has sought to understand

and model how both surface chemistry and topology affect hydration water behavior,

solvation thermodynamics, and surface-solute interactions.51,55,61,79,141,144,145,148,295–299

One roadblock to elucidating the relationship between water behavior and solute

adsorption for a realistic surface is the difficulty of characterizing water’s structure

and dynamics at a molecular level. Sum frequency generation (SFG) vibrational spec-

troscopy is hypothesized to distinguish between strongly and weakly hydrogen-bonded

water molecules at interfaces300 and has been used to characterize water hydrogen bond-

ing at antifouling materials and changes in surface hydration upon adsorption of proteins

or other solutes.301–303 These SFG studies have found that water at antifouling zwitte-

rionic and poly (ethylene glycol) (PEG) surfaces is “strongly hydrogen-bonded,” sup-

porting the hypothesis that antifouling surfaces have “tightly bound” hydration layers.

However, definitive assignment of SFG features to specific water structures remains an

open problem.304

Simulations can provide molecular-level mechanistic insight relating reduced solute

adsorption to hydration water behavior at a variety of materials. For instance, Jiang and

coworkers found that interfacial water is responsible for the repulsive force between model

proteins and antifouling brush surfaces such as PEG, zwitterionic phosphorylcholine, and
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zwitterionic poly-trimethylamine N-oxide (pTMAO).305–308 Similarly, Leng and coworkers

found that hydration water repels solutes for the cases of alginate binding to both short

zwitterionic sulfobetaine brush surfaces and PEG-decorated polyamide surfaces.309,310

Other efforts have found relationships between properties of a surface’s hydration water

(e.g. hydrogen bonding energy, orientational structure) and affinity of smaller molecule

solutes such as alkanes311 and surfactants.312 Conversely, some studies have focused on

the relationship between the solute’s hydration shell structure and surface affinity, finding

that small ionic and neutral solutes that have a larger hydration shell with more attractive

water-solute energetic interactions show lower sorption in a polyamide membrane.313

However, it is less clear how the interplay between surface and solute hydration water

affects solute affinity for the surface.

To systematically study the effect of chemistry on surface hydration water and conse-

quent solute affinity for realistic antifouling chemistries, we use the previously experimentally-

validated simulation models and methods212 to examine water behavior near a series of

chemically varying polypeptoid brush surfaces. Polypeptoids are highly tunable and thus

provide an attractive platform for studying effects of surface chemistry in a controllable

manner. Prior computational studies of water behavior near peptoids in dilute solu-

tion209,245 and comprising a brush surface244 found that peptoid chemistry significant

affects both water structure and dynamics. Furthermore, both uncharged and zwitteri-

onic polypeptoid brushes demonstrate excellent protein antifouling properties,177,314 and

studies have related these properties to features of the SFG spectra, suggesting more

112



Water structure and solute affinity at polypeptoid brush surfaces Chapter 6

strongly hydrogen bonded water.182,315 Thus, polypeptoid surfaces represent an excellent

model system to investigate the relationships between water structure and solute affinity.

Here, we examine a series of surfaces with polypeptoid chemistries ranging from non-

polar to polar (uncharged) to zwitterionic and compute the affinities of small-molecule

solutes with representative chemistries similar to those found in natural organic matter

(NOM) foulants316,317 along with other common contaminants.92 Through a decompo-

sition of the free energy of binding, we show that an entropic restructuring term drives

reduced affinity of these solutes for the zwitterionic surfaces. We examine several struc-

tural metrics that characterize water in the hydration shell and show that water’s triplet

angle distribution in particular reveals significant variations between the uncharged and

zwitterionic surfaces. Finally, we demonstrate how shifts in water’s tetrahedral structure

near the surface in the presence of a solute reflect the entropic restructuring contribution.

Collectively, these results offer a new perspective for understanding the structural and

thermodynamic features of surface hydration water, distinct from water-surface binding

strengths, that underpin solute-surface affinity and fouling.

6.2 Methods

6.2.1 Peptoid and poly (ethylene oxide) surface construction

We create a peptoid brush interface by tethering short peptoids (6 monomers long) to a

self-assembled monolayer (SAM) comprising methyl-terminated chains (Fig. 6.1a). We
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use the same SAM parameters and geometry as in Ref. [79] such that the surface has

dimensions of 2.98 nm× 3.44 nm. The positions of the sulfur atoms in the SAM chains are

kept fixed during the simulation. The peptoids are capped by a hydrogen (N-terminus)

and amino group (C-terminus) and are modeled using the MFTOID forcefield.206 Our

previous work has shown that MFTOID accurately reproduces peptoid conformation

experimentally measured by Double Electron Electron Resonance.212 We model water

using the OPC4 model247,248 and solutes following Ref. [79] except for boric acid, for

which we use the model developed in Ref. [122].

We simulate five different surfaces (Fig. 6.1c), each with a homogeneous brush com-

position of the same peptoid sequence. Three surfaces are “uncharged,” where each

peptoid is a homopolymer of net-neutral monomers. The “uncharged” sidechains include

a “hydrophobic” n-butyl group and “hydrophilic” methoxy-ethyl and n-propanol groups

(Fig. 6.1b). Two of the surfaces are zwitterionic, where each peptoid comprises four

methoxy-ethyl residues, one positively charged residue (a lysine analog) and one neg-

atively charged residue (a glutamic acid analog, Fig. 6.1b). In the “separated-charge

zwitterionic” peptoid, the anionic residue is at the C-terminus (closest to the peptoid-

water interface) while the cationic residue is in the middle of the peptoid, separated by

two methoxy-ethyl residues. In the “consecutive-charge zwitterionic” peptoid, the an-

ionic residue is again at the C-terminus with the cationic one immediately preceding it.

Parameters for the uncharged sidechains and capping groups follow Refs. [212] and [245],

while those for the charged sidechains follow Ref. [244]. We tether the peptoids at a
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surface density of 1.17 nm−2, or 12 peptoids per SAM surface (details in section E.1.2).

For better statistics, we tether peptoids to both sides of the SAM surface as in Fig. 6.1a.

We also address the long timescale amide-bond isomerization that peptoids can un-

dergo. Accurately sampling isomerization of all 120 (5 bonds per peptoid × 12 peptoids

per surface × 2 surfaces) amide bonds in the simulation is intractable. Instead, we simu-

late a surface with a single tethered peptoid using the expanded-ensemble methodology

developed in Ref. [212] to determine the percentage of cis and trans states for each amide

bond in a given sequence (details in section E.1.1). For each peptoid brush simulation,

we then independently and randomly assign cis and trans states to each peptoid amide

bond, weighted by the computed equilibrium populations (details in section E.1.2).

As a comparative antifouling surface mimicking PEO brush chemistries, a poly (ethy-

lene oxide) (PEO) brush surface is also generated by grafting methyl-terminated ethylene

oxide (EO) 6-mers on each side of a grid of sulfur atoms with Au-hcp spacing as described

in Ref. [318] such that the surface has dimensions 3.90 nm × 4.00 nm. The EO param-

eters developed in Ref. [192] are applied. As with the peptoid systems, the sulfur atom

positions are fixed during simulation.

6.2.2 Surface simulations and analysis

We perform simulations using the OpenMM simulation engine.71 Electrostatic interac-

tions are computed using particle-mesh Ewald. Lennard-Jones nonbonded interactions

are cut off at 10Å. Hydrogen bonds are constrained with SHAKE123 and water is kept
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Figure 6.1: (a) Geometry of the peptoid brush surface system comprising the hydrophobic
substrate (methyl-terminated self-assembled monolayer), peptoids tethered to it, solvation and
reservoir water, and a solute. The wavy, blue line depicts the instantaneous peptoid-water
interface (details given in section E.1.2), and the orange line depicts the mean over all snap-
shots of that interface in the direction perpendicular to the surface. The distance from the
mean interface to the surface is denoted ∆z. The snapshot on the right was created in Visual
Molecular Dynamics, version 1.9.4.155 (b) Monomer chemistries for the (c) peptoid sequences
studied here. The sequences are depicted from the N- (left) to C-terminus (right), where the
former is tethered to the substrate.
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rigid with SETTLE.124 We run all simulations using Langevin dynamics with an integra-

tion timestep of 2 fs, a temperature of 300 K and a friction coefficient of 0.1 ps−1. For

simulations in the NPT ensemble, we set the pressure to 1 bar using a Monte Carlo baro-

stat with 200 fs between MC barostat moves. Simulations without a solute are run for

1 µs in the NPT ensemble, after equilibration (details in section E.1.2). For simulations

with a solute, we conduct umbrella-sampling simulations to sample all solute-surface

distances, simulating for 20 ns at each distance. We harmonically restrain the distance

perpendicular to the surface between the centroid of the solute’s heavy atoms and the

centroid of the SAM sulfur atoms (details in section E.1.2). We use MBAR125,218 to com-

pute the potential of mean force in the unrestrained state. Uncertainties are computed

from the standard error from independent repeats, as described further in section E.1.2.

To determine the instantaneous peptoid-water interface for a given snapshot, we follow

the procedure of Willard and Chandler (details in section E.1.2).69 We identify hydra-

tion waters as those with oxygen atoms within 7Å above (in the direction towards the

bulk water) any point of the instantaneous interface. The mean interface is the average

position, in the z-direction (perpendicular to the surface) of all the points in the instanta-

neous interface, over all snapshots, and is reasonably constant over the different peptoid

chemistries (see section E.1.2 for more details).

The PEO surface is simulated using similar procedures with minor differences de-

scribed in more detail in section E.1.3.
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6.3 Results and Discussion

6.3.1 Solute affinities to surfaces

We first determine whether the zwitterionic peptoid surfaces show enhanced antifouling

properties compared to the uncharged surfaces. To quantify solute-surface affinity, we

compute potentials of mean force (PMFs) or free energies G(z) between each peptoid

surface and a variety of solutes of varying polarity and hydrogen-bonding capabilities:

methane, methanol, isopropanol, phenol, benzene, boric acid, and capped glycine. Fig.

6.2 shows PMFs for exemplary polar (isopropanol) and nonpolar (benzene) solutes, while

additional solutes are in section E.3.1. As exemplified in these calculations, the PMF

for all solutes and surfaces asymptotes to zero around 10Å, while deep into the surface

(∆z < 0Å), the free energies increase sharply as solutes are less able to penetrate the in-

creasing peptoid brush density, with a corresponding increase in uncertainty in the PMF.

At intermediate distances for both isopropanol and benzene, the PMFs with uncharged

surfaces display a local minimum at around ∆z = 4Å, just above the peptoid-water in-

terface, indicating favorable surface-solute interactions and preferable solute adsorption.

In contrast, the PMFs with the zwitterionic surfaces show solute repulsion.

Benzene consistently shows more favorable interactions with all surfaces compared to

isopropanol. One factor could be the loss of isopropanol-water hydrogen bonds upon

binding. A decomposition of the PMF discussed in section 6.3.2 also suggests that

benzene experiences a smaller entropic penalty associated with water restructuring upon
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Figure 6.2: Potential of mean force (PMF), ∆G, between the peptoid surfaces and (a) iso-
propanol or (b) benzene as a function of distance from the surface-water interface, ∆z. Here,
∆z is computed with respect to the mean location of the surface-water instantaneous interface
(Table E.1), as described in section 6.2.2. The PMFs are shifted such that they reach 0 far
away from the surface. The error bars give the standard error computed from 10 independent
simulations, as described in section E.1.2.

binding to the uncharged surfaces (Fig. E.11). However, the qualitative trends with

respect to surface chemistry for the two solutes are the same: the wells in the PMF for

the alkyl surface are consistently the deepest, suggesting that both nonpolar and polar

solutes have the highest affinity for the most hydrophobic surface, agreeing with earlier

calculations for small solutes near more idealized surfaces.79 The methoxy surface is the

second most attractive, followed by the alcohol one, which shows the shallowest, though

still extant, well. Finally, both the separated-charge and consecutive-charge zwitterionic

surfaces uniquely repel the solutes, with the consecutive-charge surface showing stronger

repulsion.

To quantify solute affinity, we take the minimum value of the PMF within the 5Å

window above the peptoid-water interface, 0Å < ∆z < 5Å, for each combination of
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solute and surface (Fig. 6.3), including for the zwitterionic surfaces, where the PMFs are

largely positive in this region. Notably, in Ref. [79], the same solutes consistently have

higher affinities for a hydrophobic methyl-terminated self-assembled monolayer (SAM)

compared to a hydrophilic hydroxyl-terminated SAM. As in that work, all solutes here

exhibit favorable affinity for the uncharged surfaces, and only with the addition of charged

chemistries do any of the surfaces display solute repulsion. Also, like the uncharged

SAM surfaces, the uncharged peptoid surfaces generally have the highest affinity for

phenol, followed by benzene, and have the lowest affinity for methanol. Thus, despite

the more complex topological landscape presented by the peptoid surfaces compared to

much smoother and conformationally rigid SAM surfaces, the basic trends with respect

to surface and solute chemistries hold.

Figure 6.3: Affinities of a variety of solutes for the peptoid and PEO surfaces, computed
from the minima in the potential of mean force within 5Å above the surface-water interface.
The error bars give the standard error computed from independent simulations, as described
in section E.1.2.

To put affinities in the context of typical antifouling surface chemistries, a similar

calculation is performed for a poly (ethylene oxide) (PEO) brush surface, a system more
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widely studied and employed as an antifouling coating.28,44,289,301,319 Gray bars in Fig. 6.3

show the affinities of each solute for the PEO surface. Protein fouling measurements by

Ostuni et al.44 suggest comparable antifouling capacity for methoxy-terminated (PEO)

and hydroxyl-terminated poly (ethylene glycol) (PEG) SAMs. We leave it to future

efforts to determine the effect of terminal chemistry on the solute-surface affinities of the

small solutes considered in the present study.

Interestingly, the affinities of all solutes to the PEO surface are similar to those for

the uncharged peptoid cases, suggesting that uncharged peptoid brush surfaces may have

similar antifouling properties as PEO-based brush surfaces. While the overall trend with

respect to solute chemistry is also similar for the PEO and peptoid surfaces (e.g. among

the solutes, phenol shows the highest affinity while methanol the lowest), the quantitative

trends in affinities differ slightly. For some solutes, the PEO surface affinity is the closest

to that of the alkyl peptoid surface (e.g. methane, isopropanol, boric acid), while for

others, the affinity is closer to that of the methoxy peptoid case (e.g. benzene). While

the chemical functionality of the PEO surface is similar to the methoxy (ether groups)

and alkyl (terminal methyl groups) peptoid sidechain chemistries, other differences in

surface geometry could lead to these differences in the trends of solute affinity. The PEO

brush has a higher surface density compared to the peptoid brushes (4.62 chains/nm2

versus 1.17 chains/nm2, an approximately 4-fold difference). The peptoid chains adopt

more diverse conformations, resulting in approximately equal average number density of

the surface’s heavy atoms (Fig. E.3 and E.7). However, the relative flexibility of the
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peptoid chains leads to a rougher interface. The width of the instantaneous interface is

approximately 4Å for peptoids versus 1Å for PEO (Fig. E.2) and water density decreases

more sharply for PEO: the transition from bulk density to half of bulk density is over

approximately 8Å for peptoids (Fig. E.6) versus 4Å for PEO (Fig. E.8). The increased

roughness of the peptoid surface could induce a more complex dependence on solute size

and chemistry compared to the PEO surface.

The alcohol and zwitterionic peptoid surfaces exhibit enhanced solute repulsion – in

other words, weaker solute affinities – compared to the model PEO brush surface. While

previous work has suggested that surfaces with hydrogen-bond-donating groups may

lead to poorer fouling resistance, these studies were conducted with much larger solutes

such as proteins44 and algae315 that can have numerous hydrogen bonding interactions

with the surface. The smaller molecule solutes studied here would have much weaker

interactions with surface hydrogen-bond donors. The enhancement in solute repulsion

for the zwitterionic cases is consistent with prior experimental320 and computational

studies321 showing stronger protein adsorption at PEG surfaces compared to zwitterionic

ones. Reduced affinity near the consecutive-charge zwitterionic surface, compared to

the separated-charge case is also consistent with experimental work showing that an

increase in charge spacing correlates with an increase in protein adsorption.322,323 On

the other hand, the observed effect of charge spacing contrasts the work of Lau and

coworkers showing that the separation distance between these same peptoid sidechain

chemistries does not significantly affect protein adsorption;177 we note that the longer
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(20-mer) peptoid chains in that work may have enabled greater peptoid flexibility, such

that charges on distinct chains could rearrange to be in close proximity, masking the effect

of intrachain charge spacing. Indeed a computational study of similar peptoid brushes

showed significant chain mobility and charge complexation.244

6.3.2 Decomposition of solute free energy of binding

We also find that thermodynamic contributions to surface binding affinities reveal impor-

tant contributions from and distinct signatures of water restructuring. Our prior work

showed that enhanced solute affinity for nonpolar SAM surfaces is due to a reduction in

water restructuring entropic penalties when the solute is at the interface versus in the

bulk.79 Specifically, we rigorously decompose the PMF (Ref. [62]’s Supplementary Mate-

rial contains the complete derivation) into (1) a direct solute-surface energetic interaction

and (2) a relative entropy capturing water restructuring62,79:

G = ⟨Usw⟩+ TSrel (6.1)

where G is the free energy, ⟨Usw⟩ is the average energetic interaction between the

solute and the rest of the system, and Srel is the relative entropy between the states with

and without the solute; all of these terms are implicitly dependent on the distance from

the surface, ∆z. Here, the entropic term can be shown to be strictly positive such that

TSrel always serves as an entropic penalty in this decomposition; this fact and the positive

sign for that term are the consequence of its role as a relative entropy. Moreover, for rigid

solutes and surfaces, Srel only depends on variations in configurations of hydration layer
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waters of the surface and solute and hence always measures the unfavorable restructuring

of this water relative to bulk. The role of such restructuring in solute-surface affinity is

revealed by calculating:

∆G = ∆ ⟨Usw⟩+ T∆Srel (6.2)

where the ∆’s report differences in bringing a solute from bulk to adjacent to a

surface. For the earlier study on methylated SAM surfaces,79 for example, the T∆Srel

term was large and negative, offsetting the energetic term to result in overall favorable

surface-solute affinity for a range of small solutes, thus highlighting the importance of

water restructuring as a driving force for affinity. In the present study, the surfaces

are not rigid, and thus the relative entropy term also includes the effects of peptoid

surface restructuring. However, we estimate that this contribution is not significant

as the configurational fluctuations within any peptoid surface vary little as the solute

moves close it (Fig. E.14), suggesting that the distribution of surface conformations is

not significantly different in the presence of the solute. Thus, we expect that the changes

captured by T∆Srel can be ascribed to differences in the hydration water’s structural

rearrangement in the presence of a solute.

Fig. 6.4 shows that this thermodynamic decomposition for phenol reveals distinct

driving forces for its affinity at the peptoid and PEO surfaces. For all peptoid cases, the

solute’s energetic interactions with its environment become more favorable (negative)

as it moves closer to the surface. Even for the alkyl surface, this contribution remains

slightly favorable, signaling that either the solute does not undergo complete desolvation
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as it approaches the surface or, that this change is energetically offset by interactions with

the surface itself. Interestingly, the favorability of the energetic contribution follows the

opposite order of the affinities, and it is the relative entropy contribution that ultimately

determines the ranking in the overall surface affinity. Specifically for the alcohol and

zwitterionic surfaces, the relative entropy component becomes increasingly repulsive as

the solute moves closer to the surface, suggesting that the surface and solute hydration

water undergo an increasing degree of restructuring to accommodate the solute near

the interface. In contrast, this contribution is negative for the alkyl, methoxy, and PEO

surfaces, therefore enhancing the favorability of binding. This decomposition gives similar

qualitative trends for the other small molecule solutes examined (Fig. E.11). Unlike

the peptoid surfaces, phenol sorption at the PEO surface is energetically unfavorable,

suggesting weaker surface-solute energetics; this could result from the solute’s weaker

interactions with the outward facing methyl terminal groups of the PEO chains.

6.3.3 Structure of surface hydration water

The results above show that the model peptoid surfaces capture trends in antifouling

behavior observed in prior work on model membrane surfaces—zwitterionic peptoids en-

hance solute repulsion compared to uncharged PEG/PEO-like (alcohol, methoxy, alkyl)

peptoids. We therefore expect this peptoid platform to provide insights into relationships

between antifouling behavior and hydration layer properties, and to identify molecular

features that distinguish water behavior near zwitterionic surfaces from water behavior
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Figure 6.4: Decomposition of the (a) potential of mean force, ∆G, between the solute phenol
and the peptoid and PEO surfaces (legend at top) into the contributions from (b) the energetic
interaction between phenol and the system (surface and water) and (c) the relative entropy
describing restructuring of the system to accommodate the phenol solute. The error bars give
the standard error computed from 10 independent simulations, as described in section E.1.2.

near uncharged surfaces. Much discussion has hypothesized a tightly bound hydration

water layer as a mechanism for antifouling. At the molecular level, this has been shown

to be related to reduced water dynamics.321 Consistent with earlier work, here the trans-

lational and orientational dynamics of water near the zwitterionic peptoid surfaces are

slower compared to the uncharged surfaces. Table 6.1 shows the diffusivity of water near

the surface (E.2.1 contains details of the calculation and diffusivities as a function of dis-

tance from the surface), which is up to 25% lower approaching zwitterionic surfaces. Fig.
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E.5 shows the O-H bond orientational correlation function for waters in the hydration

layer, which decays up to 30% slower for zwitterionic surfaces. However, slow water dy-

namics does not necessarily provide insight into the thermodynamics of solute solvation.

Instead, characterization of water structure at these interfaces is necessary to develop a

mechanistic understanding of the relationship between water behavior and solute affinity,

and in particular the entropic restructuring contribution that drives changes in the free

energy of binding.

Surface D [Å2/ps] ρ [Å−3] NHB,w−w NHB,w−s NHB

Alkyl 0.1582 0.01733 3.4335 0.1165 3.5492
Methoxy 0.1572 0.01823 3.3758 0.1527 3.5271
Alcohol 0.1502 0.01854 3.271 0.281 3.5483

Separated-charge zwitterionic 0.1351 0.01826 3.202 0.301 3.4986
Consecutive-charge zwitterionic 0.1182 0.01834 3.081 0.3999 3.4754

Table 6.1: Hydration properties of the peptoid surfaces: diffusivity (D) at ∆z = 5Å from
the water-surface interface, average water density (ρ), and average number of hydrogen bonds
formed by waters in the hydration layer (NHB) with other waters (NHB,w−w) and the surface
(NHB,w−s). The subscript gives the standard error computed from 5 independent simulations
as described in section E.1.2.

One of the simplest and long-studied measures of water structure is its density. Could

enhanced density be indicative of “tightly bound” water? Table 6.1 shows the average

density in the region 10Å from the mean interface. The zwitterionic surfaces do not

show a pronounced increase in average hydration water density relative to the methoxy

surface. However, water is less dense near the alkyl surface compared to the methoxy

one, consistent with the behavior around peptoids in dilute solution,245 while water

around the alcohol surface is slightly more dense. The spatial density profiles (Fig. E.6)

show more significant chemistry-dependent differences, with stronger oscillations for the
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zwitterionic and alcohol surfaces compared to the others. This structuring is correlated

with oscillations in the peptoid density profile (Fig. E.7), suggesting that solvation of

peptoids drives changes in local water density. However, no clear distinction between the

zwitterionic and alcohol surfaces emerges. Other local measures of water density, such as

peptoid-water coordination numbers (Table E.2), are similarly ambiguous. These initial

results suggest that density, both average and local, is not related to the unique features

of hydration water at antifouling surfaces.

Another metric that could suggest a “tightly bound” hydration layer is hydrogen

bonding in the hydration layer. Table 6.1 shows that the average number of hydrogen

bonds formed by hydration waters with the peptoid surface (calculation details in section

E.2.3) increases with the surface’s ostensible hydrophilicity, from the alkyl to methoxy

to alcohol to zwitterionic surfaces. These trends are generally consistent with prior

simulation studies showing more water-surface hydrogen bonding244 near zwitterionic

surfaces compared to uncharged ones. There is a further slight enhancement in surface-

water hydrogen bonding in the consecutive-charge zwitterionic surface compared to the

separated-charge one, likely due to the enhanced accessibility of both charged groups

when they are co-located at the hydrated end of the peptoid. The enhancement in

surface-water hydrogen bonds is offset by a reduction in water-water ones, so that the

total number of hydrogen bonds formed by a hydration water decreases from the alkyl to

the alcohol to the zwitterionic surfaces. These calculations reveal that the zwitterionic

surfaces do not enhance the total density of water’s hydrogen bond network.
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The density and hydrogen bonding of water near these surfaces, while showing some

small variations, does not reveal significant, differential effects of the surface chemistries,

and specifically, does not show any qualitatively unique features of the zwitterionic cases.

To provide an alternate perspective, we characterize how the surfaces perturb water’s

structural orientational correlations. Specifically, we investigate the water triplet or three-

body angle distribution P (θ) that has previously been shown to correlate with measures

of water dynamics63,245 and hydration free energy.62,64 This distribution characterizes

the populations of angles θ between all triplets of neighboring water molecules (angles

measured between oxygen centers), and can show shifts in orientational structure in

several key regimes: a tetrahedral population near θ = 109.5o, an icosahedral population

typical of simple liquids around θ = 63.4o, and an ideal gas like population centered near

θ = 90o.62,63 The tetrahedral and icosahedral populations are hypothesized to reflect

changes in small-lengthscale hydrophobic responses, as water around small solutes has

been shown to possess enhanced tetrahedrality and reduced icosahedrality.63 On the

other hand, the ideal gas population reflects changes in large-lengthscale hydrophobic

responses, as water around a large hydrophobic surface has been shown to be closer to its

vapor-liquid equilibrium and therefore exhibits larger density fluctuations, spontaneously

forming larger voids.324,325 These small and large lengthscale behaviors correspond to

qualitative changes in the thermodynamics of solvation.56 Thus, variations in the three-

body angle distribution can provide key structural insight into water’s thermodynamic

behavior.
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Here, to show how surfaces perturb this distribution, we compute it for all hydration

waters (within 7Å above the instantaneous peptoid-water interface) and subtract off the

“reference” triplet distribution for bulk water, as described in section E.2.4. Remarkably,

the triplet angle distributions in Fig. 6.5a show significant, qualitative differences between

the zwitterionic and uncharged surfaces, unlike the prior metrics. Compared to bulk

water, water is more tetrahedral near the uncharged surfaces, as evidenced by population

enhancement in the tetrahedral (θ = 109.5o) and reduction in the icosahedral (θ = 63.4o)

regions. This behavior is consistent with water near peptoids in dilute solution as studied

in Ref. [245], where it was argued that the enhancement in tetrahedrality signaled a

small-lengthscale hydrophobic response. The similar enhancement seen here suggests

that even near the peptoid brush surfaces, water retains a small-lengthscale response.

Notably, however, for the alkyl surface, the enhanced tetrahedral peak is slightly shifted

towards lower angles, near the disordered (ideal gas) region (θ = 90o); this behavior is

not present near the same peptoid in dilute solution (Fig. E.9). As such, the response

suggests the emergence of some large-lengthscale hydrophobic behavior due to the brush

surface geometry, in concert with features of small-lengthscale hydrophobicity.

In contrast to the nonionic surfaces, the differential three-body-angle distributions

near the zwitterionic interfaces exhibit either no enhancement in the tetrahedral peak (for

the separated-charge surface) or a reduction in the tetrahedral peak (for the consecutive-

charge surface). This suggests that water’s tetrahedral network is weaker at the zwitteri-

onic compared to the uncharged surfaces, which is consistent with the formation of fewer
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Figure 6.5: The three body angle distributions, P (θ) of the hydration water of (a) the surface
and (b) phenol, both at the surface (colored) and far away from the surface (gray). All distri-
butions are shown relative to bulk (i.e., the distribution for bulk water, Pbulk(θ), is subtracted).
The dotted lines indicate populations of icosahedral (θ = 63.4o), ideal gas-like (θ = 90o), and
tetrahedral (θ = 109.5o) water. The error bars give the standard error computed from (a) 5
and (b) 10 independent simulations, as described in section E.1.2.

water-water hydrogen bonds (Table 6.1). Instead, water near these surfaces exhibits a

peak or shoulder around θ = 50o that has been related to highly coordinated water (i.e.,

a fifth water in the first coordination shell),62,64 possibly leading to the disruption of the

tetrahedral network. At the same time, water density in the hydration layer is not sig-

nificantly different in the zwitterionic surfaces, suggesting that the distortion of the first

coordination shell is not simply due to increased numbers of waters at the interface. The

origin of these water structures that are distinct from both small and large-lengthscale

responses is unclear and warrants additional systematic investigation into water’s triplet

angle distribution near zwitterionic molecules and surfaces that will be the subject of

future work. However, we can conclude that this distribution clearly distinguishes be-
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tween the zwitterionic and uncharged surfaces, showing opposing shifts from bulk water

behavior for the two classes of surfaces.

The three-body angle distribution may also provide insight into the relevant shifts

in water structure that affect the entropic restructuring contribution, T∆Srel, to the

binding free energy. The relative entropy, ∆Srel = Srel,surface − Srel,bulk, contains contri-

butions from water’s structuring at the surface and in bulk (far away from the surface)

with and without a solute. To quantify restructuring, we compute the three-body angle

distribution in the solute hydration shell both near the surface and in bulk (details in

S1DIII). Fig. 6.5b shows that far away from the surface (“bulk”), phenol induces a small-

lengthscale response in its hydration water, leading to an enhanced tetrahedral peak and

a depressed icosahedral peak. At the surface, phenol’s hydration water distribution shifts

towards that of the surface’s hydration water. Near the uncharged surfaces, water around

phenol becomes significantly more tetrahedral, with a slight shift towards the ideal gas

peak for the alkyl surface. Near the separated-charge zwitterionic surface, phenol’s hy-

dration water’s distribution is the same as phenol in bulk water except for a small peak in

the highly-coordinated region (around θ = 50o), while near the consecutive-charge zwit-

terionic surface, phenol’s hydration water resembles bulk water except for a larger peak

in the highly-coordinated region. The distribution of phenol’s hydration water is thus a

combination of that around phenol far from the surface and the distribution around the

surface without phenol present.

To quantify and simplify these shifts in the 3-body angle distributions, we compute
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their projections onto the principal directions along which they change. Specifically, our

prior work63 examined shifts in triplet distributions for a wide range of aqueous mixtures

across different temperatures, compositions, and chemistries, and using principal compo-

nent analysis, found that the distributions only varied along three principal components

as shown in Fig. 6.6d-6.6f. This work hypothesized that the first principal compo-

nent, with peaks in the tetrahedral and icosahedral regions, captures changes in water

structure around small-lengthscale hydrophobic solutes; for instance, the 3-body angle

distribution around methane looks very similar to this component. The second principal

component, with a peak in the disordered region, captures changes in water structure

around large-lengthscale hydrophobic solutes, such as an idealized, smooth hydrophobic

interface. Finally, the third principal component, which has a peak around θ = 50o, has

been hypothesized to capture highly coordinated water structures (e.g., a fifth water in

the first coordination shell).62,64 Earlier work has also shown that this low-angle peak is

predictive of hydration free energies.64

Variations in hydration water structure as captured by these three principal compo-

nents naturally quantify structural correlations with distinct and well-defined physical

interpretations: small-lengthscale, large-lengthscale, and over-coordinated water struc-

tures. Fig. 6.6 shows projections of the triplet distributions onto the (a) first, (b) second,

and (c) third principal components for the hydration water of the surface (without phe-

nol present) and phenol when it is near the surface. Projections for other solutes show

similar qualitative trends and are shown in Fig. E.15. We first focus on the projections
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Figure 6.6: (a-c) Projections of the differential three-body angle distributions of water onto
(d-f) the three principal components (PC 1, PC 2, PC 3) for hydration water of the surface (solid
bars) and phenol (hatched bars) when it is close to the surface. The faint dotted lines in (d-f)
indicate populations of icosahedral (θ = 63.4o), ideal gas-like (θ = 90o), and tetrahedral (θ =
109.5o) water. The error bars in (a-c) give the standard error computed from 10 independent
simulations, as described in section E.1.2.

for systems without solutes (solid bars). For the uncharged surfaces, the largest shifts

occur in the first principal component, showing that the behavior of water is primarily

small-lengthscale as it approaches uncharged surfaces. The alkyl surface shows slightly

more small-lengthscale behavior compared to the alcohol surface. Positive projections

onto the second principal component suggest the emergence of some large-lengthscale

behavior near the uncharged surfaces as well, with the alkyl surface the most prominent.

Finally, the projection onto the third principal component is negative for the uncharged

surfaces, suggesting a slight diminishment of highly coordinated water structures near

them. Interestingly, the consecutive-charge zwitterionic surface shows opposite behav-

iors for projections onto all components, while the projection for the separated-charge

zwitterionic surface is close to zero except for the third component. For these zwit-
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terionic surfaces, small-lengthscale and large-lengthscale behaviors are diminished and

the positive projections onto the third principal component suggest higher populations

of highly coordinated water. These highly coordinated waters may be related to the

observed enhancement in surface-water hydrogen bonding (Table 6.1). Phenol’s hydra-

tion water exhibits similar trends (hatched bars), showing enhanced small-lengthscale

behavior near the uncharged surfaces and depressed small-lengthscale behavior near the

zwitterionic ones.

The difference in the magnitude of the projections for phenol near the surface and for

the surface without phenol measures how much the hydration water at the surface must

rearrange to accommodate phenol, and thus should roughly correlate with Srel,surface. For

the first principal component, this difference is the largest for the zwitterionic surfaces,

and furthermore follows the trend in the contribution of T∆Srel = T (Srel,surface−Srel,bulk).

(We note that Srel,bulk is constant over varying surface chemistries.) In fact, for the zwit-

terionic surfaces, these principal components are predictive of T∆Srel (Fig. E.16) using

a linear model (details in section E.4). Thus, the change in the triplet angle distribu-

tion that is due to the presence of the solute appears closely related to the restructuring

contribution that drives the free energy of solute binding. One factor that contributes to

water’s ease of restructuring may be the magnitude of the small-lengthscale component of

the triplet angle distribution. We hypothesize that here the formation of more hydrogen

bonds by water with the zwitterionic surfaces disrupts the water-water hydrogen bonds

in the hydration layer, therefore discouraging the emergence of small-lengthscale water
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structures. The hydration water of the zwitterionic surfaces therefore must restructure to

accommodate small solutes, which encourage small-lengthscale behaviors in bulk. This

restructuring penalizes surface-solute binding, leading to repulsion of small molecules

from the zwitterionic surfaces.

6.4 Conclusions

The work in this chapter provides molecular level insight into small solute-surface affin-

ity as a step towards understanding surface chemistries with antifouling properties. Our

main finding is that the reduced solute-surface affinity shown by zwitterionic surfaces,

compared to uncharged surfaces, is related to the rearrangement in water structure in the

hydration layer as captured by the water triplet angle distribution. Molecular dynamics

simulations of polypeptoid brush surfaces with varying sidechain chemistries show that

the free energy of solute binding is more repulsive for zwitterionic peptoid surfaces com-

pared to uncharged ones, where the latter show similar solute affinity compared to PEO

brush surfaces, a more commonly used antifouling chemistry. The decomposition of the

free energy of binding into direct energetic and entropic restructuring compositions shows

that the penalty due to water restructuring is higher for the zwitterionic surfaces and is

what determines the trends in solute binding. We then compare several order parameters

for the surface’s hydration water to demonstrate that this restructuring is most clearly

captured by the three-body angle distribution, which shows shifts from bulk behavior

near the zwitterionic surfaces that are dramatically different from that near uncharged
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surfaces. These zwitterionic surfaces disrupt water’s tetrahedral network and instead

induce the formation of crowded coordination shells.

This work offers a molecular perspective on the “tightly bound” water that is hy-

pothesized to be key for antifouling surfaces. We find that the water structure induced

by the surface, and in particular the ease with which it restructures to accommodate a

solute, determines solute affinity. However, importantly, such structures are dramatically

different for zwitterionic and uncharged surfaces, suggesting that umbrella terms used to

describe hydration layers of antifouling surfaces likely fail to capture this more nuanced

picture, which requires further molecular level exploration. The triplet angle distribu-

tion of a surface’s hydration water could additionally provide insight into solute affinity

in more complex systems with multiple solutes or added salt, where changes to surface

hydration are hypothesized to modulate affinity.

The restructuring penalty observed here is independent of solute chemistry, therefore

making it generally applicable to a wide range of small solutes, as demonstrated by the

zwitterionic surfaces in this study. Design of surfaces that resist small-molecule fouling

in aqueous systems could focus on strengthening water-surface hydrogen bonds and dis-

rupting the naturally tetrahedral structure of the hydration water of small molecules. A

general antifouling strategy may thus be to design surfaces to induce water structures dis-

tinct from the structure of a solute’s hydration water in bulk. Here, the functional groups

are of comparable size to the solutes examined, such that the uncharged chemistries and

small molecules both induce small-lengthscale water structure with enhanced tetrahe-
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drality. This method may also be applicable to larger solutes, although solute-surface

interactions may be more dominant in those cases and compete with the effect of wa-

ter restructuring, as previously discussed. This strategy highlights the importance of

nanoscopic characterization of surface and solute hydration water structures.
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Chapter 7

Effect of polypeptoid sequence on

conformation

Partially adapted with permission from Macromolecules 2021, 54, 11, 5011–5021. Copy-

right 2023 American Chemical Society.

7.1 Introduction

In the previous chapter, we demonstrated that changes in peptoid chemistries at a sur-

face modulate the affinity of small-molecule solutes primarily by perturbing the surface’s

hydration water’s tetrahedral structuring. This finding supports the idea that tuning

local water behavior is key to designing antifouling surfaces. However, peptoids in so-

lution can tune their hydration water behavior via both changes in sidechain chemistry

or changes in conformation, as shown in Chapter 5. Experimental sum frequency gen-
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eration and ambient pressure X-ray photoelectron spectroscopy measurements have also

shown that polypeptoid chemistry can influence conformation at the surface.182,326 Thus,

understanding the relationship between peptoid sequence and conformation is a key step

towards rational design of peptoid-tethered surfaces.

The space of peptoid sequences is vast. Furthermore, the flexibility of a peptoid chain

leads to potential interactions between sidechain chemistries that are far apart along the

chain. These “long-range” interactions make it difficult to determine, a priori, a set of

simplified sequence features that parameterize conformation. Work on aggregation of

hydrophobic-hydrophilic sequences suggests that such low-dimensional parameters may

exist, but are not trivial and that their identification relies on a large set of existing

sequence-structure data.327,328 To navigate this large design space, we apply the same

strategy we used in Chapters 2 and 3 in this dissertation and hypothesize that an inverse

design approach, in which we pair simulations with an optimization routine to iden-

tify peptoid sequences that possess specified conformational behaviors, will help uncover

sequence-conformation relationships.

The inverse problem of designing sequences to achieve specific conformations is gener-

ally a difficult one, and has been widely considered in the protein design community. One

challenge is the forward problem of predicting the conformational ensemble of a given

sequence. Detailed experimental characterization of folded structures is laborious,329

precluding large-scale studies. Faster but less detailed methods have been developed.

For instance, Knight and coworkers used a dye that is selective for hydrophobic envi-
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ronments to distinguish different peptoid conformations.330 This experimental method

does not provide insight into specific conformations, as it can only detect gradations in

the overall hydrophobic environment created by the chain, but the resulting sequences

identified in a high-throughput screening can be simulated to gather additional conforma-

tional insight.330 Double Electron Electron Resonance (DEER) spectroscopy, previously

discussed in Chapter 4, provides the distance distribution between two labeled positions

in a chain,183 offering quantitative, though partial, conformational information.

Predicting structure from sequence using computational models also poses challenges.

Simulations of long chains are expensive and often require coarse-grained models to

achieve the relevant timescales. Other work has fit surrogate models from more ex-

pensive simulations in order to rapidly explore design space. Models utilizing long

short-term memory (LSTM) recurrent neural networks, which have also been used for

language processing, have been successful in predicting chain shape metrics, such as

radius of gyration.331,332 The success of LSTM in this present context may be due to

their ability to capture associated longer-range sequence correlations that is also char-

acteristic of interpreting language. AlphaFold2, a deep neural network model is impres-

sively accurate at predicting protein folded structures,333 though work has suggested

that it extrapolates poorly to non-evolved protein sequences334 as well as sequences with

broader conformational ensembles.335–337 AlphaFold2, which was fit on a large database

of sequence-structure data for proteins, along with related deep learning methods have

leveraged decades of extensive work in protein structure resolution. Such databases are
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much smaller for non-evolved sequences and intrinsically disordered proteins, limiting

AlphaFold2’s accuracy in these areas. Furthermore, these databases are non-existent

for other sequence-specific polymers, and will not emerge in the near future. Thus,

AlphaFold2 may be limited in the insight it can offer for sequence-conformation relation-

ships, and more physics-based approaches are needed.

Another challenge is how to pair the forward problem with an efficient optimization

routine. Khokhlov and Khalatur proposed a workflow for sequences in which monomers

are assigned hydrophobic or hydrophilic identities based on their location in a folded

structure, followed by re-minimization of the structure, after which the process repeats.338

Application of this method to peptoids suggested that such designed sequences had more

cooperative collapse behaviors compared to a sequence comprising short repeat units.339

The RosettaDesign algorithm similarly alternates between modification of the sequence

in a fixed structure and optimization of the structure for a fixed sequence, and has been

used to design a protein with a novel folded structure.340 The sequence optimization

utilizes a Monte Carlo optimization in which replacement of an amino acid at a specific

location is either accepted or rejected depending on the change in energy.341 A similar

approach instead used a genetic algorithm to identify new sequences.342 More recent

work has directly inverted neural network-based surrogate functions describing sequence-

conformation relationships.343,344 However, such surrogate functions remain elusive for

other sequence-specific polymers.

Because of the limited conformational data available for sequence-specific polymers
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that are not peptides, sequence design of these molecules cannot rely on big-data-based

strategies. Instead, accelerated physics-based models can be used to quickly predict

conformational structure from sequence, and paired with sequence optimization methods

to design novel sequences and learn sequence-structure relationships. In this chapter,

we use polypeptoids to demonstrate such a workflow. We first demonstrate that the

atomistic polypeptoid model captures sequence-dependent conformational behavior. We

then show that a coarse-grained (CG) model with orders-of-magnitude enhancement in

computational efficiency is able to reproduce those conformational behaviors. We pair the

CG simulations with a genetic algorithm-surrogate model approach, similar to that used

for design of nanopore chemical patternings in Chapter 2, in order to identify sequences

that show extremal conformational behaviors.

7.2 Methods

7.2.1 Atomistic polypeptoid simulations

The atomistic simulations are run using the workflow outlined in Chapter 4 and Ref.

[212]. Simulations of the polypeptoids with alternating hydrophilic groups are described

in section 4.2 and details regarding box sizes and simulation lengths are provided in Table

C.19. In this chapter, we also simulate polypeptoids with varying number of aromatic

hydrophobic groups. These sequences are shown in Fig. 7.1. The chemical structure of

the methoxyethyl, propanol, and TEMPO residues are given in Fig. 4.1 and the chemical
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structure of the aromatic residue is given in Fig. 6.1. We use the MFTOID forcefield,

with additional parameters for the alcohol and methoxy sidechains given in Ref. [212]

and the TIP3P water model, modified for the CHARMM forcefield.246 Details regarding

the simulation setup and equilibration times are given in Table F.1. After equilibration

of the expanded ensemble weights, each polypeptoid is simulated for 10 µs.

Figure 7.1: Peptoid sequences with varying number of aromatic groups.

7.2.2 Coarse-grained polypeptoid simulations

We develop a coarse-grained (CG) polypeptoid model using the relative entropy coarse

graining approach developed and implemented by Shell and coworkers.345–349 The CG

model comprises two beads for each monomer: one backbone bead (the same for all

chemistries) and one sidechain bead (distinct for each chemistry). The model defines

harmonic bond interactions between the backbone and sidechain beads of each individ-

ual monomer, as well as consecutive backbone beads. Angle and dihedral interactions

are modeled as spline potentials. Non-bonded interactions are also modeled as spline

potentials. Details of the polypeptoid CG model will be given in a subsequent publica-

tion. Briefly, we run atomistic simulations of short polypeptoids containing four types of

sidechain chemistries: the methoxy, aromatic, and alcohol sidechains shown in Fig. 6.1
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along with the alkyl chemistry shown in Fig. 5.1. We fit parameters for CG beads where

each polypeptoid residue is represented by a backbone bead bonded to a sidechain bead.

The backbone bead parameters are constant across different residue types.

Simulations of CG polypeptoids are run in the NVT ensemble in boxes of length 10

nm using Velocity Verlet integration with a timestep of 2 fs. The temperature is set to

300 K using a Langevin thermostat with a friction coefficient of 0.1 ps−1. The system

is equilibrated for 1 ns before saving configurations, which are then saved every 20 ps.

For simulations run by the genetic algorithm, the production run is 100 ns. For all other

simulations, the production run is 500 ns.

7.2.3 Genetic algorithm workflow

We follow the basic structure of the genetic algorithm outlined in Ref. [61]. The sequences

are represented by binary arrays (0 = methoxy and 1 = aromatic) where the composition

of the sequence is kept fixed at 6 aromatic monomers and 18 methoxy monomers. In each

generation, 8 new sequences are generated and simulated using the workflow described

in section 7.2.2. We run the algorithm with 5 generations where new sequences are gen-

erated randomly, followed by 55 generations where new sequences are generated from

combining parents chosen from the most optimal of the previously examined sequences.

We randomly generate sequences of fixed composition by randomly reordering the entire

sequence. Parents are chosen through a tournament selection procedure61 and combined

using an order crossover350 in order to preserve composition, after which the new se-
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quences are mutated by swapping one pair of residues (equivalent to an 8% mutation

rate).

For the first 20 generations, we compute the objective function by running a simulation

of the CG model (section 7.2.2). We then fit a simple linear model that predicts the

objective function (or simulation observables that are in the objective function) from

features of the sequence. The features are:

1. The mean location of the aromatic groups, which measures the symmetry of the

placement of the aromatic groups.

2. The square root of the second moment of the location of the aromatic groups about

the center of the sequence, which measures the spread of the aromatic groups around

the center.

3. The number of consecutive aromatic groups, which measures the degree of clustering

of the aromatic groups.

We use this surrogate function for the next 30 generations, and then run 10 additional

generations with the CG model.

7.3 Results and Discussion

7.3.1 Hydrophilic polypeptoids show excluded volume scaling

As a first step to developing sequence-conformation relationships, we examine the confor-

mational behavior of fully hydrophilic polypeptoids. We simulate the same polypeptoid
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sequences described in Chapter 4 with alternating methoxyethyl and propanol sidechains

and labeled at the ends with TEMPO spin probes. In order to investigate the scaling

behavior of these peptoid chains, we vary the number of hydrophilic monomers: N = 1, 2,

3, 5, 7, 9, 11, 13, 15, 19. We also extract mean end-to-end distances from the experimen-

tal Double Electron-Electron Resonance (DEER)-derived distributions in Fig. 4.4. Fig.

7.2 shows that the mean end-to-end distances from simulations and DEER experiments

follow excluded volume scaling, characteristic of polymers in a good solvent.351

The mean end-to-end distances along the backbone, between terminal nitrogens in-

stead of the spin-label oxygen radicals (see Fig. 7.2 inset), computed from simulations

and fit to
〈
R2

ee,NN

〉1/2
= bNα, give a scaling exponent and prefactor of α = 0.61 ± 0.02

and b = 4.0± 0.2Å, respectively. The value of the exponent is consistent with excluded

volume scaling (α = 0.588) and reasonably consistent with Zhao et al. who reported a

scaling exponent of 0.66 ± 0.01 for the radius of gyration of polysarcosine,211 another

relatively hydrophilic polypeptoid, computed from molecular dynamics simulations.

However, the mean distance that is computed from the simulated and DEER distri-

butions in Fig. 4.4 is not the backbone distance, but the spin-label end-to-end distance,

which incurs an additional contribution (relative to the backbone) from the spin labels

themselves. To account for this effect, we fit mean spin-label distances to a shifted power

law,
〈
R2

ee,OO

〉1/2
= b(N + γ)α where b = 4.0Å is the prefactor fit from the backbone end-

to-end distances and γ accounts for the effective increase in the number of monomers

due to the addition of the spin labels and the distance between the backbone and the
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Figure 7.2: Scaling of the mean end-to-end distance shows reasonable agreement between
experiments and simulations and suggests excluded volume scaling. The mean end-to-end
distance computed from the DEER distributions (blue stars) and from simulation (orange
triangles give the mean distance between the oxygen radicals and green circles give the mean
distance along the backbone) using the MFTOID forcefield. The red hexagon shows the mean
end-to-end distance from cw-EPR. Dashed lines show fits to a power law, shifted by an effective
number of additional monomers γ for the spin-label end-to-end distances, as described in the
text. The labels report the fitted exponents. (Inset) The spin-label end-to-end distance, Ree,OO,
is measured by DEER and cw-EPR and is computed from simulations, while the backbone end-
to-end distance, Ree,NN , is only accessible in simulations.

oxygen radical on the spin label. Previous work has used a similar offset parameter to

fit mean end-to-end distances from FRET.352,353 The fitted exponent for the simulated

mean spin-label distances is α = 0.58±0.02, corroborating excluded-volume scaling. The

fitted effective increase in the number of monomers is γ = 6.0, suggesting that each spin

label effectively behaves as three additional monomers.

We then fit the DEER-derived mean spin-label distances using this shift factor, i.e.

to
〈
R2

ee,OO

〉1/2
= b(N+6.0)α. The resulting exponent is α = 0.53±0.08, and again agrees

with excluded volume scaling within uncertainty. Thus, the scaling exponents computed

from simulations and DEER are consistent. However, the mean end-to-end distances from

simulations are systematically smaller, consistent with previous work comparing mean
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distances from DEER and simulation for poly(ethylene oxide).192 This is partly due to

the challenges in resolving the region below 20Å for DEER. Computing the mean of the

portion above the lower accessible limit for DEER (20Å) for both the DEER-resolved

and simulated distributions reduces the discrepancy (Fig. C.21). As far as we know, no

experimental works have previously reported scaling exponents for polypeptoids.

If we furthermore include the mean end-to-end distance from the Continuous Wave

Electron Paramagnetic Resonance measurement (Fig. 4.6) with the DEER data and fit to

the power law,
〈
R2

ee,OO

〉1/2
= b(N+6.0)α, we obtain a scaling exponent of α = 0.63±0.06,

remaining consistent with excluded volume scaling.

To confirm excluded volume scaling, leveraging the rich information provided by full

conformational distributions as opposed to average values, Fig. F.2 compares simulated

distance distributions to those for a theoretical excluded volume polymer, showing rea-

sonable agreement that improves with chain length.

7.3.2 Hydrophobic monomers shift the conformational distri-

bution

As shown above, the conformational behavior of hydrophilic peptoids is straightfor-

ward to predict using excluded volume statistics. However, sequences with hydrophobic

sidechains will deviate from excluded volume scaling, introducing more varied conforma-

tional behavior that is not yet well characterized. As an example, we perform atomistic

simulations of peptoids of constant length (16 residues, doubly labeled with spin labels)
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with increasing number of aromatic residues at the ends of the sequence (Fig. 7.1). Fig.

7.3 shows the end-to-end distance distributions, P (Ree), computed from these simula-

tions (solid lines). Here, in order to compare to the distributions computed from the

coarse-grain model (dashed lines), we measure the end-to-end distance as the distance

between the center of mass of the heavy atoms in the backbone of the first and last non-

spin-label residues. As the total number of aromatic residues, NARO, increases, the peak

of the distribution shifts to lower end-to-end distances. The shape of the distribution also

changes and exhibits an increasingly asymmetrical tail at high end-to-end distances at

higher NARO. These behaviors suggest that the peptoid samples both extended and com-

pact conformations (Fig. 7.3 snapshots), with the proportion of the former decreasing

(but remaining finite) at higher NARO.

7.3.3 Coarse-grained model reproduces conformations

To check that the coarse-grained (CG) polypeptoid model reproduces the conformational

behavior of the atomistic model, we simulate the same sequences examined atomistically,

without the TEMPO spin probe end-labels. The CG model has low barriers of dihedral

rotation, such that rotation around backbone-backbone bonds is orders of magnitude

faster compared to the slow rotation around the amide bond that is observed in atomistic

simulations (section F.1.2). As a result, end-to-end distances converge quickly (Fig. F.1)

without enhanced sampling. We are thus able to obtain converged distance distributions

in 1-2 orders of magnitude less simulation time (500 ns versus 10 µs). Meanwhile, the CG
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Figure 7.3: End-to-end distance distributions, P (Ree), from simulations for peptoids varying
the number of aromatic residues in the sequence, NARO (sequences in Fig. 7.1). The solid lines
are computed from atomistic simulations and the dashed lines are computed from simulations of
the coarse-grained (CG) peptoid model. Uncertainties for the atomistic simulations (error bars)
are computed as described in section C.1.4 and uncertainties for the CG simulations (shaded
regions) are computed from three independent simulations. Snapshots are of the sequence with
NARO = 8 at various end-to-end distances and are created in VMD.155,354 The white beads
are CG backbone beads and the colored beads are CG alcohol (darker blue), methoxy (lighter
blue), and aromatic (gold) sidechain beads.

simulations themselves are much faster to run because they treat water implicitly. As an

example, each of the 10 µs atomistic simulations of the 16-mer sequences in Fig. 7.3 took

over a month to run on a single NVIDIA V100 GPU, while the 500 ns CG simulation

took approximately 61.5 hours on a single CPU core of an Intel Xeon L5410 Processor,

representing at least a 12× speedup, without fully accounting for the reduced statistical

uncertainty in the CG simulation.

We compute the end-to-end distance as the distance between the first and last back-

bone beads. For the alternating hydrophilic sequences, we simulate lengths N = 5, 7,

9, 11, 13, 15, 17, 19. We then fit the root-mean-squared end-to-end distance to a power

law,
〈
R2

ee,NN

〉1/2
= bNα, and obtain b = 3.7± 0.2Å and α = 0.58± 0.02, within error of
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the fitted parameters from the atomistic simulations, b = 4.0± 0.2Å and α = 0.61± 0.02

and consistent with excluded volume scaling.

Figure 7.4: Scaling of the mean end-to-end distance with peptoid length, where N is the
number of monomers, from CG simulations. The markers show the simulated mean distances
(error bars from three independent simulations are smaller than the marker size) and the dashed
line shows the fit to the power law relationship. The snapshot, created in VMD,155,354 shows
an example conformation. The white beads are CG backbone beads and the blue beads are CG
alcohol (darker blue) and methoxy (lighter blue) sidechain beads.

We also use the CG model to simulate the sequences with aromatic monomers (Fig.

7.1) and compute the end-to-end distances, again as the distance between the first and last

backbone beads. Fig. 7.3 contains the distance distributions from these CG simulations

(dashed lines), which show excellent agreement with the distributions from the atomistic

simulations (solid lines). The CG model was fit using simulations of shorter peptoids (5

to 6 residues in length) but is able to capture the sequence-dependent conformational

behavior of longer peptoids with more significant conformational diversity.
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7.3.4 Genetic algorithm optimization identifies extremal sequences

In section 7.3.1, we showed that the end-to-end distances of hydrophilic polypeptoids obey

excluded volume scaling. However, addition of hydrophobic monomers shifts the end-to-

end distance to lower distance. In order to determine whether hydrophobic monomers

can induce deviations away from scaling laws, we use the genetic algorithm approach in-

troduced in Chapter 2, coupled with the CG simulations and a surrogate model. We first

fix the composition of the sequence (6 aromatic monomers and 18 methoxy monomers)

and choose a simple objective function: |α2
〈
R2

g

〉
− ⟨R2

ee⟩ |, which is a measure of devia-

tion from the Flory relationship, ⟨R2
ee⟩ = α2

〈
R2

g

〉
. Here, R2

ee is the squared end-to-end

distance or distance between first and last backbone beads, and R2
g is the squared radius

of gyration for the backbone beads. The brackets indicate that both quantities are aver-

aged over conformations sampled in a CG simulation. We choose α2 = 4.231 such that

|α2
〈
R2

g

〉
− ⟨R2

ee⟩ | = 0 for the peptoid with aromatic monomers evenly spaced.

Fig. 7.5 shows the genetic algorithm trajectory for the runs maximizing and minimiz-

ing this objective function. We run 20 generations in which the sequences are simulated

using the CG model, 50 generations where the objective function is computed by a surro-

gate function, and 10 additional generations in which the sequences are simulated. In the

first 5 generations, sequences are generated randomly; in the remaining generations, they

are generated via crossover. The surrogate model is a linear function of three “features”

of the sequence, as described in more detail in section 7.2.3 and reasonably predicts the

⟨R2
ee⟩ and

〈
R2

g

〉
for a given sequence (Fig. F.3).

153



Effect of polypeptoid sequence on conformation Chapter 7

During the maximization run, the algorithm finds that the sequence with the aromatic

groups clustered at the ends will give the largest deviation from the Flory relationship.

For this sequence, the aromatic groups lead to aggregation of the ends of the polypeptoid,

reducing the mean end-to-end distance without a comparable reduction in the radius of

gyration. During the minimization run, the algorithm finds numerous sequences for

which the Flory relationship approximately holds, with deviations of less than 0.01. For

the optimal sequence found, the aromatic groups are dispersed throughout the chain,

although not perfectly evenly. However, the uncertainty associated with the estimates

of ⟨R2
ee⟩ and

〈
R2

g

〉
from the simulations is larger than the computed value of |α2

〈
R2

g

〉
−

⟨R2
ee⟩ | = 3.5 × 10−4 for this sequence. This result suggests that there are multiple

sequences where aromatic groups are separated with varied spacing along the chain that

have approximately the same relationship between ⟨R2
ee⟩ and

〈
R2

g

〉
as the sequence with

aromatic groups evenly dispersed.
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Figure 7.5: Genetic algorithm trajectory for (a) maximizing and (b) minimizing deviation from
the Flory relationship. Each marker represents a sequence generated by the algorithm, where
the blue markers are sequences generated randomly, the black markers are sequences generated
by crossover and simulated, and the green markers are sequences generated by crossover and
whose properties are predicted by a surrogate model. The red line indicates the cumulative
optimal. The optimal sequences discovered are shown to the right of each trajectory.

7.4 Conclusions

In this chapter, we show that polypeptoid conformational behavior can be captured by

a coarse-grained (CG) model, which can then be coupled with a genetic algorithm ap-

proach to identify sequences that display extremal conformational behaviors. Atomistic

simulations of polypeptoids show that hydrophilic polypeptoids display excluded volume

scaling of their mean end-to-end distances, while placing aromatic groups at the ends of

the sequence induces deviation from excluded volume behavior and shifts the distribu-

tion to lower distances. We show that a CG model developed through relative entropy

minimization accurately reproduces both the scaling of mean end-to-end distances and

shifts in the distance distributions for hydrophobic sequences. The genetic algorithm sug-

gests that sequences with hydrophobic groups at the ends maximize deviation from the
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relationship, ⟨R2
ee⟩ = α2

〈
R2

g

〉
, while sequences with aromatic groups separated adhere

closely to that relationship.

This workflow can be extended to optimization of other more complex conforma-

tional behaviors with less predictable optimal sequences, such as temperature-dependent

conformational changes. These optimizations will suggest non-intuitive conformational

behaviors, which can then be verified by longer CG or atomistic simulations, or even

experimental synthesis and characterization. This approach provides a targeted, design-

oriented method for elucidation of sequence-conformation relationships that may be gen-

eralizable beyond polypeptoids to other sequence-specific polymers.
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Chapter 8

Conclusions

8.1 Summary

In this dissertation, we use molecular dynamics simulations to investigate the nanoscopic

mechanisms relevant to the design of membrane surfaces that can modulate the transport

of small, neutral solutes and resist fouling. We show that water’s structure and dynamics

are significantly perturbed by variations in chemical and topological patterning at both

extended and molecular surfaces. These shifts in water structure affect the behavior of

local solutes, leading to tunable affinity and transport of small-molecule solutes. We

furthermore introduce workflows for the simulation and computational inverse design

of multifunctional surfaces and molecules, and show that this approach identifies non-

intuitive chemistries that can inspire further investigation of fundamental mechanisms

and structure-property relationships. These relationships suggest design rules that can

be used to propose other new materials (Fig. 8.1).

157



Conclusions Chapter 8

Figure 8.1: In this dissertation, we develop new workflows for the simulation and compu-
tational inverse design of new materials (top). We then use these workflows to understand
nanoscopic mechanisms controlling surface-water-solute interactions, elucidating relationships
between surface structure (chemistry and topology) and functional properties (bottom). These
relationships suggest general design rules for new membrane materials.

In Chapter 2, we use a model nanopore, to which functional groups can be directly

tethered and precisely patterned, to show that changes in the patterns of polar hydroxyl

and nonpolar methyl functional groups can modulate the transport of water and a small,

neutral solute (boric acid) through the pore. Importantly, the effects on water and boric

acid are distinct, potentially driving selectivity for water. A genetic algorithm coupled

to molecular dynamics simulations and machine-learned surrogate models discovers that

wall chemistries with rings of hydroxyl groups optimally hinder boric acid transport over

water transport. We propose that these rings create an energetic barrier that boric acid

must “hop” over in order to traverse down the pore, and show that the effect generalizes

to other small, neutral solutes. The genetic algorithm inverse design procedure for a

particular system thus inspires a more general design approach to improving rejection of

small, neutral molecules: creating a “rough” free energy surface.
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We investigate an alternative method of creating rough free energy surfaces via oscil-

lations in the surface topology in Chapter 3, where we simulate nanopore wall patterns

comprising longer polar hydroxymethyl and nonpolar ethyl groups, in addition to shorter

hydroxyl and methyl groups. We find that patterning of ethyl groups in methyl pores

affects boric acid and water transport, and that rows of ethyl groups have a similar

qualitative effect compared to rows of hydroxyl groups, hindering boric acid transport

without a similar reduction in water transport. In order to explore the combined effects

of chemistry and topology, we improve on the inverse design workflow in Chapter 3 by

performing the optimization in a lower-dimensional space, such that it is computationally

tractable to search through patterns with three or more headgroups. We find that fully

nonpolar patterns that hinder boric acid transport via surface roughness are superior to

patterns with hydroxyl groups.

We then transition from model systems to a realistic and synthetically accessible plat-

form, with similarly high tunability: polypeptoid molecules, which are closely related to

polypeptides. In Chapter 4, we establish a workflow for computationally characteriz-

ing these polypeptoids. We first develop an enhanced sampling molecular dynamics

procedure, which efficiently samples over the long timescales associated with backbone

conformational changes. Detailed information about polypeptoid conformational ensem-

bles, namely the end-to-end distance distribution obtained by experimental colleagues

using Double Electron-Electron Resonance spectroscopy, provides a unique validation of

the computational workflow, compared to previous efforts.
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Prior work also lacked an understanding of how polypeptoid chemical heterogeneity

(i.e. sequence) tunes local water behavior, a surprising gap since polypeptoids have been

used to modulate properties of aqueous interfaces. In Chapter 5, we show that in dilute

solution, nonpolar and polar peptoid sidechains have distinct effects on the structure and

dynamics of the peptoid’s hydration water. Specifically, replacement of polar sidechains

by nonpolar sidechains slows down water and results in enhanced tetrahedrality. These

two effects are highly correlated, useful for extending the information obtained from

experimental measurements of dynamics. Notably, the trends in water’s behavior are

distinct from those near nonpolar versus polar extended, smooth surfaces. Water’s re-

sponse to polypeptoids, in fact, more closely resembles its response to small-lengthscale

solutes compared to its response to extended surfaces, suggesting that even when the

polypeptoids are tethered to surfaces, the effect of changes in polypeptoid chemistry will

be distinct from the behavior of idealized surfaces.

We therefore next investigate water behavior near polypeptoid-tethered surfaces in

Chapter 6, finding that the response of water has contributions from both its response to

molecular surfaces as well as its response to extended, smooth surfaces. For both these

“small-lengthscale” and “large-lengthscale” contributions, water’s structure does show

clear distinctions between uncharged and charged, zwitterionic peptoid surfaces, which

correlate with the reduction in solute affinity near these zwitterionic surfaces. We relate

water structure and solute affinity through decomposition of the free energy of binding

into direct energetic and relative entropic components, the latter of which character-
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izes the penalty associated with changes in water structure upon solute binding. This

molecular-level insight provides a mechanistic hypothesis for the improved antifouling

capabilities observed for zwitterionic surfaces.

We close by revisiting the inverse design ideas from the beginning of this dissertation

and demonstrate how they can be applied to the design of polypeptoid sequences in

Chapter 7. Here, we establish workflows that tune sequence to achieve specific single-

chain conformational behaviors, inspired by the protein-folding problem. Simulations of

the atomistic polypeptoid model show that polypeptoid sequence can shift conformational

distributions. Importantly, we also show that these shifts can be accurately captured

by a computationally cheaper coarse-grained model, allowing us to run inverse design

workflows in reasonable amounts of time. Finally, we use the genetic algorithm approach

from Chapter 2 to identify sequences that induce specific conformational behaviors.

8.2 Outlook

Further advancements to a nanoscopic understanding of surface-water-solute interactions

via an inverse design approach can be made by improving the workflows laid out in this

dissertation or applying them to new systems.

8.2.1 Improvements to computational workflows

While the active learning approach in Chapter 3 is a significant improvement over the

genetic algorithm approach in Chapter 2 in terms of efficiently identifying diverse and
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optimal patterns, there remain many directions for additional enhancements.

One existing inefficiency is that the algorithm can still simulate the same pattern

multiple times. For instance, when the composition of the pattern is allowed to vary,

the algorithm explores regions where a certain headgroup type is either not present or

present at very low fractions (i.e. only 1 group). As a result, the pattern is independent of

any interaction parameters governing interaction between types of that group. However,

the algorithm does not know this and therefore suggests multiple sets of parameters that

result in the same pattern. A relatively easy fix for this is to check each suggested pattern

against the set of patterns that have already been simulated, and to avoid simulating it

if it is a repeat (a randomly generated parameter set can be used instead, to generate

a new pattern). One could even avoid simulating patterns that are sufficiently similar

to previously simulated patterns, though this risks missing out on patterns that improve

on the objective function. A more complex but potentially more powerful approach is

to encode some restrictions in the bounds for each parameter that account for these and

other degeneracies (e.g. two sets of seemingly different parameter sets may generate the

same pattern). This approach requires an understanding of the space of parameters that

may be more difficult to obtain for larger parameter sets used to generate patterns with

more than three headgroups, limiting generalization.

Performing the optimization in a lower dimensional space necessarily limits the num-

ber of patterns that the algorithm can generate, such that it could miss the actual

optimal. For instance, annealing a pattern energy function generates patterns that are
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more regular (lower “pattern entropy,” as defined in section A.2.1). The conditions of the

simulated annealing procedure can be modified (or even included in the optimization)

in order to generate less regular patterns (e.g. by annealing at a higher temperature).

Alternatively, the active learning optimization in parameter space could be followed by

an additional short genetic algorithm optimization in pattern space starting from the

optimal discovered by the first stage. This combination would benefit from the ability

of the optimization in lower dimensions to efficiently discover diverse patterns, as shown

in Fig. 3.4, as well as the ability of the genetic algorithm to explore smaller changes to

pattern structure that cannot be enforced by the pattern energy function. This tradeoff

between a simplified design space and potentially missing actual optima will be espe-

cially important for sequence design problems, where optimal sequences may be difficult

to generate from a low dimensional set of parameters. This problem may benefit from a

shorter initial optimization in parameter space and longer genetic algorithm runs.

The genetic algorithm optimization in sequence space can be accelerated by using

a surrogate model that predicts the objective function based on the sequence alone.

Chapters 2 and 7 used a simple model that was linear in “features” of the pattern,

where the features are generated based on existing intuition. Recent work has shown

promise for bypassing physics-based models in favor of black-box ones.355 In Chapter 2,

we found that such black-box neural network-based surrogate models that bypass intuited

features do not perform significantly better than simpler models, similar to the result in

Ref. [293], particularly for cases where datasets are small. However, useful features for
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sequence design may be difficult to intuit, due to potential “long-range” interactions

between chemistries along the chain. Neural network approaches such as long short-term

memory recurrent neural networks have been shown to have good predictive properties

for sequence design problems,331 and could be tested for peptoid sequences. The peptoid

coarse-grained (CG) model makes generation of larger datasets possible, which could

improve the accuracy of neural network models. While it is more difficult to interpret

neural network models compared to feature-based linear models, examination of the

optimized sequences can provide physical insight.

The peptoid model can also be improved through better sampling of peptoid confor-

mations. The CG model has shown impressive accuracy for single-chain conformational

behavior. However, other systems, such as peptoid-tethered surfaces, may require ad-

ditional atomistic simulations to either fit other CG models or investigate local water

behavior. While the expanded ensemble method efficiently samples over amide bond

isomerization, other long timescales associated with conformational changes could ex-

tend the requisite simulation time. For instance, peptoids that are tethered to a surface

can fully adsorb to the surface, slowing down conformational changes. Combining the

expanded ensemble method with another enhanced sampling technique would accelerate

sampling along other slow degrees of freedom. Parallel bias metadynamics, in particular,

has shown promise in efficiently accelerating multiple degrees of freedom or collective

variables.356 It could be easily combined with the expanded ensemble technique by in-

cluding the expanded ensemble parameter that softens dihedral potentials, λee, in the set
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of collective variables, along with the peptoid-surface distance, for instance.

8.2.2 Application of workflows to new systems

Since membrane surfaces must perform multiple objectives, such as resisting fouling and

enhancing water-solute selectivity, a natural use of the inverse design workflow is to

optimize multiple objectives. One particular interesting set of objectives would be the

permeability-selectivity behavior. In Chapter 2, we computed permeability and selectiv-

ity metrics and found that the genetic-algorithm-discovered pores showed more optimal

properties (higher permeability and selectivity). However, the computational expense

of accurately sampling boric acid partitioning into the nanopore precluded a full op-

timization in the permeability-selectivity space. The modified inverse design workflow

presented in Chapter 3 could make such an optimization possible, by reducing the num-

ber of iterations needed. The multi-objective optimization could be done using Pareto

front optimization techniques such as those presented in Refs. [149] and [78].

In addition to membrane surfaces, the inverse design workflows can be applied to opti-

mization of other aqueous interfaces whose properties are tuned by modulating chemical

functionality, such as antimicrobial and antifouling surface coatings. In particular, it

would be interesting to apply these design approaches to the peptoid brush surfaces ex-

amined in Chapter 6 to design peptoid sequences that minimize solute adsorption. The

work in 6 found that zwitterionic surfaces showed enhanced antifouling capabilities and

furthermore that the sequence of the charged residues modulated fouling and water be-

165



Conclusions Chapter 8

havior. However, only a couple different zwitterionic sequences were explored, and many

other tunable factors were not varied, including peptoid surface grafting density, peptoid

length, and identity of the charged groups. Since these factors are discrete, a genetic

algorithm approach may be the most useful in searching this space for an optimal pep-

toid design. To accelerate this optimization, we can predict the free energy of solute

adsorption using the three-body angle distribution of the surface’s hydration water, a

relationship that was established in Chapter 6, allowing for faster computations. The

optimal candidates can suggest peptoid sequences to synthesize and test experimentally.

This study could be paired with a detailed and systematic investigation of the effect

of zwitterionic chemistries on the response of water and solutes. In Chapter 6, we ob-

served that zwitterionic chemistries at a surface induce unique water structures that are

opposite those created by uncharged chemistries. Analysis of water structure near zwit-

terionic peptoids in dilute solution will reveal whether such effects are characteristic of

all zwitterions or only those located at an extended surface. By systematically changing

the spacing between positively and negatively charged groups along the peptoid chain,

we can also determine the effect on water structure and develop a nanoscopic mechanism

underlying the hypothesis that such spacing affects antifouling behavior.322,323

Synthesis of peptoid brush surfaces that are similar to what is simulated (peptoids

tethered to a nonpolar surface) could also enable sum frequency generation (SFG) mea-

surements that can be compared with computationally predicted spectra. SFG measure-

ments have been used to study water structure at antifouling surfaces, but the specific
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arrangements and behaviors of water implied by peaks in the SFG spectra are poorly

understood. Computational workflows exist for predicting SFG spectra from simula-

tions,357,358 though the computational expense may be significant since simulations need

to be run with flexible water models. In addition, the structural trends predicted by the

flexible water model will need to be compared with the rigid OPC4 model used in this

dissertation. Successful computation of the SFG spectra, however, will allow for direct

assignment of SFG spectra and a molecular picture of the water characteristics associ-

ated with “tightly bound” or “strongly hydrogen-bonded” water versus weakly bound

and weakly hydrogen-bonded water.

These workflows could also be used to examine fouling and transport of other small,

neutral solutes that are also relevant to water treatment efforts, such as arsenous acid and

1,4-dioxane. This effort would also involve development and/or validation of accurate

classical forcefield parameters applicable for dilute aqueous solutions for less frequently

modeled solutes such as arsenous acid. A recent study, for instance, has conducted such

validation for 1,4-dioxane by comparison against experimental properties.359 Another

route for validation is comparison against density functional theory calculations, as was

done for boric acid in Ref. [122].
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A.1 Simulation models and property calculations

A.1.1 Pore geometry

Figure A.1: (a) As the pore radius increases, water diffusivity in fully methylated (triangles)
and fully hydroxylated (circles) pores increases and the difference between the diffusivity in
the fully methylated and fully hydroxylated pores shrinks. The dotted, black line marks the
pore radius used in the rest of this work. We use the same workflow described in section 2.2
to simulate these pores and measure the diffusivity and uncertainty (smaller than the markers
in this plot) but omit the boric acid solute. (b) The radial density profiles illustrate that at a
pore radius of 1.25 nm, the water density reaches that of the bulk in the middle of the pore, but
the pore wall chemical functionality has a significant effect on water structuring inside the pore
for the fully methylated (blue) and fully hydroxylated pores (orange). The profiles from the
equilibrium (lines) and nonequilibrium (markers) simulations are consistent, suggesting that
the applied pressure gradient is not large enough to perturb water structure from equilibrium.
We use the same workflow described in section 2.2 to simulate these pores but omit the boric
acid solute.

A.1.2 Functional group layout

A.1.3 Forcefield details

Bonded parameters

The CNT carbon-carbon bond lengths are 0.142 nm. Harmonic bond and angle param-
eters for the functional groups are taken from the OPLS-AA/L forcefield153 as described
in Tables A.1-A.2. Angle potentials and dihedral potentials between the functional group
and carbon nanotube atoms are set to 0. All 1-3 LJ and electrostatic interactions are
set to 0. 1-4 LJ interactions between the carbon nanotube atoms and functional group
heavy atom are computed using the Lorentz-Berthelot combining rules, while 1-4 LJ in-
teractions between the carbon nanotube atoms and functional group hydrogens are set
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Figure A.2: A schematic showing how functional groups (blue circles) are arranged on the
carbon nanotube lattice. The functional groups are placed every 4 carbons to achieve a surface
density of 0.21 nm2/group.

to 0. 1-4 electrostatic interactions are multiplied by 0.8333. This keeps the functional
groups inside the nanotube while allowing them to rotate freely.

Figure A.3: Labeling of atoms in methylated and hydroxylated site for Tables A.1-A.2

Bond b0 [nm] Kb [kJ/mol/nm2] Source
C-CM 0.1529 224262.4 OPLS-AA/L CT-CT
CM-HM 0.109 284512 OPLS-AA/L CT-HC
C-OH 0.141 267776 OPLS-AA/L CT-OH
OH-HO 0.0945 462750.4 OPLS-AA/L OH-HO

Table A.1: Harmonic bond parameters for nanopore functional groups.
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Angle θ0 [deg] Kθ [kJ/mol/rad2] Source
C-C-CM 0 0 –
C-C-OH 0 0 –

C-CM-HM 110.7 313.8 OPLS-AA/L CT-CT-HC
HM-CM-HM 107.8 276.144 OPLS-AA/L HC-CT-HC
C-OH-HO 108.5 460.240 OPLS-AA/L CT-OH-HO

Table A.2: Harmonic angle parameters for nanopore functional groups.

Boric acid forcefield

Simulations with the boric acid dihedral potential (H-O-B-O) from Ref. [122] result in
long rotation times around the oxygen-boron bond, resulting in poor sampling of different
dihedral states (Fig. A.4). For this work, we reduce the force constant by half to enhance
sampling (Fig. A.4) in lieu of running separate simulations for both dihedral states. The
force constant remains significant (over 3kBT even after reduction) and thus still enforces
planarity in the molecule. This reduction does not affect the transport properties (Fig.
A.5).

Figure A.4: Boric acid dihedral (H-O-B-O) angle with (a) the original dihedral potential
from Ref. [122] and (b) the force constant halved. With the original potential, isomerization of
the dihedral occurs on the order of hundreds of ns, resulting in poor sampling of the dihedral
states in the 100 ns production simulation used by the genetic algorithm to compute boric
acid flux. Reducing the force constant significantly enhances the sampling of dihedral states.
The workflow is the same as described in section 2.2 for the infinite pore system with applied
pressure gradient, except that the production simulations are run for 1 µs.
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Figure A.5: The measured water and boric acid flux does not change when the dihedral force
constant is altered. The workflow is the same as described in section 2.2 for the infinite pore
system with applied pressure gradient, except that the production simulations are run for 1 µs.
Furthermore, an additional harmonic potential with force constant 20 kJ/mol/rad2 is applied
to the dihedral during the initial NVT equilibrations and is set to achieve the starting config-
urations in the figure. The reported fluxes are computed by averaging from three independent
simulations. The reported uncertainty is the standard error of the mean.

A.1.4 Overview of pore simulation steps

For each pattern, the following main calculations are performed:

1. Simulate a finite pore between two reservoirs (Fig. 2.1b in main text)
with a single boric acid molecule to compute the average water den-
sity inside the pore. We run a 100 ps NVT equilibration, then a 10 ns NPT
equilibration, and finally a 20 ns NPT production simulation.

2. Prepare an infinite pore (Fig. 2.1b in main text) with the same water
density as the finite pore.

3. Compute the flux of boric acid and water in the infinite pore under an
applied pressure gradient via a nonequilibrium simulation. We run a 2
ns NVT equilibration followed by a 100 ns NVT production simulation (in the ge-
netic algorithm) or a 200 ns NVT production simulation (to examine the rationally
designed patterns). The first 10 ns are discarded when computing properties.

For each rationally designed pattern (i.e. beyond those explored by the genetic algo-
rithm), the following additional calculations are performed:
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5. Run an expanded ensemble simulation turning on the boric acid non-
bonded parameters to compute the free energy of solvation in the pore,
and thus the partition coefficient of boric acid inside the pore. We run
a 500 ps NVT equilibration and then a 500 ps NPT equilibration with all non-
bonded and partial charges turned on. Subsequently, we run the expanded ensemble
simulation in the NPT ensemble (500 fs between MC barostat moves) for 10 ns to
equilibrate state weights and then for 410 ns with fixed weights, changing expanded
ensemble states every 1 ps. We use the final 410 ns when computing properties.

6. Compute the diffusivity of boric acid and water in the infinite pore
without an applied pressure gradient via an equilibrium simulation. We
run a 2 ns NVT equilibration followed by a 1 µs NVT production simulation.

Figure A.6: Visualization of the finite pore and infinite pore systems (reproduction of the
snapshots from Fig. 2.1b in the main text at a larger scale), annotated with the steps outlined
in section A.1.4 for simulating the pores and computing the transport properties.

A.1.5 Finite pore setup

To eliminate end effects in the finite pore, we first repeat the pore pattern for 4 additional
rows in both directions, creating a pore of length of 5.0 nm. Calculations of density and
partition coefficients are performed excluding this added region.

To bound the water reservoirs, we create two graphene sheets with width and length
equal to 5 nm (4 times the pore radius), with openings for the pore created by (1) deleting
all carbon atoms within the convex hull defined by carbon atoms in the graphene sheets
that are closest to CNT carbon atoms and then (2) bonding pairs of graphene and
CNT carbon atoms that are within 0.242 nm of each other. The graphene and CNT
positions are fixed during the simulation; these bonds are needed only so that the barostat
recognizes them as a single molecule. Nonbonded forcefield parameters for the carbon
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atoms in the graphene sheet are the same as those for the CNT. We solvate the entire
box using GROMACS214 and then remove all waters in between the graphene sheets
(region laterally external to the pore). We then insert a single boric acid molecule using
GROMACS.

For simulations with the finite pore, unless otherwise noted, we restrain the center of
mass of the single boric acid so that it remains within the nanopore using a flat-bottom
harmonic restraint, 0.5k(dz−dz0)

2step(dz−dz0) where dz is the distance along the pore
axis between the boric acid heavy atoms’ center of mass and a carbon atom near the
center of the pore, dz0 = 1.70384 nm (half the pore length, minus the added region
length), step(x)=1 when x ≥ 0 and is 0 otherwise, and k = 1000 kJ/mol/nm2.

For the expanded ensemble simulation, we additionally apply a flat-bottom harmonic
restraint to the boric acid solute in the radial direction to keep it inside the pore. The
restraint has the form 0.5kr(r − R)2step(r − R) where r is the distance in the xy-plane
between the boric acid heavy atoms’ center of mass and the center of the pore, R is the
pore radius, step(x) = 1 when x ≥ 0 and is 0 otherwise, and kr = 1000 kJ/mol/nm2.

A.1.6 Partition coefficient calculation

The partition coefficients of boric acid between bulk water and the pore are computed
as described in the main text. The reference values K0 = 8.0 and ∆G0 = −3.4kBT are
computed for the fully methylated pore, where the partition coefficient is computed from
an unbiased MD simulation in the finite pore system with the same setup as described
previously but with 20 boric acid molecules (placed initially in the water reservoir using
GROMACS). For the unbiased MD simulation, we perform a 100 ps NVT equilibration
followed by a 100 ns NPT equilibration where we save configurations every 1 ns. We
set the box length in the axial direction to the average of the second half of the NPT
equilibration. We then perform an additional 100 ns NVT equilibration. Finally, we
perform a 400 ns NVT production. The friction coefficient for Langevin dynamics is 0.1
ps−1. We do not restrain the boric acid molecules in these simulations and compute the
partition coefficient as the ratio of the average boric acid density inside the pore by the
average boric acid density in the water reservoir (excluding the region within 5Å from the
graphene sheets). We do this for each 80-ns block in the production simulation and then
average the resulting partition coefficients. Fig. A.7 shows the agreement between the
partition coefficients computed from the expanded ensemble and unbiased simulations.
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Figure A.7: Partition coefficients computed from the free energy of solvating the boric acid
inside the pore (solid), as described in the main text, compared to those computed from the
unbiased MD simulations described above (dashed), show good agreement. For the former,
three independent runs are averaged together and the uncertainty is the standard error of the
mean. For the latter, the standard error of the average partition coefficient from 5 80-ns blocks,
as described earlier, is reported. The orange markers represent patterns with a “single patch”
of hydroxyl groups, spanning the pore axis, while the blue markers represent “fully dispersed”
patterns.

Figure A.8: Partition coefficients for a) water and b) boric acid for all rationally designed
patterns. Uncertainties are the standard error of the mean from three independent simulations
(for the water partition coefficient, they are smaller than the marker size).

A.1.7 Infinite pore setup

We generate the initial positions of the CNT carbons and functional groups using an in-
house script. The positions of the CNT carbon atoms are then fixed during the simulation.
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We then place a single boric acid molecule into the pore using GROMACS. Finally, we
solvate the pore by placing waters in one by one, randomly drawing their center of mass
positions and orientations. We continue to adjust waters until their number in the pore
equals that of a finite pore with the same pattern connected to a water reservoir (without
the end regions).

A.1.8 Flux calculation

To compute the flux of water and boric acid under an applied pressure gradient, we add
a constant acceleration to each water and boric acid atom. The added acceleration is

a =
dP

dz

R2Lπ

M
(A.1)

where dP/dz is the desired pressure gradient, R is the radius of the nanopore, L is
the length of the nanopore, and M is the total mass of the water molecules and boric
acid solute. The pressure gradient is set to dP/dz = 12 MPa/nm, which is higher than
pressure gradients in typical membranes. However, measurements of water flux over
different pressure gradients reveal that 12 MPa/nm is still within the range where water
flux is linear with pressure gradient, suggesting that the applied force is small enough
that the transport trends can be extrapolated to lower gradients.

Figure A.9: The average molar flux of water is linear with respect to the pressure gradient.
We use the same workflow described in section 2.2 to simulate these pores and compute the
water flux and uncertainty (smaller than the markers in this plot) but omit the boric acid
solute. The dashed lines show the lines of best fit, with the intercept fixed at the origin.

To compute the flux, we divide the production simulation into 5 blocks. In each
block, the total net displacements of the water oxygen atom and boric acid boron atom
are computed and divided by the length of the block, the volume of the pore, and the
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number of molecules (water or boric acid, depending on the calculation). The fluxes are
averaged over the 5 blocks.
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A.2 Genetic algorithm workflow

Figure A.10: The genetic algorithm workflow.

A.2.1 Pattern entropy minimization

The pattern entropy is computed as S = −
∑512

i=1 Pi logPi where i is an index over all
29 = 512 possible 3x3 arrangements of methyl and hydroxyl groups and Pi is the fraction
of 3x3 subsections of the pattern (128 subsections in total) that have the ith arrangement.
For instance, the index corresponding to the 3x3 arrangement in the subsections marked
in the pattern in Fig. A.11 is i = 447 and the 3x3 arrangement appears twice in the
pattern, as marked in Fig. A.11. Thus, P447 = 2/128.

The pattern entropy is minimized via quenching. In each step of this procedure, the
positions of one hydroxyl and one methyl group are exchanged. The change in pattern
entropy, ∆S, is computed and the move is accepted with probability min[1, exp(−∆S/T )]
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Figure A.11: Example pattern with 3x3 subsections marked to illustrate pattern entropy
calculation. The calculation accounts for periodic boundaries, as depicted here.

where T is a (“temperature”) parameter that adjusts the rate at which moves that in-
crease pattern entropy are accepted. For the random generations, we run this quenching
procedure on each generated pattern for 1000 steps at a fixed temperature of 0.01. Fig.
A.12 shows example quenching trajectories. This pattern entropy minimization proce-
dure creates more feature-diverse patterns (sampling a wider range of pattern features)
as shown in Fig. A.13. Later in the genetic algorithm, we also use the pattern en-
tropy quenching minimization to refine the first generation of patterns created by the
second set of MD-driven generations; this time, the algorithm is run for 10,000 steps at
a temperature of 0.05.

Figure A.12: Example quenching trajectories. Patterns with 32 hydroxyl groups are generated
by randomly choosing 32 sites. Each pattern is then entropy-minimized through the quenching
procedure for 1000 steps at a temperature of 0.01.

A.2.2 Maximization generations

In the genetic algorithm, the random generations are followed by a “maximization” gen-
eration, which follow the procedures described in Ref. [61]. Briefly, in each maximization

179



SI for Inverse Design of Pore Wall Chemistry Appendix A

Figure A.13: Entropy minimization leads to more diverse patterns. To illustrate this, we
create 1000 “randomly generated” patterns by randomly choosing 32 sites to be hydroxyl groups.
We also create 1000 “entropy minimized” patterns by again randomly choosing 32 sites to be
hydroxyl groups and then minimizing pattern entropy by running the quenching algorithm
for 1000 steps at a temperature of 0.01. (a) The quenching algorithm leads to lower pattern
entropies in the entropy minimized patterns (tan) versus the randomly generated patterns
(blue). (b) Histograms over various pattern features show that the entropy minimized patterns
(tan) cover a larger range of pattern feature values compared to the randomly generated patterns
(blue).

generation, a set of 8 optimal parent patterns is chosen via a tournament selection pro-
cedure. These parent patterns are randomly grouped in pairs and combined to form new
child patterns. The patterns are then mutated. The mutation rate used here is 0.04.

A.2.3 Model-driven generations

The only difference between the model-driven generations and the MD-simulated genera-
tions is the calculation of the flux difference. Models of the water and boric acid flux are
fit based on 22 features of the pattern (section A.3.1 lists the features used). The sklearn
package is used to scale the features and the log of the water and boric acid fluxes (fitting
the log of the fluxes was found to yield more accurate models). Then, using multiple
linear regression in sklearn, linear models are fit that predict the scaled logarithm of the
water and boric acid fluxes from the set of pattern features. These models are then used
in the model-driven generations to predict the flux difference. When the model is refit
based on the second set of simulated generations, we recompute the predictions from the
previous model-predicted maximization generations using the new model.

We hypothesize that the surrogate model enhances the efficiency of the genetic algo-
rithm by making it more robust to uncertainty in the MD simulation. To demonstrate
this, we test a mock objective function that is the “correlation” with an “ideal” pattern.
Here, the correlation is the number of functional groups of the same type in the same
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position (e.g. the maximum overlap is 128) and accounts for all translations and reflec-
tions of the pattern. Since the correlation can be computed quickly (in contrast to an
MD simulation), this mock objective function provides a way to rapidly test the genetic
algorithm workflow. We can also artificially introduce “error” to the correlation calcula-
tion by adding Gaussian noise. Fig. A.14 shows that when there is error in the objective
function, the genetic algorithm finds, on average, more optimal patterns when it uses the
surrogate function to predict the objective function. We note that more complex models
with a larger number of fitted parameters compared to the linear model may be more
prone to overfitting and thus may not enhance the robustness of the genetic algorithm,
one of the motivations for choosing a linear model.

Figure A.14: The genetic algorithm with the simpler objective function (the “ideal” pattern
is shown at the top) is run for 200 generations. For the “simulation only” case (blue circles), the
objective function evaluation is performed only by directly computing the pattern correlation
and adding an error generated from a normal random variable centered at 0 with varying
standard deviation, σ. For the “with model-driven runs” case (orange triangles), the algorithm
begins with 20 generations where the objective function evaluation is performed as described for
the “simulation only” case followed by 180 generations where the objective function is predicted
from a model fit from the data from the initial 20 generations. Ten runs for both the “simulation
only” and “with model-driven runs” cases are performed at varying values of σ (plotted on the
x-axis normalized by 128). The optimal true correlation with an ideal surface found in each
run is averaged over the 10 runs (plotted on the y-axis normalized by 128) and the error bars
show the standard deviation over those 10 runs. The rest of the genetic algorithm workflow
is the same as described, except that the initial random generations do not use the entropy
minimization procedure. At non-zero values of error in the objective function, the runs with
the surrogate model identify more optimal patterns, on average, than the runs without it.
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A.2.4 Generations in each stage

Stage Fixed fOH Varying fOH

Random 5 5
First maximization with MD simulations 10 18
First maximization with surrogate model 1000 1000
Second maximization with MD simulations 15 18
Second maximization with surrogate model 1000 2000

Table A.3: The number of generations per stage of the genetic algorithm optimization for
the runs fixing and varying the hydroxyl group fraction, fOH . Since the run varying hydroxyl
group fraction explores a much larger portion of the pattern space, we increase the number of
generations in some of the stages compared to the fixed hydroxyl group fraction run.
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A.3 Surrogate function

A.3.1 Features

The surrogate function models the flux difference as a linear function of 22 features of
the pattern, listed below:

1. Fraction of nearest neighbors of a functional group that are the same type of group.
The nearest neighbors of a functional group are those surrounding it in the hexag-
onal lattice. Each functional group has 6 nearest neighbors.

2. Fraction of nearest neighbors of hydroxyl groups that are also hydroxyl groups

3. Fraction of nearest neighbors of methyl groups that are also methyl groups

4. Maximum number of hydroxyl groups in a row

5. Maximum number of methyl groups in a row

6. Number of patches comprising 1 or 2 hydroxyl groups. Two hydroxyl groups are
in the same patch if they are nearest neighbors.

7. Number of patches of 3, 4, 5, or 6 hydroxyl groups

8. Number of patches of 7 or more hydroxyl groups

9. Number of times two hydroxyl groups are within 1 spacing apart along the pore
circumference. Here, a spacing is the distance between two functional groups in
hexagonal lattice.

10. Number of times two hydroxyl groups are between 1 and 2 spacings apart along
the pore circumference

11. Number of times two hydroxyl groups are between 2 and 3 spacings apart along
the pore circumference

12. Number of times two hydroxyl groups are between 3 and 4 spacings apart along
the pore circumference

13. Number of times two hydroxyl groups are between 4 and 5 spacings apart along
the pore circumference

14. Number of times two hydroxyl groups are between 5 and 6 spacings apart along
the pore circumference

15. Number of times two hydroxyl groups are between 6 and 7 spacings apart along
the pore circumference
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16. Number of times two hydroxyl groups are within 1 spacing apart along the pore
axis.

17. Number of times two hydroxyl groups are between 1 and 2 spacings apart along
the pore axis.

18. Number of times two hydroxyl groups are between 2 and 3 spacings apart along
the pore axis.

19. Number of times two hydroxyl groups are within 1 spacing apart.

20. Number of times two hydroxyl groups are between 1 and 2 spacings apart.

21. Number of times two hydroxyl groups are between 2 and 3 spacings apart.

22. Pattern entropy (calculation described in section A.2.1).

A.3.2 Surrogate model performance

Figure A.15: The surrogate model reasonably predicts water and boric acid fluxes when
trained on data from the first set of simulated generations (120 patterns for fixed hydroxyl
group fraction, 184 patterns for varying hydroxyl group fraction) and tested on the second
set of simulated generations (120 patterns for fixed hydroxyl group fraction, 144 patterns for
varying hydroxyl group fraction).

184



SI for Inverse Design of Pore Wall Chemistry Appendix A

A.3.3 Alternative surrogate models

We compare the model used here (linear, with the set of 22 pattern features as pre-
dictors) with alternative surrogate models: LASSO (predictors: pattern features), fully
connected artificial neural network (predictors: pattern features), convolutional neural
network (predictors: explicit patterns), fully connected artificial neural network (predic-
tors: explicit patterns). We use the dataset generated from the genetic algorithm run
fixing hydroxyl group fraction (240 patterns and MD-computed flux differences). In-
stead of predicting the log of water and boric acid fluxes separately, we perform a single
prediction of the flux difference. We use the sklearn package for the models where the
predictors are the feature set and keras when the predictors are the patterns. For the lat-
ter, we augment the dataset with translational variants of each pattern (128 translational
variants per original pattern).

For the LASSO regression, we use a regularization parameter of α = 0.04. The
artificial neural network (ANN) with feature predictors uses two fully connected layers
with 25 nodes per layer. The convolutional neural network (CNN) uses 1 convolutional
layer with 4 5x5 filters, 1 dropout layer with a dropout rate of 0.5, and 2 fully connected
layers with 10 nodes per layer. The ANN model with pattern predictors uses 4 fully
connected layers with 50 nodes per layer.

Figure A.16: Comparison of alternative surrogate models shows that performance of neural-
network-based models is approximately equal to that of simpler, regularized linear models. For
each model, the bars show the average RMSEs computed from 5-fold cross-validation of the
training (solid) and testing (hatched) sets.

A.3.4 Feature importance

We use all data from the simulated generations of the fixed hydroxyl group fraction run
(240 patterns in total) to evaluate feature importance. We identify the most important
features two different ways: (1) random forest regression and (2) LASSO regression. For
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both, we randomly divide the dataset into 5 different folds (48 patterns per fold), and
run the regression 5 times, each time removing a different fold from the dataset and using
the remaining data to fit the models. For random forest regression, we use the sklearn
package to fit a random forest regressor and compute feature importance values. Features
with an importance over 0.01 are listed in Table A.4. For LASSO regression, we use the
sklearn package to fit a LASSO model with α = 0.05. The non-zeroed features are listed
in Table A.4.

Fit Random forest LASSO
1 4, 9, 16, 17, 18, 22 4, 5, 9, 11, 16, 21
2 4, 9, 13, 16, 17, 18, 20, 22 4, 5, 8, 9, 15, 16, 18
3 4, 9, 10, 16, 17, 18, 19, 22 4, 5, 8, 9, 11, 15, 16, 18, 21
4 4, 9, 16, 17, 18, 22 4, 5, 9, 11, 16
5 4, 9, 13, 15, 16, 17, 18, 22 4, 5, 9, 16, 17, 18, 21

Table A.4: Most predictive features, as identified by random forest regression and LASSO
regression, for each fit (a different, random fold of the dataset is removed for each fit). Feature
numbers correspond to the list in section A.3.1. Bolded numbers are those that appear for each
fit for a given regression method.
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A.4 Rationally designed patterns

A.4.1 Pattern clustering

We perform spectral clustering of the 240 patterns from the simulated generations of the
fixed hydroxyl group fraction run. We pre-compute a 240x240 correlation matrix for all
patterns where the correlation between two patterns is the number of hydroxyl groups
in the same position (accounting for all translations and reflections of the pattern). We
then cluster the patterns using sklearn’s spectral clustering implementation, fixing the
number of clusters as 6.

Figure A.17: Spectral clustering of the 240 simulated patterns from the genetic algorithm
run with fixed hydroxyl group fraction suggests that patterns with rows of hydroxyl groups
and axial patches of hydroxyl groups may maximize and minimize, respectively, the difference
between water flux and boric acid flux. Each violin plot represents a separate cluster. One
pattern snapshot is shown for each cluster.

A.4.2 Patterns and computed transport properties

Pattern fOH Kw Kb Dw Db Fw Fb Fw − Fb

0 0.49401 8.04 0.4211 0.242 7.612 5.766 1.858

0.125 0.53103 4.33 0.31924 0.171 3.442 2.715 0.737

0.125 0.52342 5.54 0.3501 0.1999 4.572 3.963 0.614
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0.125 0.52342 5.72 0.3571 0.1212 4.442 2.588 1.867

0.125 0.52052 6.02 0.36766 0.2419 5.3855 4.696 0.696

0.25 0.56522 2.12 0.25286 0.1006 1.9706 1.517 0.467

0.25 0.55742 3.21 0.28226 0.1037 2.4548 1.558 0.919

0.25 0.55002 4.21 0.3071 0.1315 3.1916 2.331 0.862

0.25 0.54692 4.71 0.32324 0.2168 3.711 3.586 0.136

0.25 0.552598 3.82 0.29396 0.171 2.793 2.475 0.325

0.25 0.55302 4.039 0.2991 0.0815 2.832 1.273 1.554

0.25 0.55073 4.928 0.32558 0.0654 3.452 1.614 1.846

0.25 0.54542 5.04 0.34049 0.221 4.393 4.31 0.139

0.5 0.607627 1.016 0.22066 0.0924 1.4893 1.246 0.256

0.5 0.60541 1.897 0.24155 0.0684 1.701 0.893 0.824

0.5 0.601156 2.12 0.24369 0.0964 1.7965 1.2652 0.5329

0.5 0.60412 1.917 0.23587 0.0734 1.6579 0.996 0.666

0.5 0.600856 2.72 0.2571 0.0775 1.9672 1.104 0.864

0.5 0.59613 2.72 0.27624 0.1913 2.392 2.563 −0.185

0.5 0.59894 1.82 0.24745 0.1507 1.8784 1.752 0.133

0.5 0.60842 1.317 0.22978 0.1057 1.5766 1.162 0.412

0.5 0.60612 2.228 0.25335 0.0614 1.851 0.831 1.0102

0.5 0.59432 3.747 0.28848 0.221 2.871 3.528 −0.658
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0.75 0.65531 1.039 0.21257 0.0916 1.3024 1.172 0.142

0.75 0.65344 1.011 0.22654 0.0955 1.3886 1.124 0.274

0.75 0.64842 1.275 0.24206 0.0715 1.5827 1.041 0.541

0.75 0.643095 1.82 0.25038 0.161 1.7936 2.164 −0.374

1 0.69023 0.7437 0.22974 0.1095 1.3377 1.564 −0.233

Table A.5: List of all rationally designed patterns and computed transport properties for
water and boric acid, including partition coefficients Kw and Kb, diffusivities Dw and Db, and
fluxes Fw and Fb. The subscripts w and b stand for water and boric acid, respectively. The
units for diffusivity are Å2/ps and the units for fluxes are 10−6/ps/Å2.

Figure A.18: Unlike evenly dispersed and single-patch patterns, other non-intuitive patterns
can reduce boric acid flux without affecting water flux to the same extent.

A.4.3 Diffusivity of water and boric acid

To compute diffusivities, we divide the 1 µs NVT production simulation into 5 blocks of
200 ns each. Within each block, we compute the mean squared displacement trajectories
of the water oxygens and boron atoms over 1 ns intervals. We fit a line to the region
above 100 ps and compute the diffusivity as half of the slope. We take the mean of
the diffusivities fit for each of the 5 blocks to get the reported diffusivity. The reported
uncertainty is the standard error of the mean.
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Figure A.19: Diffusivities of (a) water and (b) boric acid for all rationally designed patterns.
Note that some rationally designed patterns give lower boric acid diffusivities compared to the
fully dispersed surfaces, in contrast to the case for water, producing differential effects on the
behavior of boric acid relative to water.

A.4.4 Analytical model for boric acid transport

We use the model derived in Ref. [133] for the 1-D diffusion coefficient, D, of a Brownian
particle in an arbitrary periodic potential, V (x), with no tilting force:

D

D0

=

∫ x0+L

x0

dx
L
I2+(x)I−(x)[∫ x0+L

x0

dx
L
I+(x)

]3 (A.2)

I±(x) =

∫ L

0

dy

D0

exp([±V (x)∓ V (x∓ y)]/kBT ) (A.3)

Where D0 is the diffusion coefficient when V (x) is constant and L is the period of
V (x), so that V (x) = V (x+ L).

For simplicity, we model V (x) as a stepwise function, as depicted in Fig. A.20, taking
on a constant value V0 in the methylated region of length a, and another constant value
V1 in the hydroxylated region of length b. The lengths of the regions are proportional
to the number of rows of each group (e.g. in Fig. A.20, a/b = 3). We furthermore
assume that exp(−(V0 − V1)/kBT ) = K0/K1, where K0 is the partition coefficient in the
methylated region and K1 is the partition coefficient in the hydroxylated region. Then,
the diffusivity relationship simplifies to:

D

D0

=
γ(γ + (1− γ)ϕ)2(γ + (1− γ)/ϕ) + (1− γ)(1− γ + γ/ϕ)2(1− γ + γϕ)

[γ(γ + (1− γ)ϕ) + (1− γ)(1− γ + γ/ϕ)]3
(A.4)

Where γ = a/(a+ b) and ϕ = K0/K1.
Finally, to empirically account for the reduction in diffusivity with increasing fraction
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Figure A.20: V (x) takes on two distinct values in the methylated and hydroxylated regions.

of hydroxyl groups, we model D0 as an exponential: D0 = A exp(−BfOH) + C where
fOH is the fraction of hydroxyl groups and the constants A = 0.1803, B = 1.3380, and
C = 0.0618 are fit from the computed diffusivities as fOH = 0, fOH = 1, and the average
of diffusivities of the single-patch and dispersed patterns at fOH = 0.5.

A.4.5 Other solutes

Parameters for solutes besides boric acid and arsenous acid are from the GAFF2 force-
field360 with AM1-BCC charges.361 For isopropanol and phenol charges are scaled accord-
ing to the method described in Ref. [362], as was performed in Ref. [79]. For arsenous
acid, non-bonded LJ parameters are from the GAFF2 forcefield, while non-bonded LJ
parameters and bonded parameters are from the DREIDING forcefield,363 with unscaled
1-4 interactions and the harmonic angle potential functional form. We compute partial
charges for arsenous acid by running a geometry optimization and then a single-point
electrostatic potential (ESP) calculation in Gaussian 16364 using the B3LYP functional
with the 6-311++G(d,p) basis set. We set the spin multiplicity to 1 for this calculation.
We then use AmberTools16360 to perform a restrained electrostatic potential fitting to
fit partial charges for each arsenous acid atom.
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Solute NH ∆GCH3
solv −∆GOH

solv [kBT ] ∆Fring −∆Fmethyl [10
−6/ps/Å2]

Benzene 0 -3.22 2.64
Phenol 1.15 -3.39 2.35

Isopropanol 1.49 -2.65 0.54
Boric acid 1.27 -0.86 0.011
Ammonia 0.76 -0.73 -0.21

Arsenous acid 1.53 N/A -0.24

Table A.6: For each solute simulated here, the average number of hydrogen bonds formed
with the nanopore hydroxyl groups in the fully hydroxylated pore NH , the difference in affinity
for methylated and hydroxylated self-assembled monolayer (SAM) surfaces as measured in
Ref. [79], and the enhancement in solute rejection with the ringed pore ∆Fring − Fmethylated.
The average number of hydrogen bonds with hydroxyl groups in the fully hydroxylated pore
is computed from an equilibrium simulation in an infinite pore with the given solute (same
workflow as described in the main text for boric acid) and is computed over snapshots for
which the solute is within 5Å of the pore wall. Hydrogen bonds are determined via a geometric
criteria: the distance between the donor and acceptor oxygen atoms must be less than 3.5Å and
the angle formed by the acceptor oxygen – donor oxygen – donor hydrogen must be less than
30o. The enhancement in solute rejection with the ringed pore is computed from subtracting
the flux difference (water flux minus solute flux) in the methylated pore, Fmethyl, from the flux
difference in the pore with a single ring of hydroxyl groups (bottom-right pore depicted in Fig.
2.4), Fring. The chosen solutes show a large range of hydrogen-bonding and surface affinity
behavior. The difference between their affinities for the methylated and hydroxylated SAMs
is correlated with the enhancement in rejection by the ringed pores, as is consistent with the
proposed diffusive hopping mechanism.
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A.5 Permeability-selectivity trade-off

As described in section 2.2, water permeability is computed from:

P =
KwFwVporeρbulk

dP/dz
(A.5)

where Kw is the partition coefficient of water, Fw is the in-pore flux of water, Vpore is
the pore volume, ρbulk is the bulk water density, and dP/dz is the pressure gradient (the
relationship between the pressure gradient and the applied acceleration is given in section
A.1.8).

Selectivity is computed from:

S =
KwFw

KbFb

1

1.4× 10−6
(A.6)

where Kb is the partition coefficient of boric acid, Fb is the in-pore flux of boric acid,
and 1.4× 10−6 is the approximate mole fraction of boric acid in seawater from Ref. [92].

In Fig. A.21, the Pareto front (shaded gray) shows the set of all optimal combinations
of permeability and selectivity from 20 new randomly generated pores (without pattern
entropy minimization, i.e. distinct from those used in the genetic algorithm optimiza-
tion). Here, the Pareto front, an approach to quantify improvement in multi-objective
optimization,78,149 defines pore patterns that lie on the extremes of higher permeability
and selectivity. The front crosses from the top-left corner (high selectivity and low per-
meability) to the bottom right (low selectivity and high permeability), showing that, for
randomly generated pores, improvements in selectivity are at the expense of permeability.
We compute the permeability and selectivity for the optimal patterns along the genetic
algorithm optimization trajectories (Fig. 2.2, red lines) and determine new Pareto fronts,
adding each of the optimal patterns to the original set of 20 randomly generated pat-
terns. For the optimization runs, the best surfaces in terms of flux difference also expand
the Pareto front, indicating that the genetic algorithm optimization of a single objective
function discovers surfaces that are more optimal in a related, multi-dimensional space,
i.e. with more optimal permeability-selectivity behavior. While not directly related, the
log of the selectivity contains a term that is the difference of the log of the in-pore fluxes,
along with a term related to the difference in partition coefficients and a constant term:
logS = (logFw − logFb) + (logKw − logKb) − log(1.4 × 10−6). Thus, larger flux dif-
ferences will lead to improved selectivity, as long as the resulting difference in partition
coefficients does not offset it.

193



SI for Inverse Design of Pore Wall Chemistry Appendix A

Figure A.21: For both the genetic algorithm runs with (a) hydroxyl group fraction fixed at
0.25 and (b) varying hydroxyl group fraction, the patterns along the running optimal trajectory
(red line in Fig. 2.2) extend the Pareto front (borders of tan rectangles) beyond that created
from randomly generated pores (black line with gray shading). The darker shades correspond
to patterns discovered later in the optimization.
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B.1 Simulation details

Tables B.1 and B.2 give extra bond and angle parameters required to simulate the ethyl
and hydroxymethyl groups, derived from the OPLS-AA/L forcefield. The remaining
bond and angle parameters can be found in Tables A.1 and A.2. As with the methyl and
hydroxyl groups, we set all dihedrals involving the functional groups to zero.

The charges for the hydroxymethyl O-H group are the same as the hydroxyl group,
with the remaining charge split between the CH2 carbons (no charge for the CH2 carbon).
For the ethyl group, all hydrogens have charge 0.06 (as with the methyl group), which
are balanced by the charges on the carbons bonded to the hydrogens (the CH2 carbon
has charge −0.12 and the CH3 carbon has charge −0.18.

Figure B.1: Labeling of atoms in ethyl and hydroxymethyl sites for Tables B.1 and B.2.

Bond b0 [nm] Kb [kJ/mol/nm2] Source
CM-CM 0.1529 224262.4 OPLS-AA/L CT-CT
CM-OH 0.141 267776 OPLS-AA/L CT-OH

Table B.1: Harmonic bond parameters for nanopore functional groups. The bond potential
has the form U(rij) =

1
2Kb(rij − b0)

2.

Angle θ0 [deg] Kθ [kJ/mol/rad2] Source
C-CM-CM 112.7 488.273 OPLS-AA/L CT-CT-CT
CM-CM-HM 110.7 313.8 OPLS-AA/L CT-CT-HC
CM-OH-HO 108.5 460.24 OPLS-AA/L CT-OH-HO
HM-CM-OH 109.5 292.88 OPLS-AA/L HC-CT-OH
C-CM-OH 109.5 418.4 OPLS-AA/L CT-CT-OH

Table B.2: Harmonic angle parameters for nanopore functional groups. The angle potential
has the form U(rijk) =

1
2Kθ(θijk − θ0)

2.
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B.2 Visualizing solute locations in pore

One helpful visualization of solute transport through the pore is to project the locations
of the solute (boric acid) onto the plane of the pore wall (pore circumference versus pore
axis). Fig. B.2a shows examples of this projection for the nonpolar pores with (i) only
methyl and (ii) only ethyl groups. Here, we only include boric acid locations when boric
acid is at least 10Å from the carbon nanotube wall. We use the location of the boron
atom. The projected coordinates along the pore circumference, x′, and pore axis, y′ are
(assuming the center of the pore is located at (xc, yc, zc) = (0, 0, 0):

x′ = R cos−1

(
x√

x2 + y2

)
y

|y|
(B.1)

y′ = z (B.2)

where x, y, and z are the x-, y-, and z-coordinates of the boron atom and R is the
radius of the nanopore. We also compute projected coordinates of the functional groups
(specifically, the CH3 carbon or hydroxyl oxygen atoms) using the same equations for
the first saved frame of the simulation.

Figure B.2: (a) Projection of locations of boric acid solute within the pores with (i) only
methyl groups (fethyl = 0)) and (ii) only ethyl groups (fethyl = 1)) onto the pore wall. Gray
triangles are boric acid, cyan triangles are methyl group locations, and blue squares are ethyl
group locations. (b) Histograms of boric acid locations along the pore axis.

These projected coordinates reveal precise locations along the pore wall where boric
acid preferentially adsorbs. For instance, Fig. B.2a suggests that boric acid prefers to
reside in between the rows of functional groups, and that there is a slightly stronger
preference for being between rows of ethyl groups compared to rows of methyl groups.
The histogram of boric acid locations along the pore axis, shown in Fig. B.2b confirms
this, with higher peaks and lower wells for the pore with only ethyl groups. This enhanced
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preference for residing in between ethyl groups could be due to the increased length and
thus flexibility of the ethyl groups, allowing for rearrangement to accommodate the solute.
Thus, there is a slightly higher energetic barrier for boric acid to transport down the axis
of the pore with rows of ethyl groups compared to rows of methyl groups, which may
account for the slight reduction in flux in Fig. 3.2.

Fig. B.3 are similar projections for pores with both ethyl and methyl groups. Boric
acid generally prefers to reside near methyl groups, compared to ethyl groups. In the
pore with 50% ethyl groups, the arrangement of the methyl groups creates “channels” of
boric acid groups, one possible reason that flux in these pores is unexpectedly high (Fig.
3.2). In contrast, with larger fractions of ethyl groups, the boric acid resides in pockets
and needs to hop between pockets to transport down the pore.

Figure B.3: Projection of locations of boric acid solute onto the pore wall for pores with
(a) 50% ethyl groups and (b) 75% ethyl groups, arranged in a fully dispersed pattern. Gray
triangles are boric acid, cyan triangles are methyl group locations, and blue squares are ethyl
group locations.

B.3 Water properties

Fig. B.4 shows the water density profiles along the pore radius for homogeneous pores
(i.e. pores with a single type of functional group). All functional groups induce some
change in the structure of water from bulk. The pores with shorter groups (compare
methyl (cyan) to ethyl (blue) or compare hydroxyl (red) to hydroxymethyl (magenta))
lead to a higher initial peak in the density profile, indicating stronger structuring of
water. A possible reason for this is that the longer groups are more flexible and therefore
allow water to reside at more locations with respect to the pore wall.

Fig. B.5a shows the three-body angle distributions for water in the pores. The three-
body angle is formed by the oxygen atoms of a central water molecule and two of its
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Figure B.4: Density of water as a function of distance from the carbon nanotube wall for
various homogeneous pores. The label indicates the type of functional group in the pore. The
profile is computed with a bin width of 0.25Å. The dotted black line shows the bulk density of
water, 0.0334Å−3.

nearest neighbors (the cutoff for a nearest neighbor used here is 3.4Å). The distributions
are computed for all waters within 7Å of a heavy atom on the pore wall. They are shifted
by the distribution for bulk TIP3P water, computed from a simulation with 884 TIP3P
water molecules. For the bulk water simulation, we first run an NVT equilibration for
100 ps in a box of length 3 nm. We then perform an NPT equilibration for 100 ps at
1 bar. We perform a second NVT equilibration for 100 ps using the average box length
from the second half of the NPT equilibration. Finally, we run an NVT simulation for 1
µs, saving configurations every 20 ps.

In order to characterize shifts in the distribution with respect to the fraction of ethyl
groups in the pore, fethyl, we compute the projections onto the principal components
shown in Fig. 6.6. Fig. B.5b shows the projections as a function of fethyl. As discussed
further in section 6.3.3, the first principal component measures the “small-lengthscale”
tetrahedral behavior of water, the second component measures the “large-lengthscale”
ideal-gas-like behavior, and the third component measures the degree to which the hy-
dration shells are over-coordinated. The projections show that water’s tetrahedrality
reaches at maximum at fethyl = 0.5.
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Figure B.5: (a) Three-body angle distributions for water in pores with varying fractions of
ethyl groups (fethyl) dispersed evenly across the pore wall. The distributions are shifted by the
distribution for bulk TIP3P water. (b) Projections of the distributions onto the first, second,
and third principal components shown in Fig. 6.6, as a function of the fraction of groups that
are ethyl groups.
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C.1 Simulation workflow details

C.1.1 Parameterization

Partial charge assignment

For the partial charges computed using ESP calculations (hydrophilic monomers for
the modified AMBER forcefield and spin-label monomers for the modified AMBER and
GAFF-ϕ forcefields), we create the structures in Avogadro 1.2.0213 and perform a geom-
etry minimization. Then, we perform a geometry optimization and then a single-point
calculation in Gaussian 16364 using the default SCF procedure and outputting charges
derived from the ESP to an Antechamber file using 8 points per unit area and 7 layers.
The spin multiplicity is set to 1 for homopolymers of the hydrophilic monomers (a spin
multiplicity of 3 results in higher energies) and 2 for calculations with the spin label (a
spin multiplicity of 4 results in higher energies).

To obtain charges for the hydrophilic monomers, we then use RESP fitting to fit
partial charges on 8-mer homopolymers of the hydrophilic monomers. Then, we use the
prepgen tool in AmberTools16360 to adjust the charges so that each monomer is net neu-
tral. We average the charges for all monomers except the N-terminal monomer. This
procedure is different from the charging procedure for the modified AMBER forcefield in
Ref. [209], which involves performing ESP and RESP calculations on an entire polypep-
toid and is intractable for longer polypeptoids. We repeat this calculation varying the
length of the homopolymer and find that the average charges converge by 8 monomers
(Fig. C.1 and C.2). We also repeat the calculation for shorter homopolymers using the
B3LYP functional with the 6-311++G(d,p) basis set and find convergence to similar val-
ues (Fig. C.1 and C.2). Charges for the C-terminal amino group are the charges fit for
the group in the homopolymer of 8 NME monomers.

For the N-terminal spin-label monomer, charges for a twomer with the spin-label
monomer at the N-terminus and the NME monomer at the C-terminus are derived from
an ESP calculation using the procedure above with the B3LYP functional and the 6-
311++G(d,p) basis set and then fit with RESP. Then, prepgen is used to adjust charges
so that each monomer is net neutral. The same procedure is followed for the C-terminal
spin-label monomer, except with a twomer with the NME monomer at the N-terminus
and the spin-label monomer at the C-terminus.

For the hydrophilic monomers for the GAFF-ϕ forcefield, we create twomers with an
N-terminal alcohol monomer and the monomer of interest at the C-terminus in Avogadro
and perform a geometry minimization. Partial charges for the twomer are assigned with
the AM1-BCC model using AmberTools16. Then, we use the prepgen tool in Amber-
Tools16 to adjust the charges so that each monomer is net neutral. Charges for the
C-terminal amino group are fit by fitting charges for a twomer of the alcohol monomer,
after which charges are adjusted for the amino group so that it is net neutral.

The MFTOID forcefield and the modified CGenFF forcefield share the same partial
charges. The charge on the backbone nitrogens are set to -0.42, the value fit in Ref.
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Figure C.1: Each plot shows the average partial charge on an atom (names correspond to
those in Fig. C.3) in homopolymers of the alcohol monomer of varying length. The blue
circles correspond to calculations using Hartree-Fock level of theory with the 6-31G(d) basis
set, while the orange triangles correspond to calculations using the B3LYP functional with the
6-311++G(d,p) basis set. The error bars show the standard deviation in the partial charge over
the homopolymer. As the number of monomers increases, the average converges, but the longer
homopolymers have access to more conformations, therefore increasing the standard deviation.
Here, we use the partial charges computed for a homopolymer with 8 monomers. The y-axis
for each plot is 0.5e long. The x-axis is the total number of monomers in the homopolymer,
but averages are taken excluding the N-terminal monomer.

Figure C.2: The same as Fig. C.1, but for the NME monomer.

[206]. For the alcohol monomer, charges for the alcohol group, adjacent methylene group,
and backbone carbonyl group are set to the same as those for serine in the CHARMM22
forcefield. Charges for the next methylene group (CG in Fig. C.3) are set to charges
for the methylene group in the same position in proline in the CHARMM22 forcefield.
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Charges for the remaining hydrogens are set to 0.09, to be consistent with charges on
other methylene hydrogens in the amino acids for the CHARMM22 forcefield, and the
remaining charge is divided evenly between the backbone methylene and first sidechain
methylene (CA and CB, respectively, in Fig. C.3) to make the monomer net neutral. For
the NME monomer, the backbone charges and first sidechain methylene (CB in Fig. C.3)
charges are set to the same as for the alcohol monomer. The ether group charges (CG,
OG, CD and associated hydrogens in Fig. C.3) are set to those for linear ether groups
defined in Ref. [365]. For the spin label monomer, the backbone charges are set to the
same as for the alcohol monomer. Charges for the ring atoms, excluding the one bonded
to the backbone nitrogen (CB in Fig. C.3), are the same as in Ref. [185]. Charges for all
hydrogens are 0.09, as in Ref. [185]. The net charge in the sidechain ring, excluding CB
and its hydrogen (HB1 in Fig. C.3), are divided evenly among the methyl groups, giving
a charge of -0.3305. The net charge for the backbone CB is assigned to CB, giving a
charge of 0.12. For the N-terminal monomers, the charge for the N-terminal hydrogen is
set to 0.33, to be consistent with the charge for an N-terminal hydrogen for peptides in
CHARMM22 (defined for NH+

3 terminal groups). The charge on the backbone nitrogen
is reduced to -0.75 to keep the monomer net neutral. For the C-terminal amino group,
the charges on the hydrogen are set to 0.33, the same as the N-terminal hydrogen, and
the charge on the nitrogen is set to 0.66 to make the group net neutral.

Figure C.3: Atom names for the (a) alcohol (b) NME and (c) spin label monomer, corre-
sponding to entries in Tables C.1-C.5.
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Atom Modified AMBER MFTOID / modified CGenFF GAFF-ϕ
C 0.760 0.51 0.641
O -0.597 -0.51 -0.605
CA -0.294 0.03 0.018
HA* 0.143 0.09 0.090
N -0.233 -0.42 -0.469
CB -0.174 0.03 0.094
HB* 0.073 0.09 0.061
CG 0.067 -0.18 -0.144
HG* 0.018 0.09 0.059
CD 0.316 0.05 0.131
HD* -0.010 0.09 0.047
OD -0.712 -0.66 -0.583
HO 0.420 0.43 0.403

Table C.1: Partial charges for atoms on the alcohol monomer used with each polypeptoid
forcefield. Atom names are shown in Fig. C.3. Asterisks signal that there are multiple atoms
with the same charge (e.g. HA1 and HA2).

Atom Modified AMBER MFTOID / modified CGenFF GAFF-ϕ
C 0.759 0.51 0.644
O -0.629 -0.51 -0.605
CA -0.344 0.03 0.017
HA* 0.160 0.09 0.091
N -0.235 -0.42 -0.466
CB -0.069 0.03 0.087
HB* 0.071 0.09 0.073
CG 0.206 -0.01 0.106
HG* 0.043 0.09 0.038
OG -0.429 -0.34 -0.417
CD 0.039 -0.1 0.120
HD* 0.051 0.09 0.036

Table C.2: Same as Table C.1 but for the NME monomer.
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Atom Modified AMBER / GAFF-ϕ MFTOID / modified CGenFF
C 0.820 0.51
O -0.635 -0.51
CA -0.351 0.03
HA* 0.130 0.09
N 0.004 -0.42
CB 0.015 0.12
HB1 0.105 0.09
CD* -0.484 -0.237
HD* 0.106 0.09
CE* 0.633 0.284
CF* -0.330 -0.3305
HF* 0.073 0.09
NR -0.079 0.167
OR -0.413 -0.379

Table C.3: Same as Table C.1 but for the C-terminal spin-label.

Atom Modified AMBER / GAFF-ϕ MFTOID / modified CGenFF
C 0.698 0.51
O -0.565 -0.51
CA -0.094 0.03
HA* 0.082 0.09
N 0.049 -0.75
HN 0.334 0.33
CB 0.361 0.12
HB1 0.033 0.09
CD* -0.672 -0.237
HD* 0.181 0.09
CE* 0.557 0.284
CF* -0.257 -0.3305
HF* 0.056 0.09
NR 0.049 0.167
OR -0.432 -0.379

Table C.4: Same as Table C.1 but for the N-terminal spin-label.
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Atom Modified AMBER MFTOID / modified CGenFF GAFF-ϕ
N -0.974 -0.66 -0.644
H* 0.487 0.33 0.321

Table C.5: Same as Table C.1 but for the C-terminal amino group.
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Atom type assignment

For the modified AMBER and GAFF-ϕ forcefields, we perform atom type assignment
to types in the AMBER99SB-ILDN and GAFF v1.8 forcefields, respectively, using Am-
berTools16.360 All atom types listed in Tables C.6-C.9 are from these forcefields, unless
otherwise noted. Stendardo et al.366 provides atom types for the spin labels for the
AMBER forcefield. For the MFTOID206 forcefield, we perform atom type assignment
to types in the CHARMM22246 and CGenFF3.0.1367 (downloaded 12/10/2018) force-
fields (and one new type, TC, from MFTOID206) using Mirijanian et al.,206 analogous
amino acids, ParamChem,368,369 and Sezer et al.185 for the spin label. For the modified
CGenFF forcefield, we perform atom type assignment to types in the CGenFF4.1 (down-
loaded 10/24/2019) or CHARMM22 forcefields (and one new type, NTOID, from Weiser
et al.210) using ParamChem,368,369 Weiser et al.,210 and Sezer et al.185 for the spin label.

Atom Modified AMBER GAFF-ϕ MFTOID modified CGenFF
C C c TC CG2O1
O O o O OG2D1
CA CT c3 CT2 CG321
HA* H1 h1 HB HGA2
N N n NH1 NTOID
CB CT c3 CT2 CG321
HB* H1 h1 HA HGA2
CG CT c3 CT2 CG321
HG* HC hc HA HGA2
CD CT c3 CT2 CG321
HD* H1 h1 HA HGA2
OD OH oh OH1 OG311
HO HO ho H HGP1

Table C.6: Atom types for atoms on the alcohol monomer used with each polypeptoid force-
field. Atom names are shown in Fig. C.3. Asterisks signal that there are multiple atoms with
the same assignment (e.g. HA1 and HA2). All atom types for the MFTOID forcefield are
from the CHARMM22 forcefield, except for TC, which is a new atom type from Ref. [206].
For the MFTOID forcefield, we assigned the types of the backbone atoms (C, O, CA, HA*,
and N) using the analogous atom in disarcosine in Ref. [206] and the sidechain atoms using
the analogous atoms in the serine residue of CHARMM22. All atom types for the modified
CGenFF forcefield are from the CGenFF forcefield and are assigned using ParamChem, except
for NTOID, which is a new atom type from Ref. [210].
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Atom Modified AMBER GAFF-ϕ MFTOID modified CGenFF
CG CT c3 CT2 CG321
HG* H1 h1 HA HGA2
OG OS os OG301 OG301
CD CT c3 CT3 CG331
HD* H1 h1 HA HGA3

Table C.7: Same as Table C.6 but for the NME monomer. The backbone atom types (atoms
C, O, CA, HA*, N) along with atoms CB and HB* are the same as in Table C.6 and so are
not shown. All atom types for the MFTOID forcefield are from the CHARMM22 forcefield,
except for OG301, which is an atom type from the CGenFF forcefield and is assigned using
ParamChem. The other types are assigned to be consistent with other sidechain CH2 groups.
All atom types for the modified CGenFF forcefield are from the CGenFF forcefield and are
assigned using ParamChem.

Atom Modified AMBER GAFF-ϕ MFTOID modified CGenFF
N NT/N n3/n NH1 NTOID
HN H hn HC HGPAM1
CB CT c3 CT2 CG311
HB1 H1 h1 HA HGA1
CD* CT c3 CTL2 CTL2
HD* HC hc HAL2 HAL2
CE* CT c3 CTL1 CTL1
CF* CT c3 CTL3 CTL3
HF* HN hc HAL3 HAL3
NR NN n3 NN NN
OR ON o ON ON

Table C.8: Same as Table C.6 but for the spin-label monomer. The HN atom only appears in
the N-terminal spin label. For the modified AMBER and GAFF-ϕ forcefields, the atom type
for the nitrogen N in the N-terminal spin label is distinct (NT and n3, respectively) from the
atom type for the nitrogen in the C-terminal spin label (N and n, respectively). The atom types
for C, O, CA, and HA* are the same as in Table C.6 and so are not shown. The atom types
for the MFTOID forcefield are from the CHARMM22 forcefield, except for NN and ON which
are from Ref. [185]. N is assigned NH1 to be consistent with other peptoid nitrogens and HN
is assigned HC because that is the CHARMM22 type for hydrogens in the N-terminal group.
CB and HB1 are assigned CT2 and HA to be consistent with other sidechains, and the rest of
the atoms are assigned using the analogous atoms in Ref. [185]. For the CGenFF forcefield, N
is assigned NTOID to be consistent with other peptoid nitrogens and HN is assigned HGPAM1
(which is an atom type from the CGenFF forcefield) using ParamChem. CB and HB1 are
assigned CG311 and HGA1 using ParamChem. The rest of the atoms share assignments with
the MFTOID forcefield.
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Atom Modified AMBER GAFF-ϕ MFTOID modified CGenFF
N N n NH1 NTOID
H* H hn HC HGP1

Table C.9: Same as Table C.6 but for the C-terminal amino group. The atom types for the
MFTOID forcefield are from the CHARMM22 forcefield. N is assigned NH1 to be consistent
with other peptoid nitrogens and H* is assigned HC because that is the CHARMM22 type for
hydrogens in the N-terminal group. For the CGenFF forcefield, N is assigned NTOID to be
consistent with other peptoid nitrogens and H* is assigned HGP1 (which is an atom type from
the CGenFF forcefield) using ParamChem.
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Forcefield parameters

An overview of the forcefield parameterization are as follows:
MFTOID.We use MFTOID with the TIP3P water model modified for the CHARMM

forcefield246 (mTIP3P). We assign backbone atom types from Ref. [206]. We assign
sidechain atom types and partial charges based on parameters for amino acids246,370 or
using ParamChem368,369 (sections C.1.1 and C.1.1). We take nitroxide spin label pa-
rameters and charging from Ref. [185], a parameterization compatible with CHARMM
forcefields. Partial charges and atom types for disarcosine are from Mirijanian et al..206

GAFF-ϕ. We use the GAFF-ϕ forcefield with the SPC/E371 water model. GAFF-ϕ
was originally parameterized with implicit solvent, but implicit solvent simulations show
larger deviation from the DEER results than explicit solvent simulations (Fig. C.12a).
We perform GAFF atom type assignment using AmberTools16360 and GAFF version 1.8
and derive partial charges using the AM1-BCC model372 for the hydrophilic monomers.
For the spin-labels we run electrostatic potential (ESP) calculations in Gaussian 16364 for
dimers of the NME sidechain and the spin-label monomer with the B3LYP functional at
the 6-311++G(d,p) level of theory and then use restrained electrostatic potential (RESP)
fitting361 in AmberTools to localize the charge on each atom.

Modified AMBER99SB-ILDN. We use the modified AMBER99SB-ILDN force-
field with the SPC/E water model, as in the original study.209 We perform AMBER atom
type assignment using AmberTools16 and derive partial charges for each hydrophilic
monomer by computing the average partial charge on each atom of the monomer in
homopolymers of length 8 after performing an ESP calculation in Gaussian 16 using
Hartree-Fock level of theory with the 6-31G(d) basis set followed by RESP fitting. We
take nitroxide spin label parameters from Ref. [366], a parameterization compatible
with AMBER forcefields, omitting the lone-pair parameters, and assign the same partial
charges as those used with the GAFF-ϕ forcefield.

Modified CGenFF. We use the modified CGenFF forcefield with the mTIP3P
water model. We assign backbone atom types from Ref. [210]. For the hydrophilic
monomers, we assign sidechain atom types using ParamChem368,369 and assign the same
partial charges as those used with MFTOID. We take nitroxide spin label parameters
and charging from Ref. [185] and we assign remaining atom types using ParamChem.

In all cases, any additional missing parameters listed in Tables C.10-C.18 are derived
based on analogous parameters in the forcefield. These missing parameters were derived
from analogous parameters in the CGenFF4.1,367 CHARMM22,246 MFTOID,206 Weiser
et al.,210 and Sezer et al.185 forcefields.
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Atoms bij kij Source Analogous atoms
CT2-OG301 0.1415 301248 CGenFF CG321-OG301
CT3-OG301 0.1415 301248 CGenFF CG331-OG301
CT2-CTL2 0.1538 186188 CHARMM22 CT2-CT1

Table C.10: Additional parameters for harmonic bond potential in the MFTOID-based force-
field. The potential in GROMACS has the form V (rij) = 1

2kij(rij − bij)
2. The units for the

parameters are: bij [nm] and kij [kJ/mol/nm2].

Atoms θ0ijk kijk r0ik kUB
ijk Source Analogous atoms

HC-NH1-TC 123 284.512 0 0 CGenFF CG2O1-NG2S1-HGP1
CT2-CT2-OG301 111.5 376.56 0 0 CGenFF CG321-CG321-OG301
CT2-OG301-CT3 109.7 794.96 0 0 CGenFF CG321-OG301-CG331
OG301-CT2-HA 108.89 384.0912 0 0 CGenFF OG301-CG321-HGA2
OG301-CT3-HA 108.89 384.0912 0 0 CGenFF OG301-CG331-HGA3
HAL2-CTL2-CT2 110.1 221.752 0.2179 18853.104 CHARMM22 HA-CT2-CT2
CTL2-CT2-CTL2 113.5 488.2728 0.2561 9338.688 CHARMM22 CT1-CT2-CT1
CTL1-CTL2-CT2 113.5 488.2728 0.2561 9338.688 CHARMM22 CT1-CT2-CT1
HA-CT2-CTL2 110.1 288.696 0.2179 18853.104 CHARMM22 HA-CT1-CT2
NH1-CT2-CTL2 113.5 585.76 0 0 CHARMM22 NH1-CT1-CT2

Table C.11: Additional parameters for the Urey-Bradley angle potential in the MFTOID-
based forcefield. The potential in GROMACS has the form V (θijk) = 1

2kijk(θijk − θ0ijk)
2 +

1
2k

UB
ijk (rik− r0ik)2. The units for the parameters are: θ0ijk [deg], kijk [kJ/mol/rad2], r0ik [nm], and

kUB
ijk [kJ/mol/nm2].
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Atoms ϕs k n Source Analogous atoms
TC-CT2-NH1-CT2 0 7.5312 1 Ref. [206] TC-CT2-NH1-CT3
CT2-TC-NH1-CT2 180 7.5312 2 Ref. [206] CT2-TC-NH1-CT3

OG301-CT2-CT2-HA 0 0.79496 3 CGenFF OG301-CG321-CG321-HGA2
CT2-CT2-OG301-CT3 0 2.38488 1 CGenFF CG321-CG321-OG301-CG331
CT2-CT2-OG301-CT3 0 1.21336 2 CGenFF CG321-CG321-OG301-CG331
CT2-CT2-OG301-CT3 0 1.79912 3 CGenFF CG321-CG321-OG301-CG331
HA-CT2-OG301-CT3 0 1.18826 3 CGenFF HGA-CG321-OG31-CG331
HA-CT3-OG301-CT2 0 1.18826 3 CGenFF HGA-CG321-OG31-CG321
NH1-CT2-CT2-OG301 180 0.66944 1 CGenFF CG331-CG321-CG321-OG301
NH1-CT2-CT2-OG301 0 1.63176 2 CGenFF CG331-CG321-CG321-OG301

TC-NH1-CT2-HA 0 0 3 Ref. [206] HA-CT2-NH1-TC
CT2-NH1-CT2-HA 0 0 1 Ref. [206] HB-CT2-NH1-CT3
CT2-NH1-CT2-HB 0 0 1 Ref. [206] HB-CT2-NH1-CT3
CT2-NH1-CT2-CT2 0 0.4184 3 Ref. [206] X-CT3-NH1-X
CT2-TC-NH1-HC 0 0 3 N/A None
O-TC-NH1-HC 0 0 3 N/A None

NN-CTL1-CTL2-CT2 0 2.481112 3 Ref. [185] NN-CTL1-CTL2-CTL1
HA-CT2-CTL2-CTL1 0 0.8368 3 CHARMM22 X-CTL1-CTL2-X

CTL2-CT2-CTL2-CTL1 0 0.8368 3 CHARMM22 X-CTL1-CTL2-X
NH1-CT2-CTL2-CTL1 0 0.8368 3 CHARMM22 X-CTL1-CTL2-X
CTL2-CT2-CTL2-HAL2 0 0.8368 3 CHARMM22 X-CTL1-CTL2-X
HA-CT2-CTL2-HAL2 0 0.8368 3 CHARMM22 X-CTL1-CTL2-X
CT2-NH1-CT2-CTL2 0 0.4184 3 Ref. [206] X-CT3-NH1-X
NH1-CT2-CTL2-HAL2 0 0 3 N/A None

Table C.12: Additional parameters for the proper dihedral potential in the MFTOID-based
forcefield. The potential in GROMACS has the form V (θijkl) = k(1+ cos(nϕ−ϕs)). The units
for the parameters are: ϕs [deg] and k [kJ/mol]. For dihedrals with no obvious analogy in other
forcefields, we set the potential to 0 because they involve hydrogen atoms.

Atoms ξ0 k Source Analogous atoms
NH1-X-X-CT2 0 167.36 Ref. [206] NH1-X-X-CT3

Table C.13: Additional parameters for the improper dihedral potential in the MFTOID-based
forcefield. The potential in GROMACS has the form V (ξijkl) =

1
2k(ξijkl − ξ0)

2. The units for
the parameters are: ξ0 [deg] and k [kJ/mol/rad2].
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Atoms θ0ijk kijk Analogous atoms

NT-CT-C 107 50 N-CT-C
O-C-CT 120.4 80 O-C-CT
O-C-N 122.9 80 O-C-N

Table C.14: Additional parameters for the harmonic angle potential in the modified AMBER
forcefield. The ones listed here are those that were added to the input file (NT-CT-C) or those
that differed between the input file sent by Arushi Prakash (corresponding to the modified
AMBER99SB-ILDN forcefield in Ref. [209]) and the original MFTOID forcefield from Mirija-
nian et al. (O-C-CT, O-C-N). In these cases, we used the same parameters as the input file
from Arushi Prakash. The potential in AMBER has the form V (θijk) = kijk(θijk − θ0ijk)

2. The

units for the parameters are: θ0ijk [deg] and kijk [kcal/mol/rad2].

Atoms ϕs k n Analogous atoms
X-CT-N-X 0 0 0 X-CT-N-X

Table C.15: Additional parameters for the dihedral potential in the modified AMBER
forcefield. The one listed here is the only one that differed between the input file sent by
Arushi Prakash and the original MFTOID forcefield. For this work, we use the same pa-
rameters as the input file from Arushi Prakash. The potential in AMBER has the form
V (ϕijkl = k(1 + cos(nϕ− ϕs)). The units for the parameters are: ϕs [deg] and k [kcal/mol].

Atoms bij kij Source Analogous atoms
CG311-CTL2 0.1538 186188 CHARMM22 CT2-CT1

NTOID-HGPAM1 0.098 338904 CHARMM22 NH1-HC
NTOID-HGP1 0.098 338904 CHARMM22 NH1-HC
CG311-NTOID 0.143 267776 CGenFF CG311-NG2S1

Table C.16: Same as Table C.10 but for the modified CGenFF forcefield.

Atoms θ0ijk kijk r0ik kUB
ijk Source Analogous atoms

HAL2-CTL2-CG311 110.1 221.752 0.2179 18853.104 CHARMM22 HA-CT2-CT2
CTL2-CG311-CTL2 113.5 488.2728 0.2561 9338.688 CHARMM22 CT1-CT2-CT1
CTL1-CTL2-CG311 113.5 488.2728 0.2561 9338.688 CHARMM22 CT1-CT2-CT1
HGA1-CG311-CTL2 110.1 288.696 0.2179 18853.104 CHARMM22 HA-CT1-CT2
NTOID-CG311-CTL2 113.5 585.76 0 0 CHARMM22 NH1-CT1-CT2

HGPAM1-NTOID-CG321 109.5 251.04 0.2074 16736 CHARMM22 HC-NH3-CT2
HGPAM1-NTOID-CG311 109.5 251.04 0.2074 16736 CHARMM22 HC-NH3-CT1
HGP1-NTOID-HGP1 106.5 326.352 0 0 CHARMM22 HC-NH2-HC
HTP1-NTOID-CG2O1 123 284.512 0 0 CGenFF HGP1-NG2S1-CG2O1

Table C.17: Same as Table C.11 but for the modified CGenFF forcefield.
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Atoms ϕs k n Source Analogous atoms
NN-CTL1-CTL2-CG311 0 2.481112 3 Ref. [185] NN-CTL1-CTL2-CTL1

HGA1-CG311-CTL2-CTL1 180 0.8368 3 CHARMM22 X-CTL1-CTL2-X
CTL2-CG311-CTL2-CTL1 0 0.8368 3 CHARMM22 X-CTL1-CTL2-X
NTOID-CG311-CTL2-CTL1 0 0.8368 3 CHARMM22 X-CTL1-CTL2-X
CTL2-CG311-CTL2-HAL2 0 0.8368 3 CHARMM22 X-CTL1-CTL2-X

CG321-NTOID-CG311-CTL2 0 0.4184 3 Ref. [206] X-CT3-NH1-X
HGA1-CG311-CTL2-HAL2 0 0.8368 3 CHARMM22 X-CTL1-CTL2-X
NTOID-CG311-CTL2-HAL2 0 0 3 N/A None
CG321-CG2O1-NTOID-HGP1 180 0 3 N/A None
OG2D1-CG2O1-NTOID-HGP1 0 0 3 N/A None
HGPAM1-NTOID-CG321-CG321 0 0.4184 3 Ref. [206] X-CT3-NH1-X
HGPAM1-NTOID-CG321-HGA2 0 0.4184 3 Ref. [206] X-CT3-NH1-X
HGPAM1-NTOID-CG321-CG2O1 0 0.4184 3 Ref. [206] X-CT3-NH1-X
HGPAM1-NTOID-CG311-HGA1 0 0.4184 3 Ref. [206] X-CT3-NH1-X
HGPAM1-NTOID-CG311-CTL2 0 0.4184 3 Ref. [206] X-CT3-NH1-X
CG2O1-NTOID-CG311-HGA1 0 0.4184 3 Ref. [206] X-CT3-NH1-X
CG2O1-NTOID-CG311-CTL2 0 0.4184 3 Ref. [206] X-CT3-NH1-X
CG311-NTOID-CG321-CG2O1 0 3.3472 2 Ref. [210] CG331-NTOID-CG321-CG2O1
CG321-NTOID-CG321-CG2O1 0 3.3472 2 Ref. [210] CG331-NTOID-CG321-CG2O1
CG311-NTOID-CG321-HGA2 0 0 3 Ref. [210] HGA2-CG321-NTOID-CG331
CG321-NTOID-CG321-HGA2 0 0 3 Ref. [210] HGA2-CG321-NTOID-CG331
CG2O1-NTOID-CG321-CG321 0 0.4184 3 Ref. [206] X-CT3-NH1-X
CG321-NTOID-CG321-CG321 0 0.4184 3 Ref. [206] X-CT3-NH1-X
CG321-NTOID-CG311-CG321 0 0.4184 3 Ref. [206] X-CT3-NH1-X
NTOID-CG321-CG321-OG301 180 0.66944 1 CGenFF CG331-CG321-CG321-OG301
NTOID-CG321-CG321-OG301 0 1.63176 2 CGenFF CG331-CG321-CG321-OG301

Table C.18: Same as Table C.12 but for the modified CGenFF forcefield. For dihedrals with
no obvious analogy in other forcefields, we set the potential to 0 because they involve hydrogen
atoms.
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C.1.2 Expanded-ensemble sampling of dihedral rotations

Expanded-ensemble workflow

For the equilibration period, we initialize all state weights to 0 and then use Self-Adjusted
Mixture Sampling373 (SAMS) to sample across the λee-states and a global weights update
scheme373 to adjust state weights. When the histogram of states sampled is within 30%
of flat, we estimate the free energy differences between each state and the unbiased state
using the multistate Bennett acceptance ratio (MBAR)125 and set the state weights to
the free energy differences. After this equilibration period during which the weights are
continuously updated, we fix the weights to those most recently computed with MBAR.
We alternate between continuous weight updates with SAMS and simulating with fixed
weights until the fixed weights are able to sample across all λee-states. With the final fixed
weights, we then run a production simulation with Metropolized independence sampling
to sample states, saving configurations every 0.2 ns.

Validation

We validate the expanded ensemble approach by computing the free energy of rotation
around the ω dihedral in disarcosine using umbrella sampling. We run forty simulations of
disarcosine restraining the ω dihedral to some target value, evenly spaced between −180o

and 180o. The parameters and partial charges are from Ref. [206] and we simulate with
mTIP3P water using the number of water molecules reported in Table C.19. A harmonic
potential, U = k(ω − ω0)

2 with force constant k = 100kJ/mol and ω in radians restrains
the dihedral. Prior to the umbrella sampling run, we run an NVT equilibration for 500 ps,
followed by an NPT equilibration for 500 ps, using a Monte Carlo (MC) barostat with 500
fs between MC moves. For the production runs, we use the same conditions (temperature,
pressure, thermostat, barostat) as the expanded ensemble simulation. Each umbrella
simulation is run for 20 ns, with configurations saved every 20 ps. The free energy
around the ω dihedral is reconstructed using MBAR.
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Figure C.4: The distribution of ω dihedrals accessed in each separate umbrella sampling
simulation.

Convergence

The weights for each λee-state converge to within ≈ 0.5kBT of the free energy difference
between the λee-states (computed from the longer, production simulation) for N = 11
within 600 ns and for N = 19 within 800 ns (the trajectories of the weights for these
two cases are shown as examples in Fig. C.5, but we would expect this to be the typical
behavior across all simulations). We iteratively adjust the weights using the two-stage
SAMS scheme proposed in Ref. [373] with β = 0.6 and the burn-in size, which determines
the rate at which the weight updates decay, set to the number of trial state sampling steps
for the histogram of states sampled to be within 30% of flat. We note that in the other
equilibration simulations used to generate the weights used in this work, we typically set
the burn-in size to infinity to allow for larger fluctuations in the weight updates to achieve
final weights that enable a non-flat sampling of λee-states that slightly oversamples the
states closer to λee = 1 in order to achieve better statistics. This could be more rigorously
accomplished by adjusting the mixture weights, π, as defined in Ref. [373].

Dihedral correlation times

Fig. C.7a shows the isomerization rate of the ω dihedral as a function of λee. The
isomerization rate is computed by simulating disarcosine (after an NVT equilibration for
500 ps, followed by an NPT equilibration for 500 ps, using a Monte Carlo (MC) barostat
with 500 fs between MC moves) at each λee state for 2 ns, saving configurations every 0.2
ps, and counting the number of times the ω dihedral transitions between −60 < ω < 60
and ω > 120 or ω < −120 and dividing by the total time of the production simulation. All
settings (temperature, pressure, thermostat, barostat) are the same as for the expanded
ensemble simulation. The parameters and partial charges are from Ref. [206] and we
simulate with mTIP3P water using the number of water molecules reported in Table
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Figure C.5: The difference between the estimated weight for each state, wi, and the ideal
weights, −∆Gi (where ∆Gi = G(λee = λee,i)−G(λee = 1), the free energy difference between
the unbiased state and state i, estimated using MBAR125 from the production simulation)
converges to within 0.5kBT within 600 ns for (a) N = 11 and (b) N = 19 with the MFTOID
forcefield. We do not expect significant differences between forcefields besides the modified
CGenFF for which convergence may be slower because more dihedrals are softened, leading to
greater free energy differences between the unsoftened and fully softened states. The different
colors correspond to the different states.

Figure C.6: The convergence of the mean end-to-end distance to within 0.1Å of its final value
takes on the order of µs. The plotted values are the trajectories of the absolute value differences
between the running and final mean end-to-end distances for the different lengths with the
MFTOID forcefield (we do not expect significant differences between forcefields besides the
modified CGenFF for which convergence may be slower because more dihedrals are softened).

C.19. The measured isomerization rates, especially at small λee, are underestimates,
limited by the frequency of saving configurations, but the timescale associated with the
maximum isomerization rate (≈ 1/180 ns−1 = 5.6 ps) is more than 20 times the save
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frequency, so that the save frequency should not have a significant effect. The definition
of an isomerization is also arbitrary and the measured isomerization rates change with the
cutoffs used to define the cis and trans states which, at small λee, are not the dominant
ω states.

Figure C.7: The isomerization rate of the ω dihedral as a function of (a) expanded ensemble
state, λee and (b) temperature. (a) The error bars show the standard error computed from
three independent runs from the same initial cis or trans configurations and the points give
the average over those three runs. The green dashed line shows a fit to a logistic relationship:
r = a/(1 + exp(−k(λ− λ0))).

The isomerization rate increases by orders of magnitude as λee decreases, regardless
of whether the ω dihedral is initialized in the cis or trans configuration. When the ω
dihedral potential is completely off (λee = 0), the isomerization rate for the isomerizable
ω dihedral in disarcosine is ≈ 150 ns−1. While measuring the isomerization rate in the
unsoftened (λee = 1) state is not tractable with the accessible simulation timescales, the
isomerization rate as a function of λee follows approximately a logistic relationship (Fig.
C.7a). Fitting the trend and extrapolating to λee = 1 leads to an estimated isomerization
rate of 890 s−1, so that simulating in the fully softened (λee = 0) state provides a speedup
of 9 orders of magnitude. Experiments report even slower isomerization rates of 0.1 s−1

to 0.2 s−1,202 which would indicate a speedup of 12 orders of magnitude.
In contrast, increasing the isomerization rate by increasing the temperature, as done

in temperature replica exchange, requires very high temperatures. For a series of tem-
peratures, we equilibrate disarcosine in implicit solvent 100 ps in the NVT ensemble and
then run for 200 ns in the NVT ensemble, saving configurations every 0.2 ps. Implicit
solvent simulations were run with the GBn2 solvation model374 without non-bonded in-
teraction cutoffs using a Langevin thermostat with a friction coefficient of 1 ps−1. All
other settings are the same as those in the expanded ensemble. At 800 K, the highest
temperature used in Ref. [207], the isomerization rate is 5 ns−1 (Fig. C.7b), still slower
than the isomerization rate at the fully softened state here, demonstrating the utility of
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a more targeted approach.

Figure C.8: (Left) The correlation times for each dihedral in the hydrophilic polypeptoids,
computed from the expanded-ensemble simulations using the MFTOID forcefield as the time
constant from an exponential fit of the angle autocorrelation function defined in Ref. [375],
are on the order of nanoseconds. Generally, correlation times increase with the length of the
polypeptoid and distance of the dihedral from the end of the polypeptoid. Correlation times
also depend on the distribution of λee-states (having more states closer to λee = 0 reduces it,
at the expense of simulating longer at more biased and thus less statistically significant states).
(Right) The maximum and average ω correlation times for each polypeptoid length.
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Figure C.9: The correlation times for each ϕ dihedral in the N = 11 polypeptoid, computed
from the expanded-ensemble simulations as the time constant from an exponential fit of the
angle autocorrelation function defined in Ref. [375]. For all points except the red diamonds, only
the ω dihedral is softened. For the modified CGenFF forcefield, this results in poor sampling of
isomerizations of the ϕ dihedral. Weiser and Santiso observed fewer than 10 transitions within
50 ns at 450 K for a trimer with methyl sidechains, and a decrease in frequency with sidechain
size and polypeptoid length.210 Softening all backbone dihedrals (the ω, ϕ, and ψ dihedrals
shown in Fig. 4.1) reduces the correlation time for the modified CGenFF forcefield.

C.1.3 Simulation settings
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System Forcefield Ree,max lb Nw Tequil Tprod Ns

N = 1 MFTOID 9.2 36.3752 1,490 400 1,400 737
N = 1 Modified CGenFF 9.2 36.3752 1,490 200 2,000 990
N = 2 MFTOID 15.9 39.8024 2,091 400 2,000 417
N = 2 Modified CGenFF 15.9 39.8024 2,091 420 2,400 628
N = 3 MFTOID 16.9 44.3112 2,809 200 4,000 263
N = 3 Modified CGenFF 16.9 44.3112 2,809 420 3,600 600
N = 5 MFTOID 23.1 51.0089 4,284 200 2,800 101
N = 5 Modified CGenFF 23.1 51.0089 4,284 220 3,600 227
N = 7 MFTOID 30.3 58.3857 6,552 600 4,000 198
N = 7 Modified CGenFF 30.3 58.3857 6,552 220 4,800 369
N = 9 MFTOID 37.5 65.2181 8,908 600 4,000 253
N = 9 Modified CGenFF 37.5 65.2181 8,908 220 11,000 429
N = 11 MFTOID 45.4 72.6911 12,341 600 6,000 180
N = 11 MFTOID, implicit solvent 45.4 72.6911 N/A 600 4,000 666
N = 11 MFTOID, SPC/E 45.4 72.6911 12,341 1,400 8,800 142
N = 11 MFTOID, OPC4 45.4 72.6911 12,576 600 7,600 106
N = 11 Modified AMBER 45.4 72.6911 12,341 600 10,000 116
N = 11 Modified AMBER, implicit solvent 45.4 72.6911 N/A 600 6,000 750
N = 11 GAFF-ϕ 45.4 72.6911 12,341 1,400 8,000 95
N = 11 GAFF-ϕ, implicit solvent 45.4 72.6911 N/A 1,000 6,000 1,764
N = 11 Modified CGenFF 45.4 72.6911 12,341 300 5,200 158
N = 11 Modified CGenFF, implicit solvent 45.4 72.6911 N/A 600 4,000 625
N = 13 MFTOID 53.0 81.7029 17,754 600 6,200 134
N = 13 Modified CGenFF 53.0 81.7029 17,754 300 7,600 104
N = 15 MFTOID 62.5 89.4396 23,293 600 6,600 158
N = 15 Modified CGenFF 62.5 89.4396 23,293 820 6,400 46
N = 19 MFTOID 80.0 106.0111 38,639 500 5,600 114
N = 19 Modified CGenFF 80.0 106.0111 38,639 720 3,000 30

N = 11, unlabeled MFTOID N/A 64.2859 8,644 400 2,000 152
Disarcosine MFTOID N/A 40.0 2,156 200 5,000 5,000

Table C.19: Besides disarcosine, all systems correspond to varying lengths of the hydrophilic
sequence shown in Fig. 4.1. lb is the initial box length [Å], Nw is the number of water molecules,
Tequil and Tprod [ns] give the lengths of the equilibration and production simulations, Ns is
the number of significant and independent samples (section C.1.4), and Ree,max [Å] is the
maximum end-to-end distance between spin label oxygen radicals, estimated from the initial,
fully extended configuration. Simulations use the water models specified in section C.1.1 unless
otherwise stated.
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C.1.4 Uncertainty calculations

Free energy of rotation around disarcosine’s amide bond

For the expanded-ensemble calculation, the uncertainties shown in Fig. 4.3 are those
returned from MBAR125 when reweighting the potential of mean force (PMF) for rotation
around the amide bond, multiplied by 1.96 to give a 95% confidence interval. Note that
for the MBAR-computed uncertainties to be accurate, the energies input must be from
uncorrelated configurations. The statistical inefficiency estimated from the potential
energies using the pymbar timeseries module is 304 ps and configurations are saved every
200 ps, and so only every other configuration is used for the calculation of the PMF.

For the umbrella-sampling calculation, the uncertainties shown in Fig. 4.3 are also
those returned from MBAR when reweighting the potential of mean force for rotation
around the amide bond, multiplied by 1.96 to give a 95% confidence interval. Here,
MBAR takes in all configurations, saved every 200 ps, so that the uncertainty is likely
underestimated.

End-to-end distance distributions

First, the statistical inefficiency, g, is computed using the pymbar timeseries module125,218

using the maximum g computed for the trajectories of the potential energy, backbone end-
to-end distance, and spin-label end-to-end distance. The number of independent samples,
Ns,uncorr is estimated to be the total number of configurations divided by the statistical
inefficiency. MBAR is used to estimate the weights for each configuration. Then, 1000
distributions are generated by repeatedly uniformly sampling Ns,uncorr configurations
from the entire trajectory with replacement and computing the distance distribution with
each configuration weighted according to the MBAR weights. These 1000 distributions
are averaged to produce a mean distance distribution and the uncertainties plotted in
Figs. 4.2, 4.4, and 4.6 are a 68% confidence interval. The uncertainty in the MBAR-
dervied weights is assumed to be small relative to the uncertainty due to limited sampling
of the end-to-end distance.

Number of independent and statistically significant samples

We estimate the average length of simulation time between independent and statistically
significant samples using two different methods. Results from both are shown in Fig.
C.10 and are reasonably consistent. In the first method, we compute the effective sample
number, Neff , the number of samples that contribute to an average at the unbiased state,
or the number of “significant” samples, for the entire dataset using MBAR. Then, Neff/N
is the fraction of samples that are significant. If we assume that each sample is equally
likely to be significant, then the time in between independent and significant samples
can be approximated as gN/Neff, where g is the statistical inefficiency defined as above.
For the second method, we repeatedly draw a random sample of size Ns,uncorr, defined
as above. For each sample, which should now contain, on average, only independent
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configurations, we compute Neff,sample. Then, on average, the simulation time between
independent and significant samples is T/Neff,sample where T is the total length of the
simulation.

Figure C.10: Time in between independent and statistically significant samples. Estimates
using two different methods described above for different polypeptoid lengths with the MFTOID
forcefield (we do not expect significant differences between forcefields besides the modified
CGenFF where more dihedrals are softened) are consistent and increase with the number of
monomers N . However, the quantity also depends on the λee states and state weights and thus
will not necessarily be monotonic with N .

Distances between probability distributions

The same procedure as used in the computation of the uncertainty in the end-to-end
distance distribution is used to generate 1000 distance distributions. The Shannon-Jensen
distance and the Wasserstein distance are computed between each simulated distance
distribution and the DEER distribution, yielding 1000 distances. The reported value is
the mean of these values and the reported intervals give 95% confidence intervals. The
contribution to the uncertainty due to uncertainty in the DEER distribution is assumed
to be small and not computed.

Mean end-to-end distances

As in the computation of the uncertainty in the end-to-end distance distribution, the
number of independent samples is computed from the statistical inefficiency. MBAR is
used to estimate the weights for each configuration. Then, 1000 means are computed by
repeatedly uniformly sampling Ns,uncorr configurations from the entire trajectory with re-
placement and computing the mean distance with each configuration weighted according
to the MBAR weights. The 1000 means are averaged and the error bars in Fig. 7.2 show
a 95% confidence interval.
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The same procedure is followed to compute the uncertainty in the mean within the
cw-EPR optimal region for the N = 3 polypeptoid, whose distribution is shown in Fig.
4.6. The only change is that the weights for the configurations with end-to-end distances
outside the optimal region are set to 0.

Scaling exponents

The reported uncertainties of the scaling exponent, prefactors, and shift factors are one
standard deviation estimated from the curve fit function in scipy.optimize. These uncer-
tainties do not account for the uncertainty in the estimates of the individual values or
the propagated uncertainties for values held constant during the fit (e.g. the prefactor in
the scaling of the spin-label end-to-end distance or the shift factor in the scaling of the
DEER distances); they reflect only the uncertainty of the fit.

C.1.5 Forcefield selection

Forcefield
JS

SF-SVD
JS
LD

Wasserstein
SF-SVD

Wasserstein
LD

MFTOID 0.16 (0.11, 0.22) 0.16 (0.11, 0.21) 1.5 (0.7, 2.3) 1.5 (0.7, 2.3)
GAFF-ϕ 0.19 (0.13, 0.26) 0.19 (0.13, 0.27) 1.1 (0.6, 2.1) 1.2 (0.6, 2.1)

Modified AMBER 0.30 (0.21, 0.39) 0.30 (0.21, 0.40) 3.0 (1.6, 4.3) 3.0 (1.6, 4.3)
Modified CGenFF 0.22 (0.15, 0.29) 0.22 (0.15, 0.29) 2.2 (1.2, 3.2) 2.3 (1.2, 3.2)

Table C.20: The first Wasserstein distance or the earth mover’s distance376 measures the
distance between two probability distributions. The calculation gives similar trends compared
to the Jensen-Shannon distance (the GAFF-ϕ and MFTOID forcefields are flipped, but this
difference is well within the uncertainty). Computing both distances using the DEER distri-
bution fit from LongDistances (LD) (as opposed to SF-SVD) gives very similar results, as the
two DEER distributions are very similar above 20Å (Fig. C.11). These metrics are computed
in the DEER-optimal (> 20Å) region only. Prior to computation, in order to eliminate any
unphysical artifacts, the DEER distribution is set to 0 above the maximum possible Ree (45.4Å,
see Table C.19) and negative values in the distributions are also set to 0. The DEER distribu-
tion is then renormalized. Parentheses give 95% confidence intervals, computed as described in
section C.1.4.
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Figure C.11: Same as Fig. 4.2a, but with the DEER distribution fit using LongDistances
(regularized inversion) as well.

C.1.6 Water model selection

Implicit solvent simulations (Fig. C.12a) generally give more collapsed conformations
compared to the explicit solvent simulations (Fig. 4.2). Implicit solvent simulations were
run with the GBn2 solvation model374 without non-bonded interaction cutoffs using a
Langevin thermostat with a friction coefficient of 1 ps−1. We also compare different
explicit water models (Fig. C.12b) and find that there is little deviation, only a slight
shift to lower spin-label end-to-end distances for the SPC/E model.

Figure C.12: Backbone (top) and spin-label (bottom) end-to-end distance distributions for
N = 11 computed for (a) each polypeptoid forcefield in implicit solvent and (b) the MFTOID
forcefield with the modified TIP3P, SPC/E, and OPC4247,248 water models.

C.2 Time-domain simulations

Simulated background-corrected DEER time-domain data, F (t), can be computed,194

given a distance distribution P (r), through convolution with the kernel, κ(r, t):
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F (t) = 1− λ
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Here, λ is the inversion efficiency (given by the DEER experiment), Nr is the number
of points in the discretized distance distribution, ∆r is the interval between distances in
the distribution, C0 is a constant and is equal to 3.27× 105Å3/µs, and C and S are the
Fresnel cosine and sine integrals. To compute the time-domain data from the simulated
distance distributions, the latter are first linearly interpolated to reduce ∆r, since insuf-
ficient points in the distance domain can lead to artificial high-frequency oscillations in
the time-domain (Fig. C.14). This interpolation should not have a significant impact on
the computed time-domain signal (Fig. C.14). For all simulated signals, the inversion
efficiency, λ, in equation C.1 is set to the experimentally derived value fitted in LongDis-
tances (Table C.21). The fitted distance distributions from SF-SVD are first modified by
setting all negative values to zero and all values above the maximum end-to-end distance
(Table C.19) to zero, and renormalizing before computing the time-domain signal, in
order to eliminate any obviously unphysical artifacts of the fit.

N λ Vertical shift in Fig. 4.5
9 0.072 -0.27
11 0.112968 -0.14
15 0.067 -0.10
19 0.082 0.0

Table C.21: The modulation depth, λ, in equation C.1 is fitted in LongDistances. Here, it does
not show a clear trend with respect to polypeptoid length, number of hydrophilic monomers N ,
in contrast to Kaminker et al.186 who showed that λ decreases with an increase in the population
of short distances. Here, our use of different observer pulse lengths for each experiment (in order
to optimize the signal-to-noise ratio) results in different effective excitation bandwidths, which
complicate the dependence of modulation depth on dipolar coupling.201
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Figure C.13: A time-domain signal (left) was computed at 1 ns resolution using equation
C.1 with P (r) = a1(r/r̃)

ϵ1 exp(−a2(r/r̃)ϵ2)4π(r/r̃)2 with ϵ1 = 0.275, ϵ2 = 2.427, a1 = 0.239,
a2 = 1.076, r̃ = 30Å for an excluded volume polymer distribution with mean end-to-end distance
30Å (black dashed line on right). The time-domain signal is then subsampled at intervals at
varying lengths to give signals at different resolution (4 ns, 8 ns, 16 ns, 32 ns). These signals
are then fit using SF-SVD to produce the distance distributions at the right. As the time-
resolution worsens, the deviation from the original distribution at shorter distances increases.
Notably, fitting a signal with 4 ns resolution interpolated (linearly) from the 16 ns recovers the
shorter distances, though we note that interpolation likely would not perform as well for a more
realistic, noisy time-domain signal.

Figure C.14: The same excluded volume polymer distribution as in Fig. C.13 was used
to generate distance distributions at varying distance resolution, ∆r (left). The time-domain
signals were computed using equation C.1. Large ∆r values lead to high-resolution frequencies
in the time-domain signals, as the ∆r = 10Å case demonstrates dramatically, and as is still
visible for ∆r = 1Å. Linear interpolation of the distance distribution to reduce ∆r to 0.01Å
removes these oscillations (red), and gives a time-domain signal approximately equal to the
signal computed from original distance distribution with resolution ∆r = 0.01Å.
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Figure C.15: Removing the population below 20Å (green) shifts the low-time region of the
back-calculated MD signal (derived from the P (Ree) computed using the MFTOID forcefield)
closer to the raw signal, suggesting that the differences between the simulated and raw signals
at short times could be due to DEER’s lack of resolution in the < 20Å regime. However, even if
the population below 20Å is removed from the N = 9 distance distribution before computation
of the time-domain signal, the simulated signal still shows a slightly broader minimum than the
raw signal, which is reflected in the narrower SF-SVD distribution in Fig. 4.4.

C.3 Polypeptoid conformational behaviors

C.3.1 Visualization of the conformational distribution

Figure C.16: Snapshots from various regions of the end-to-end distribution shows that higher
end-to-end distances between the spin-labels correspond with more extended backbone confor-
mations. Snapshots are visualized using VMD.155
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C.3.2 Dihedral preferences

The probability distribution for rotation around each ω dihedral in the backbone of the
hydrophilic polypeptoids and also around the ω dihedral in disarcosine are reweighted
from the simulations to the unbiased state using MBAR. The fraction of equilibrium
conformations in the cis state is computed as the fraction of the distribution between
ω > 90 and ω < 90. These calculations are from the expanded ensemble simulations
using the MFTOID forcefield. For the N = 11 alternating hydrophilic polypeptoid,
the cis preference for each dihedral with the nitrogen in a hydrophilic monomer is, on
average, 0.44 (Fig. C.17). The cis preference for the dihedral with the nitrogen in the
C-terminal spin-label monomer is higher, at 0.68, consistent with evidence that bulky
groups directly attached to the backbone nitrogen lead to a stronger cis preference.73 For
the same reason, the cis preference for the isomerizable ω dihedral in disarcosine, whose
sidechain is a methyl group, is much lower, at 0.12 (Fig. C.17). Since the most extended
conformation places all dihedrals in the trans configuration, a stronger trans preference
in disarcosine could bias the conformations towards longer end-to-end distances. As
chain length increases, the trends in the cis preferences do not change significantly, with
dihedrals in the middle of the polypeptoid remaining close to 0.5 and the last dihedral
in the polypeptoid (the one with the nitrogen in the C-terminal spin-label monomer)
showing stronger cis preference.

Figure C.17: The fraction of equilibrium conformations in the cis state, Pcis, for the hy-
drophilic polypeptoids of varying length (blue markers) and disarcosine (dotted red line). The
dashed gray lines are at Pcis = 0.5.

C.3.3 Comparison of labeled and unlabeled molecules
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Figure C.18: The backbone end-to-end distance distributions, Ree,NN , for the N = 11
polypeptoid terminated with spin labels (“Labeled”) and without spin labels (“Unlabeled”),
both simulated using the MFTOID forcefield. Their agreement suggests that the spin labels do
not significantly perturb the underlying backbone conformational distribution of the polypep-
toids.

C.3.4 Comparison in DEER-accessible region

The simulated distributions reveal a peak at low end-to-end distance (approximately 8Å)
that decreases with polypeptoid length and that is likely due to spin-label interaction.
This short-distance feature is below the accessible region for DEER (within the shaded
blue box in Fig. 4.4) and has been previously observed in simulations of polyethylene
oxide labeled with the same spin-label, but using a different spin-label model,192 suggest-
ing the aggregation occurs independently of the forcefield parameters. To eliminate the
contribution from spin-label interaction that is not captured by DEER, we remove the
conformations at short distances in which the spin labels are oriented towards each other.
To separate out this contribution, we cluster the configurations to generate groups with
the same spin-label conformations. This clustering is performed only on the spin-label
heavy atom positions for conformations with a spin-label end-to-end distance below 20Å
and is based on the optimally aligned root-mean-squared distance50 between conforma-
tions of only the spin-label heavy atoms, using an RMSD cutoff of 2.5Å. Fig. C.19 shows
an example of this clustering for the N = 11 polypeptoid from the expanded ensemble
simulation with the MFTOID forcefield.

We recompute the end-to-end distance distribution without the configurations in the
clusters at the lowest end-to-end distance, effectively subtracting out the peak at small
end-to-end distances (≈ 8Å) but preserving the distributions at higher end-to-end dis-
tances.

Calculation of the mean end-to-end distance using these modified distributions gives
the same scaling exponents for the backbone and spin-label mean end-to-end distances,
compared to the means of the unmodified, simulated distributions. The fitted prefactor
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Figure C.19: Clustering the spin-label conformations allows identification of the conforma-
tions in which the spin labels have aggregated. Here, in the cluster centered at the lowest
end-to-end distance (green), the spin labels are oriented towards each other.

Figure C.20: The short-distance peak in the unmodified distribution (dashed lines, same
as those in Fig. 4.4 in the main text, computed from expanded ensemble simulations with
the MFTOID forcefield) has been subtracted out of the modified distribution (dotted lines)
to approximately account for the inability of DEER to resolve shorter distances where dipolar
coupling occurs. Both the unmodified and modified end-to-end distributions show a shift to
longer distances and broadening with increasing number of monomers. All distributions are
normalized so that their area above 20Å is 1. Shaded regions show a 68% confidence interval,
computed as described in section C.1.4.

for the simulated distances is also within uncertainty of the prefactor for the unmodified
distributions. The largest difference is in the fitted shift factor, which is 1.8 “monomers”
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larger for the modified distributions. In other words, removing the states in which the
spin labels are oriented towards each other increases their contribution to the effective
number of monomers.

Figure C.21: The scaling exponents are fit the same way as reported in section 4.3. The
simulated distances are the mean end-to-end distances for the distributions shown as dotted
lines in Fig. C.20 along with the corresponding backbone distance distributions (not shown).

The backbone end-to-end distances,
〈
R2

ee,NN

〉1/2
are fit to the power law bNα, resulting in a

scaling exponent of α = 0.61± 0.02 and a prefactor of b = 4.2± 0.2. The spin-label end-to-end

distances,
〈
R2

ee,OO

〉12
, are then fit to a shifted power law, b(N + γ)α with b set to 4.2, yielding

scaling exponent of α = 0.58 ± 0.02 and a shift factor of γ = 7.8. When the DEER data is fit
to b(N + γ)α with this shift factor, the resulting scaling exponent is α = 0.58 ± 0.09 and the
prefactor is b = 4.9± 1.4.

Another way to remove the contribution of configurations at shorter distances is to
simply remove all distances below the DEER optimal region.

233



SI for Quantifying Polypeptoid Conformational Landscapes Appendix C

Figure C.22: Same as Fig. 7.2 but also showing the mean end-to-end distances for the DEER
and simulation distributions after cutting off all distances below 20Å. These are much closer
together than the means computed from the full distributions, suggesting that the main source
of the inconsistency between the mean distances from DEER and the simulations is the lack of
resolution at low end-to-end distances.

C.4 Dependence of predicted distribution on cw-EPR

optimal region bounds

The cw-EPR calculation approximates the distance distribution as a Gaussian and fits a
mean and standard deviation, which should approximately correspond to the mean and
standard deviation of the distribution within the optimal region for cw-EPR. The lower
bound of the cw-EPR region corresponds to the distance at which exchange coupling
becomes comparable to dipolar coupling, while the upper bound corresponds to the
distance at which broadening becomes negligible.201 As both these definitions rely on
order-of-magnitude comparisons, there is some uncertainty in the exact bounds for each,
which result in variations in the predicted mean and width over the optimal region from
the simulated distribution.

Between 8Å and 25Å, the mean and standard deviation of the simulated distribution
are 14.4 ± 0.5Å (95% CI) and 4.0Å, respectively. Both show some deviation from the
corresponding cw-EPR measurements, which are 16.5 ± 0.1Å and 2.2 ± 1.2Å, respec-
tively. This discrepancy could result from uncertainty in the estimate of the lower and
upper bounds for cw-EPR; while 8 to 25 Å, as first proposed by Rabenstein and Shin,377

is the most generally accepted,377–379 other bounds have also been reported in the lit-
erature201,380–382 (Table C.22), and the predicted mean and standard deviation for this
relatively narrow distribution are highly sensitive to this choice (Fig. C.23). Furthermore,
this analysis assumes that all distances within the bounds contribute to the cw-EPR es-
timates according to their actual population, whereas in reality their contributions may
decay close to the boundaries.201
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Figure C.23: The black, dashed line shows the simulated end-to-end distribution for theN = 3
polypeptoid (computed from the expanded ensemble simulation with the MFTOID forcefield),
the orange line shows the Gaussian approximation of the end-to-end distance distribution from
cw-EPR, and the other colored lines show Gaussian distributions with the same mean and
standard deviation of the simulated distribution within various proposed cw-EPR bounds (Table
C.22).

Lower bound [Å] Lower bound [Å] ⟨Ree⟩ [Å] σRee [Å] Source
8 25 14.4(13.9-14.9) 4.0 377–379

8 20 13.8(13.3-14.2) 3.6 201,380,381,383

8 15 11.0(10.7-11.4) 2.1 201

7 25 13.9(13.4-14.4) 4.3 382

13 18 15.7(15.4-15.9) 1.3 384

Table C.22: Different definitions of the lower and upper bounds yield different estimates of
the mean, ⟨Ree⟩, and standard deviation, σRee , of the simulated distribution (computed from
the expanded ensemble simulation of the N = 3 polypeptoid using the MFTOID forcefield)
within those bounds. Numbers inside the parentheses give a 95% confidence interval of the
mean.
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D.1 Simulation details

D.1.1 Expanded ensemble simulations

The simulations are run following the procedure outlined in Ref. [212] using λee states of
1, 0.975, 0.95, 0.93, 0.91, 0.88, 0.85, 0.82, 0.79, 0.77, 0.75, 0.73, 0.71, 0.68, 0.65, 0.625,
0.6, 0.575, 0.55, 0.525, 0.5, 0.475, 0.45, 0.425, 0.4, 0.375, 0.35, 0.325, 0.3, 0.275, 0.25,
0.225, 0.195, 0.185, 0.175, 0.167, 0.15, 0.11, 0.075, 0.055, 0.033, 0.017, 0.0.

Sequence lb [Å] Ree,max [Å] Nw Tequil [ns] Tprod [ns] Ns

EEEEE-T 44.9476 22.536 2922 1000 7400 772
EEEEN-T 44.7935 22.487 2890 1000 6000 618
EENNN-T 46.0174 22.905 3125 1000 9600 905
NNNEE-T 44.8044 22.592 2887 1000 8400 859
NENEN-T 44.3347 22.148 2805 1000 6000 768
NNNNN-T 44.3071 22.184 2801 1000 8000 576
EEEEE 40.5223 18.509 2177 1000 9000 2142
NNNNN 41.0963 18.606 2250 1000 7000 1346

Table D.1: The initial box length, lb, and number of waters, Nw, are set as described in
section 5.2.1. The maximum end-to-end distance along the backbone, Ree,max is estimated
from distance between the N-terminal residue’s nitrogen and the C-terminal capping group’s
nitrogen in the initial, fully extended configuration, which is created in Avogadro 1.2.0 and
then geometry minimized.213 Tequil and Tprod give the lengths of the equilibration (varying
weights) and production (fixed weights) simulations, respectively. To compute the number
of independent and statistically significant conformations, Ns, we repeatedly draw a random
sample of size Ns,uncorr. Ns,uncorr, the number of independent samples, is estimated to be the
total number of configurations divided by the statistical inefficiency. The statistical inefficiency,
g, is computed using the pymbar timeseries module using the maximum g computed for the
trajectories of the potential energy and backbone end-to-end distance (taken between the N-
terminal monomer’s nitrogen and the spin-label monomer’s nitrogen). For each sample of size
Ns,uncorr, which should now contain, on average, only independent configurations, we compute
the effective sample number, Ns, the number of samples that contribute to an average at the
unbiased state, or the number of “significant” samples, for the entire dataset using MBAR.125,218
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Figure D.1: End-to-end distance distributions for the peptoid sequences studied from the
expanded ensemble simulations, reweighted to the unbiased ensemble as described in Ref. [212].
The end-to-end distance is taken between the N-terminal monomer’s nitrogen and the spin-label
monomer’s nitrogen. The peptoids with more nonpolar monomers show slightly more compact
conformations.

D.1.2 NVE simulations

Figure D.2: (a) For each of the 100 NVE configurations of EEEEE-T, the range in end-
to-end distances achieved is less than 7.5Å. In contrast, the typical range achieved in an
expanded ensemble simulation is larger than 10Å. This suggests the peptoid conformations do
not change significantly during the NVE simulations. (b) The end-to-end distance distributions
from the 100 NVE simulations averaged together (dashed line) agrees with the reweighted
distribution from the expanded ensemble simulation (solid line with shading) for EEEEE-T.
This suggests the 100 NVE simulations reasonably reproduce the conformational distribution
from the expanded ensemble.
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D.1.3 Bulk water simulation

To compute dynamical properties of bulk water, we simulate 2854 water molecules. We
use the OPC water model (the same model is used for the peptoid NVE simulations)
with the same treatment of nonbonded interactions as described in section 5.2.1 in the
main text. We first run an NVT equilibration for 100 ps in a box of length 4.42 nm
using Langevin dynamics with a timestep of 2 fs, a temperature of 300 K, and a friction
coefficient of 0.1 ps−1. We then perform an NPT equilibration for 100 ps at 1 bar using
Langevin dynamics with the same conditions and an MC barostat with 200 fs between
MC moves, saving configurations every 2 ps. We obtain the average box length from
the second half of the NPT simulation and run another NVT equilibration for 100 ps
using Langevin dynamics with the same conditions. We then run an NVT simulation
for 100 ns, saving configurations every 20 ps. After each 1 ns of the NVT simulation,
we launch a simulation in the microcanonical ensemble, adjusting particle velocities so
that the total energy matches the average total NVT energy (computed from the second
half of the NVT simulation up to this point), for 250 ps using the Verlet integrator with
a timestep of 2 fs and saving conformations every 50 fs. This gives us a total of 100
NVE simulations, starting from configurations separated by 1 ns in the NVT simulation.
Uncertainties for bulk water quantities are computed via bootstrapping as described in
section 5.2.2 of the main text.

Figure D.3: The radial distribution function (RDF) of bulk OPC water has a first minimum
around 3.4Å.

D.1.4 Silica-tethered peptoid systems
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Figure D.4: (a) The simulated “silica-tethered” peptoid comprises an amorphous silica sur-
face, as described in the main text, and a peptoid whose terminal carbon on the acetyl group
is restrained to be near the silica surface. (b) The experimental system comprises a silica
nanoparticle with a relatively longer linking group to the peptoid. The yellow circle represents
a glycine residue.

D.1.5 Calculation of diffusivity near spin labels

Ref. [385] gives a partial parameterization of the 4-OH TEMPO molecule but omits
parameters associated with the hydroxyl group. As such, we use parameters for the
comparable atoms in the spin label in Ref. [212] (a full set of parameters are given
in the SI of Ref. [212] and are partially based on the parameterization in Ref. [385])
combined with a standard CHARMM22246 hydroxyl group. We use partial charges for
cyclohexanol from ParamChem368,369 as the partial charges for the hydroxyl group, set
the partial charge of the adjacent carbon’s hydrogen to 0.09 and set the carbon’s charge
to neutralize the group. Table D.2 gives the atom types and partial charges used.

Figure D.5: Atom names for the 4-OH TEMPO molecule corresponding to entries in Table
D.2.

The parameters associated with the OH1-CT2-CTL2 angle were set to the parameters
for the OG311-CG311-CG321 in the CGenFF4.1 forcefield367 (downloaded 10/24/2019).
The parameters associated with the CTL1-CTL2-CT2-OH1 and HAL2-CTL2-CT2-OH1
dihedrals were set to the parameters for the X-CTL1-CTL2-X wildcard in the CHARMM22
forcefield. The diffusivities reported in Fig. 5.9 in the main text are computed by ex-
tracting a diffusivity from the survival probability of water near the spin label’s oxygen
radical with a cutoff of 7Å and then correcting it for the motion of the spin-label (as
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Atom Type Partial charge
OH OH1 -0.648
HO H 0.419
CB CT2 0.139
HB1 HA 0.09
CD* CTL2 -0.237
HD* HAL2 0.09
CE* CTL1 0.284
CF* CTL3 -0.3305
HF* HAL3 0.09
NR NN 0.167
OR ON -0.379

Table D.2: Atom types and partial charges for the 4-OH TEMPO molecule. Atom names are
shown in Fig. D.5. Asterisks signal that there are multiple atoms with the same assignment
(e.g. CD1 and CD2).

discussed further in section D.2.2) by subtracting off the diffusivity of the spin label
derived from the mean-squared displacement of the spin label. The uncertainty shown
in Fig. 5.9 in the main text is computing by propagating the uncertainties reported for
each of the quantities in the difference, and then dividing by the bulk water diffusivity,
0.243Å2/ps.

Figure D.6: (a) Survival probabilities for water within 7Å of the spin label oxygen radical for
the 4-OH TEMPO molecule, NME homopolymer, and silica-tethered NME homopolymer. The
diffusivities are fit using equation 5.1. (b) Mean-squared displacements of the oxygen radicals
for the 4-OH TEMPO molecule, NME homopolymer, and silica-tethered NME homopolymer.
The diffusivities are the slope of a line fit to the region 1-10 ps (dashed lines show this fit),
divided by 6. The uncertainties are computed via bootstrapping, as described in section 5.2.2.
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D.2 Extracting diffusivity from survival probability

D.2.1 Derivation of survival probability model

We want to solve:

∂C(r, t)

∂t
= D∇C (D.1)

With boundary condition C(r → ∞, t) = 0 and initial condition C(r ≤ R, 0) = C0,
where r =

√
x2 + y2 + z2, R is the radius of the cutoff region, D is the diffusivity, and

C0 is the initial concentration.
The solution for the case where the initial condition is a delta function is a Gaussian,

so we can write the solution for this case as a superposition of Gaussians:

C(x, 0) =

∫ ∞

−∞

∫ ∞

−∞

∫ ∞

−∞
C(ξξξ, 0)δδδ(x− ξξξ)dξξξ (D.2)

C(x, 0) =
1

(2
√
πDt)3

∫ ∞

−∞

∫ ∞

−∞

∫ ∞

−∞
C(ξξξ, 0) exp(−|x− ξξξ|2/4Dt)dξξξ (D.3)

Substituting in the initial condition and converting to spherical coordinates:

C(r, θ, ϕ, t) =
1

(2
√
πDt)3

∫ R

0

∫ 2π

0

∫ π

0

C0 exp(−|x− ξξξ|2/4Dt)r2ξ sinϕξdϕξdθξdrξ (D.4)

Assuming, without loss of generality, that x is on the z-axis, so that x = 0, y = 0,
and z = r, then, letting ξξξ = (xξ, yξ, zξ):

|x− ξξξ|2 = x2ξ + y2ξ + (r − zξ)
2 = r2ξ sin

2 ϕξ + (r − rξ cosϕξ)
2 (D.5)

Substituting this in:

C(r, t) =
C0

(2
√
πDt)3

∫ R

0

∫ 2π

0

∫ π

0

exp(−(r2ξ sin
2 ϕξ+(r−rξ cosϕξ)

2)/4Dt)r2ξ sinϕξdϕξdθξdrξ

(D.6)
Integrating over θξ:

C(r, t) =
2πC0

(2
√
πDt)3

∫ R

0

∫ π

0

exp(−(r2ξ sin
2 ϕξ + (r − rξ cosϕξ)

2)/4Dt)r2ξ sinϕξdϕξdrξ

(D.7)
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Integrating over rξ and ϕξ:

C(r, t) =
2πC0

(2
√
πDt)3

(
4D2t2

r

(
e−(r+R)2/4Dt − e−(r−R)2/4Dt

)
+ 2D3/2

√
πt3/2

(
erf

(
−r +R

2
√
Dt

)
+ erf

(
r +R

2
√
Dt

)))
(D.8)

To get the average concentration in the spherical volume from r = 0 to r = R at time
t, we integrate:

⟨C(t)⟩R =
1

V

∫ R

0

C(r, t)4πr2dr =
3

R3

∫ R

0

C(r, t)r2dr (D.9)

Performing the integral:

⟨C(t)⟩R =
3

R3

2πC0

(2
√
πDt)3

(
4D2t2

3
e−R2/Dt(R2(1− 3eR

2/Dt) + 2Dt(−1 + eR
2/Dt))

+
4D3/2

√
πR3t3/2

3
erf

(
R√
Dt

))
(D.10)

Simplifying:

⟨C(t)⟩R =
C0

√
Dt

πR
(e−R2/Dt − 3) +

2C0(Dt)
3/2

πR3
(1− e−R2/Dt) + C0erf

(
R√
Dt

)
(D.11)

D.2.2 Survival probability around a moving center

We compute the survival probability as the fraction of waters originally within some
cutoff radius of an atom at some time t0 that are still within the cutoff radius after some
time t0 + t. The motion of the atom around which the cutoff radius is centered can
thus affect the computed survival probability. This is shown prominently if we compare
survival probabilities in bulk water around: (1) randomly chosen fixed points in the
box, (2) randomly chosen water molecules, (3) water molecules that are fixed during the
simulation (new simulations with single water molecules fixed are run in order to compute
this last quantity). Fig. D.8 shows the survival probabilities using a radial cutoff of 5Å
(solid lines) along with the fits (dashed lines) to the model in equation 5.1. The fitted
diffusivities are given in the legend. Measuring the survival probability around a water
molecule gives an apparently higher diffusivity than measuring the survival probability
around a fixed point. When the water molecule is fixed, then the fitted diffusivity is
lower than the diffusivity around a fixed point.
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Figure D.7: The diffusivities from fitting the survival probability (x-axis) and the mean-
squared displacement (y-axis) for the six sequences plotted in Fig. 5.4 are correlated with an
R-squared value of 0.92.

Figure D.8: The “fixed point center” trajectory is computed in a box of water by taking
the survival probabilities for 20 spheres where their centers are chosen uniformly at random
inside the simulation box. The “water center” trajectory is computed in a box of water by
taking the survival probabilities around 100 randomly chosen water oxygens. The “fixed water
center” trajectory is computed by choosing a water molecule to fix (all its atoms are prevented
from moving) during the simulation, computing the survival probability around this fixed water
oxygen, repeating this a total of 5 times, and averaging the survival probabilities.

To model this, we can begin to solve the diffusion equation in the same way we did
in section D.2.1 except with a center that starts at the origin and diffuses with diffusion
constant D′. We can write the survival probability S(t) as the weighted average of
concentrations, S(t) =

∫∞
0
c̃(r′)4πr′2dr′ where P (r′) is the probability that the center is

at r′, which is the solution to the diffusion equation with initial condition a delta function
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at the origin:

P (r′) =
1

(2
√
πD′t)3

exp

(
− r′2

4D′t

)
(D.12)

And c̃(r′) is the concentration of water that was originally within the sphere of radius
R around the origin that is within a sphere of radius R around the new center position,
r′. If we assume that the movement of the center does not change the evolution of the
population of waters originally in the sphere of radius R around the origin, then we
already know what the concentration of these waters is as a function of distance r from
the origin from the previous derivation for the fixed center case, equation D.8. Now, we
need to average C(r, t) over the sphere of radius R around r′ to get c̃(r′). When r′ > R:

c̃1(r
′) =

1
4
3
πR3

∫ r′+R

r′−R

C(r0, t)A(r0, R, r
′)dr0 (D.13)

Where A(r0, R, r
′) is the volume of the slice of a sphere centered at r′ with radius R

that is r0 away from the origin. When r′ < R:

c̃2(r
′) =

1
4
3
πR3

(∫ R−r′

0

C(r0, t)4πr
2
0dr0 +

∫ r′+R

R−r′
C(r0, t)A(r0, R, r

′)dr0

)
(D.14)

So if we split S(t) up into contributions from r′ < R and r′ > R, we get:

S(t) =

∫ R

0

c̃2(r
′)P (r′)4πr′2dr′ +

∫ ∞

R

c̃1(r
′)P (r′)4πr′2dr′ (D.15)

Now, we just need an expression for A(r0, R, r
′):

A(r0, R, r
′) =

∫ 2π

0

dθ

∫ α

0

dϕr20 sinϕ = −2πr20(cosα− 1) (D.16)

Where α is the angle in the triangle formed by side lengths r0, R, and r′ between
sides r0 and r′. Using the Law of Cosines:

cosα =
R2 − r′2 − r20

−2r′r0
(D.17)

Then we can write:

A(r0, R, r
′) = πr20

(
R2 − r′2 − r20

r′r0
+ 2

)
(D.18)

The derived model requires numerically integrating to get the survival probability,
S(t). If we use this model to generate survival probabilities with varying D and D′

values, and then fit the resulting survival probability to the fixed-center model (equation
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5.1) to extract an “apparent” diffusivity, we see that the fitted diffusivites are equal to
D +D′.

Figure D.9: For each point, S(t) is computed according to the model above given the values of
D and D′. Then, it is fit to the fixed-center model (equation 5.1) to yield Dfit. The dashed lines
are D +D′. They intersect with the points, indicating that the apparent diffusivity extracted
with the fixed-center model is the sum of the diffusivity of the moving center and the diffusivity
of the surrounding waters.

This suggests that we can “correct” the diffusivites extracted from the survival proba-
bilities around the peptoid atoms by subtracting out the diffusivity of the peptoid atoms.
We compute this latter diffusivity by computing the mean-squared displacement for pep-
toid alpha carbons over 50 ps and fitting a straight line to the region past 10 ps. Then,
we subtract these diffusivities from the survival-probability-fitted diffusivities. The cor-
relation of these “corrected” diffusivities with those fitted from the MSDs of the peptoid’s
hydration water is about the same (R-squared of 0.93 instead of 0.92 as in Fig. D.7),
but now the diffusivities from the survival probability are lower than those from the
hydration water MSD. This could be because the hydration water MSD calculation is
not perfectly local and captures the dynamics of waters that move outside of the original
cutoff radius in the 10 ps over which the MSD is measured.
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Figure D.10: The diffusivities from fitting the survival probability and then corrected this
calculation by subtracting off the diffusivity of the peptoid (x-axis) and the mean-squared
displacement (y-axis) for the six sequences plotted in Fig. 5.4 are correlated with an R-squared
value of 0.93.

D.3 Conformational clustering

D.3.1 Clustering conformations of NME and alkyl homopoly-
mers

To identify conformations of both the NME homopolymer (EEEEE-T) and alkyl ho-
mopolymer (NNNNN-T) peptoids that are similar, we cluster configurations from the
expanded ensemble simulations of the two peptoids based on the optimally aligned386

root-mean-squared distance (RMSD) of the positions of the backbone and side-chain
heavy atoms (not including the spin-label heavy atoms), using an RMSD cutoff of 2.5Å.
The conformations are weighted by the MBAR-determined weights. When a distance is
computed between EEEEE-T and NNNNN-T peptoid configurations, we take the dis-
tances between carbons on the sidechain with the same positions, as well as between the
oxygen in the methoxyethyl sidechain and the second-to-terminal carbon on the n-butyl
sidechain. Table D.3 and Fig. D.11 show the results of this clustering for both sequences.
For each set of clustered conformations, we choose a random sample of 50 conformations
(approximately the number of statistically independent conformations in each cluster; see
tables D.1 and D.3) and run NVE simulations starting from each set of 50 to determine
cluster-specific quantities, plotted in Fig. 5.6.

D.3.2 Separating out effect of conformation for all sequences

Conformations from the expanded ensemble simulations for all sequences studied were
clustered following a similar procedure as described in section D.3.1 for clustering only the
homopolymers again using an RMSD cutoff of 2.5Å. The conformations are weighted by
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Cluster fEEEEE-T fNNNNN-T REEEEE-T [Å] RNNNNN-T [Å]
1 12.4 10.4 12.4 12.8
2 10.5 11.2 10.0 9.9
3 11.2 10.0 12.6 12.9
4 10.7 10.1 10.6 10.2
5 8.5 12.1 7.3 6.8
6 10.4 10.0 10.6 10.4
7 9.3 10.1 10.2 10.1
8 9.3 8.9 7.4 7.3

Table D.3: Information about each cluster when the fully hydrophilic (EEEEE-T) and fully
hydrophobic (NNNNN-T) peptoid conformations from the expanded ensemble simulations are
clustered together. The “end-to-end distance” for the EEEEE-T and NNNNN-T conforma-
tions in each cluster, REEEEE-T and RNNNNN-T, respectively, is taken between the N-terminal
monomer’s nitrogen and the spin-label monomer’s nitrogen. The weighted percentages of con-
formations of EEEEE-T and NNNNN-T in each cluster, fEEEEE-T and fNNNNN-T, respectively,
are computed using MBAR-computed weights from the expanded ensemble. While the weighted
fraction of conformations for each cluster is around 10%, the weights for more extended clusters
(higher mean end-to-end distance) are slightly higher for EEEEE-T than NNNNN-T, while the
weights for the more collapsed clusters (lower mean end-to-end distance) are slightly higher for
NNNNN-T. This is consistent with the slight overall shift towards more collapsed conformations
going from EEEEE-T to NNNNN-T. The bolded rows are the clusters chosen for analysis of
conformation-independent sequence effects (Fig. 5.6 of the main text).

Figure D.11: End-to-end distance distributions (where the end-to-end distance is defined as
for Table D.3) for the clusters of (a) EEEEE-T and (b) NNNNN-T conformations, along with
the full distribution for each peptoid sequence, when EEEEE-T and NNNNN-T conformations
are clustered together. Representative snapshots from each cluster are visualized using Visual
Molecular Dynamics155; the sidechain atoms and backbone hydrogens are transparent.
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the MBAR-determined weights and distances are computed between position-equivalent
atoms on the NME and alkyl sidechains. For each set of clustered conformations, we
choose a random sample of 50 conformations and run NVE simulations starting from
each set of 50.

Figure D.12: End-to-end distance distributions (where the end-to-end distance is defined as
for Table D.3) for the NME homopolymer and the clusters of the NME homopolymer confor-
mations when conformations for all sequences are clustered together.
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Figure D.13: (a,b) Diffusivity, (c,d) dipole correlation time, and (e,f) tetrahedrality for the
group of (a,c,e) most extended conformations (cluster 1 in Fig. D.12) and (b,d,f) most compact
conformations (cluster 7 in Fig. D.12). Consistent with the conclusion drawn from Fig. 5.6, the
qualitative trend of water’s structural and dynamical behaviors with the number of nonpolar
residues remains even when controlling for the effect of conformation. For both the most
extended and most compact conformations, increasing the number of nonpolar residues leads
to reduced dynamics (lower translational diffusivity and larger rotational correlation time) and
enhanced tetrahedrality. Additional simulations are needed to resolve whether the effect of
changing the position of the nonpolar residues, independent of their number (compare black
circles, blue stars, and red triangles at number of alkyl residues = 3) is the same when controlling
for the effect of conformation as the current results are within uncertainty.

D.4 Additional hydration water measurements

D.4.1 Structural distributions and dynamical trajectories
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Figure D.14: Radial distribution function (RDF) for the set of peptoids varying the (a)
number of alkyl residues at the C-terminus and (b) placement of three nonpolar residues in the
sequence. With increasing number of nonpolar residues, the RDF decreases, especially around
6-7Å, indicating that water is less dense.

Figure D.15: Deviation from bulk three-body angle distributions for the set of peptoids
varying the (a) number of alkyl residues at the C-terminus and (b) placement of three nonpolar
residues in the sequence. With increasing number of nonpolar residues, there is a further
diminishment of the icosahedral peak and an enhancement of the tetrahedral peak.
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Figure D.16: Survival probability for the set of peptoids varying the (a) number of alkyl
residues at the C-terminus and (b) placement of three nonpolar residues in the sequence. With
increasing number of nonpolar residues, the survival probability increases (water is slower).

Figure D.17: Dipole correlation for the set of peptoids varying the (a) number of alkyl residues
at the C-terminus and (b) placement of three nonpolar residues in the sequence. With increasing
number of nonpolar residues, dipole correlation increases (reorientation is slower).
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D.4.2 Trends in rotational correlation time

Figure D.18: Rotational correlation times measured locally around individual residues. Panel
(a) contains the rotational correlation times around residues of the NME homopolymer (blue
circles) and alkyl homopolymer (orange stars) which denote the lower and upper boundaries,
respectively, of the shaded regions. As with the translational diffusivity, there are significant
deviations between the rotational correlation times around the NME residues in the heteropoly-
mers (circles) and the rotational correlation times around the position-equivalent residues in
the NME homopolymer (lower bound of the shaded region), as well as for the alkyl residues
(stars vs. upper bound of the shaded region).

Figure D.19: Rotational correlation times for the sets of compact and extended NME ho-
mopolymers and alkyl homopolymers. As with the translational diffusivity, comparing groups
of common conformation (extended NME vs. extended alkyl; compact NME vs. compact alkyl)
water is slower (larger rotational correlation time) near the alkyl homopolymer. Also, as with
the translational diffusivity, comparing groups of conformations for a given sequence (extended
NME vs. compact NME; extended alkyl vs. compact alkyl) water is slower near the more
compact conformations.
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D.4.3 Scaling down NME charges

There are slight topological differences between the alkyl and NME monomers. To con-
firm that changes in the local chemical environment alone can lead to changes in dy-
namics, we measure water dynamics near the NME hompolymer peptoid with charges
scaled down to a quarter of their original values (the original charges can be found in
Table C.2) so that the sidechain is less polar, but approximately preserving the bond
lengths and van der Waals radii. We again observe shifts towards reduced local density,
enhanced tetrahedrality, and slower translational and orientational dynamics of water
(Fig. D.20), suggesting that the slight conformational change between alkyl and NME
monomers does not affect the overall conclusion that sequence affects water dynamics
independent of conformation.

Figure D.20: The (a) radial distribution function, (b) difference in the three-body angle dis-
tribution compared to that of bulk water, (c) survival probability, and (d) dipole orientation
correlation for the EEEEE-T peptoid with charges scaled down, along with that for the un-
modified EEEEE-T and NNNNN-T for reference.
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D.4.4 Comparison of water behavior around unlabeled peptoids

To check that the spin label does not qualitatively affect the observed trends in water
structure and dynamics with respect to sequence, we ran the same calculations (expanded
ensemble simulation, followed by NVE simulations, followed by water structure and dy-
namics calculations) for the unlabeled NME homopolymer (EEEEE according to the
labeling in Fig. 5.1) and the unlabeled alkyl homopolymer (NNNNN according to the
labeling in Fig. 5.1). Fig. D.21 shows that water around the alkyl homopolymer still
shows a reduction in dynamics and enhancement in tetrahedrality, consistent with the
results for the labeled peptoids.

Figure D.21: The (a) radial distribution function, (b) difference in the three-body angle
distribution compared to that of bulk water, (c) survival probability, and (d) dipole orientation
correlation near the unlabeled, alkyl homopolymer, compared to that around the unlabeled,
NME homopolymer. These trends (less dense, more tetrahedral, and slower water near the
alkyl homopolymer compared to the NME homopolymer) are consistent with the trends in the
labeled peptoids.

D.4.5 Varying the cutoff for water behavior calculations
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Figure D.22: Same as Fig. 5.4 except using a 7Å cutoff around the peptoid for the dynamics
calculations, instead of a 5Å cutoff. Even with the larger cutoff, the trends in dynamics with
respect to sequence are unchanged.

Figure D.23: Same as Fig. 5.8 except using a 7Å cutoff around the peptoid for the dynamics
calculations, instead of a 5Å cutoff. The correlations are weaker with the larger cutoff, sug-
gesting that the range of the peptoid’s effect differs for the various structural and dynamical
quantities, consistent with what is found in Ref. [387].

D.4.6 Additional structure-dynamics correlations
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Figure D.24: Correlation between hydration metrics plotted in Fig. 5.8 and Nshell, the
number of waters within 5Å of a peptoid heavy atom. As with the other single-body density
metric (Nwater, computed by integrating the radial distribution function), Nshell also shows some
correlation with the reduction in dynamics and enhancement in tetrahedrality, but it is weaker
than the correlations between the dynamical metrics and enhancement in tetrahedrality.
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E.1 Additional simulation details

E.1.1 Expanded ensemble simulations

For each peptoid surface, we simulate a single peptoid of the same length and chemistry
tethered to the self-assembled monolayer (SAM) surface to obtain the equilibrium fraction
of cis/trans for each amide bond. We use the expanded ensemble methodology developed
in Ref. [212] to sample over slow amide bond isomerizations. In order to enhance sampling
over additional peptoid conformational degrees of freedom, we apply a bias based on the
distance in the z-direction (perpendicular to the surface) between the C-terminal end of
the peptoid and the sulfur atoms in the SAM. The bias has the form:

Urep =

{
k(∆zmax −∆z)2 ∆zmax ≥ ∆z

0 ∆zmax < ∆z
(E.1)

where ∆z = zpeptoid − zSAM, zpeptoid is the z-coordinate of the nitrogen in the C-
terminal amino group of the peptoid, and zSAM is the mean z-coordinate of the SAM
sulfur atoms. The force constant is k = 500 kJ/mol/nm2 and we conduct separate
simulations for ∆zmax =0.2,0.7,1.2,1.7,2.2,2.7 nm. This potential, Urep, biases the peptoid
to adopt conformations in which the C-terminal end is more extended from the surface.

We perform a 100-ps NVT equilibration followed by a 100-ps NPT equilibration. We
then run an expanded ensemble simulation over softened amide-bond dihedral states
where the dihedral potentials controlling rotation around the amide bond are scaled by
a factor λee that takes on the values 1, 0.95, 0.91, 0.81, 0.71, 0.60, 0.50, 0.45, 0.41,
0.3875, 0.35, 0.3375, 0.3, 0.2875, 0.25, 0.2375, 0.2, 0.175, 0.1, 0.033, 0.016, 0. We let the
expanded ensemble weights equilibrate over 1 µs and then simulate with fixed weights
for 4 µs. If the expanded ensemble states are not sampled evenly with the equilibrated
weights, we run the equilibration stage for another 1 µs. We use MBAR125,218 to reweight
back to the unbiased (Urep = 0 and λee = 1) state and compute the free energy difference
between the cis and trans states for each amide bond, where we define the cis state as
−90o < ω < 90o, with ω the value of the backbone Calpha-C-N-Calpha dihedral, and the
trans states as all other values of ω. These free energies are shown in Fig. E.1.

Generally, the amide bonds at the ends of the peptoid favor the trans state while those
in the center prefer the cis state. However, the strength of these preferences depends on
peptoid chemistry. We compute the fraction of cis states with:

fcis = 1− 1

1 + exp(Gtrans −Gcis

(E.2)

E.1.2 Peptoid brush surface simulations

We solvate the system using GROMACS 2016.214,215 with OPC water for an initial box
length of 11 nm. For simulations with a solute, we initialize the solute above one of the
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Figure E.1: The free energy difference between the cis and trans states for each isomerizable
amide bond (dihedral position of 1 corresponds to the amide bond closest to the surface, 5
corresponds to that furthest from the surface). The dotted lines are meant to guide the eye.

peptoid surfaces, also using GROMACS. We initialize peptoids in extended conforma-
tions, created and geometry-minimized in Avogadro 1.2.0.213

To tether the peptoids to the SAM, we apply a flat-bottom harmonic potential be-
tween the N-terminus nitrogen of the peptoid and a methyl-headgroup carbon of the
SAM, chosen so that the peptoids are evenly spaced on the SAM. The potential has
the form U = step(r − r0)0.5k(r − r0)

2, where r is the distance between the two atoms,
r0 = 5Å, and k = 1000 kJ/mol/nm2.

To ensure that the peptoids adopt the assigned cis/trans states, we apply a dihedral
restraint of the form Udih = k(θ − θ0)

2, where k = 100 kJ/mol/rad2, θ0 = 0 for cis
conformations and θ0 = 180 for trans ones during the first equilibration stage of the
simulation. The restraint is removed for subsequent equilibration and production steps,
but the barrier for isomerization is sufficiently high that the peptoids typically remain in
their initial isomerization states.

For simulations without a solute, we first perform a 100-ps NVT equilibration, fol-
lowed by a 100-ns NPT equilibration and a 1-µs NPT production simulation with con-
figurations saved every 100 ps, which we use to compute water structural properties.
For dynamics calculations, we replace the last NPT run with a 10-ns NVT run (the box
length is the average from the second half of the NPT equilibration), with configurations
saved every 1 ps.

For umbrella sampling simulations, we use a potential of the form U = k(|zSAM −
zsolute|−z0)2 where zSAM is the position of the sulfur atoms along the z-axis (perpendicular
to the surface), zsolute is the location of the centroid of the solute heavy atoms, k = 100
kJ/mol/nm2, and z0 is the restrained distance. We first restrain the solute far from the
surface, z0 = 4.6 nm (which translates to around 2 nm from the peptoid-water interface)
and perform a 100-ps NVT equilibration followed by a 20-ns NPT equilibration. We then
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sample 40 states equally spaced in the region 1.5 nm ≤ z0 ≤ 4.6 nm, starting from the
state where the solute is restrained farthest from the surface and moving the solute closer
to it. We simulate each state for 20 ns, saving configurations every 200 ps. We discard
the first 2 ns of each state before analysis.

We use the standard error of an observable over independent repeats of a simulation
in order to compute the reported uncertainties. For simulations without a solute, we run
5 repeats of each surface. For umbrella sampling simulations, we run 10 repeats of each
solute-surface combination for the peptoid surfaces and 5 repeats for the PEO surface.

Instantaneous interface

To compute the instantaneous interface, we follow the procedure described in Ref. [69].
We first compute a coarse-grained density field, ρ̄(r, t) =

∑
i ϕ(|r − ri(t)|; ξ) where

ϕ(r; ξ) = (2πξ2)−3/2 exp(−|r|2/2ξ2). Here, we set ξ = 4.8Å and compute the density
field by discretizing the system into cubes of length 2Å. To identify the location of the
interface we then determine the points, r, for which ρ(r, t) = 0.016Å−3.

To compute the average location of the surface-water interface, we first compute the
instantaneous interface for each snapshot. We then take the average of the z positions
(in the direction perpendicular to the surface) of the points in the instantaneous interface
and compute the distance from the z position of the sulfur atoms in the self-assembled
monolayer (SAM). We average this distance over all snapshots to get the average location
of the surface-water interface with respect to the SAM sulfur atoms. These locations are
listed in Table E.1 and used to shift the relationships shown in Fig. 6.2 and Fig. 6.4
(along with SI Fig. E.4, E.6, E.10-E.14, E.17-E.19) so that the x-axis is distance from
the surface-water interface, or ∆z = z − zsurf, where zsurf is the mean interface.

Surface zsurf [Å]
Alkyl 26.91

Methoxy 25.81
Alcohol 25.71

Separated-charge zwit 25.88
Consecutive-charge zwit 25.68

Table E.1: Locations of the surface-water interface, zsurf, for each surface chemistry.

To obtain the interfacial distribution, for each snapshot we take the z positions of
all points in the instantaneous interface, subtract the mean z position, and bin them
over all snapshots to create a histogram with bin width 0.33Å. Fig. E.2 shows these
distributions.
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Figure E.2: The distribution of the instantaneous surface-water interface in the direction
perpendicular to the surface. For the peptoid surfaces, the error bars give the standard error
over 5 independent runs (with 2 interfaces per run—one on each side of the surface). All
distributions are normalized so that the maximum is 1.

E.1.3 PEO brush surface simulations

The PEO chains are arranged with Au-hcp spacing, as in Ref. [318] on an 8x9 grid. We
add OPC waters to the PEO system using the Packmol388 software with an initial box
length of 12 nm. To initialize simulations with a solute, we place the solute above the
PEO surface again using Packmol.

Prior to conducting umbrella sampling calculations, we equilibrate the hydrated PEO
surface for 5 ns in the NVT ensemble at 500 K to relax the PEO chain configurations
more rapidly. We follow this melting simulation with a 5-ns NPT ensemble simulation at
298.15 K and 1 bar to cool the system to the desired production temperature. Finally, we
run a production simulation in the NPT ensemble at 298 K and 1 bar for 100 ns, saving
the system coordinates every 10 ps. We generate solute-free structural information such
as the density profile and three-body angle distributions using this trajectory.

The umbrella sampling procedure for the PEO surface is essentially identical to the
peptoid surface procedure discussed in section E.1.2. While we apply the same harmonic
centroid potential between the centroid of the SAM sulfur atoms and the centroid of
the given solute molecule as the peptoid surfaces, we implement a force constant of
k = 1000 kJ/mol/nm2. The simulation steps are the same but with different simulation
equilibrium and production times. Using Packmol,388 we insert a solute molecule at a
random position 4 nm above the sulfur z-position of the equilibrated and hydrated PEO
system (without a solute). We equilibrate the solute at this farthest position for 2 ns
in the NVT ensemble followed by 10 ns in the NPT ensemble. We perform umbrella
simulations at 30 umbrella states evenly spaced in the region 1.0 nm ≤ dz0 ≤ 4.0 nm.
We briefly equilibrate each of these states in the NVT ensemble for 100 ps followed by
the NPT ensemble for 500 ps. Finally, we perform each umbrella state production run
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for 12 ns and save the system coordinates every 1 ps. The first 2 ns of each state is
discarded as in the peptoid surface simulations.

Figure E.3: The density profile for PEO heavy atoms shows that the number density in the
surface is similar to that for the peptoid brush surface.

E.1.4 Bulk water simulations

We performed simulations of bulk water as described in section D.1.3. These simulations
are used to compute water density, the three-body-angle distribution, diffusivity, and the
average number of hydrogen bonds formed by a water molecule in bulk.

E.2 Water properties

We include details of the calculations of water’s dynamical and structural properties.

E.2.1 Water dynamics

To compute the diffusivity perpendicular to the surface, Dz, we first divide the box into
rectangular regions, along the axis perpendicular to the surface, of width 5.5Å and track
the probability that a water molecule in the region at some initial time t = 0 will be
in the region at time t over a region 0 < t < 100 ps. To obtain the diffusivity, we fit
this probability over the entire region to that computed from solving the 1D diffusion
equation in an infinite domain with initial concentration c0 in a region of length L:

P (t) = c0

[
erf

(
L

2
√
Dzt

)
+

√
4Dzt

πL2

[
exp

(
− L2

4Dzt

)
− 1

]]
(E.3)
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Here, c0 and Dz are the fitted parameters, while L = 5.5Å. We interpolate the
distance-dependent diffusivity at a distance of 5Å to obtain the value in Table 6.1.

To compute the diffusivity parallel to the surface, we divide the box into the same
rectangular regions used for the survival probability calculation. In each region, we
compute the mean-squared displacement in the xy-plane (parallel to the surface) of water
molecules that are inside the region at t = 0, over intervals of 100 ps. We then fit a line
to the mean-squared displacement over the interval 20 < t < 100 ps and divide the slope
by 4 to obtain the diffusivity parallel to the surface.

The trends in both diffusivities are qualitatively similar, as shown in Fig. E.4.

Figure E.4: Diffusivity as a function of distance from the surface-water interface in the direc-
tions (top) perpendicular to the surface, computed from a survival probability fit to a diffusion
equation and (bottom) parallel to the surface, computed from a mean-squared displacement.
The dashed black line shows the diffusivity of bulk water, D = 0.243Å2/ps (section E.1.4). The
two calculations give diffusivities that follow the same qualitative trends. Far away from the
surface, water approaches its bulk diffusivity. However, the perturbation to water’s dynamics
is long-ranged, slowing water even at distances where water’s density is at bulk (∆z = 15Å),
consistent with earlier work showing that a protein surface has a longer-ranged effect on transla-
tional dynamics compared to translational structure.387 The error bars give the standard error
computed from 5 independent simulations, as described in section E.1.2.

E.2.2 Density profiles

E.2.3 Hydrogen bonding

Hydrogen bonds are determined via geometric criteria: the distance between the donor
and acceptor oxygen/nitrogen atoms must be less than 3.5Å and the angle formed by
the acceptor oxygen/nitrogen – donor oxygen/nitrogen – donor hydrogen must be less
than 30o. All peptoid oxygens are considered possible acceptors, along with primary
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Figure E.5: The O-H bond reorientation correlation function for waters in the hydration layer
(identified as described in sections 6.2.2 and E.1.2). The correlation function389 is computed
as C2(t) = ⟨P2[e(0)ė(t)]⟩, where P2 is the Legendre polynomial of rank 2 and e(t) is the unit
vector of an O-H bond at time t. The timescales of this decay are similar to those observed for
model protein surfaces.390 The error bars give the standard error computed from 5 indepen-
dent simulations, as described in section E.1.2. The dashed lines show the fits to a stretched
exponential function, C2(t) = exp(−(t/τ)β), and the labels show the fitted time constants τ
and exponents β. The time constants are larger for the zwitterionic surfaces compared to the
uncharged surfaces.

and secondary amine nitrogens. All peptoid hydrogens in alcohol and amine groups are
considered possible donors.

E.2.4 Three-body angle distribution

The three-body angle is formed by a hydration water molecule and two of its neighbors.
Neighboring waters are those within 3.4Å of the central water. We compute the histogram
of angles with a bin width of ∆θ = 4.86o, normalize the distribution such that the
integrated area is 1 and then subtract off the distribution for bulk water.

For the distributions in Fig. 6.5a, we perform this calculation for all hydration waters
(waters within 7Å above the instantaneous interface). For the distributions in Fig. 6.5b
and those used in the projections in Fig. 6.6 (along with SI Fig. E.15, E.18, E.19) when
a solute is present we consider only waters within 7Å of a solute heavy atom when the
solute is within 5Å of the surface-water interface (around the same location where we
compute the affinity). For the distributions used in the projections in Fig. 6.6 (along with
SI Fig. E.15, E.18, E.19) when a solute is not present we choose random points within
5Å of the surface-water interface and consider only waters within 7Å of those randomly
chosen points. This last procedure is a different way of computing the distribution for
the surface’s hydration water designed to be more comparable to how it is computed
around solutes when they are near the surface.
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Figure E.6: The density of water as a function of distance from the water-peptoid mean
interface (computed as described in section E.1.2). The dashed line indicates the density of
bulk water. Positive distances are in the direction of bulk water. Water adopts its bulk density
at approximately ∆z > 10Å for all systems; moving closer to the surface, the density decreases
sharply but remains finite for roughly 1 nm into the peptoid surface, defining a hydrated brush
layer, and finally reaching zero before the peptoid-SAM interface (Fig. E.7). However, the
zwitterionic surface’s hydration water is not significantly more dense than the alcohol surface:
a small density enhancement occurs around ∆z = −3Å, but this is offset by a relatively lower
density farther away at ∆z = 3Å (Table 6.1). The zwitterionic surfaces do show distinct
local density responses from each other: the consecutive-charge surface shows a single peak at
∆z = −6Å, while the separated-charge one shows two peaks, one at z = −6Å and the other
at z = −10Å, suggesting that water strongly hydrates both charged groups, forming separate
areas of enhanced density when the charges are separated. The dotted light gray lines show
the 8Å region over which the density at the alkyl surface falls from that of bulk water to half
its bulk value, for comparison with the PEO surface. The error bars give the standard error
computed from 5 independent simulations, as described in section E.1.2.

Surface Ncoord

Alkyl 0.4751
Methoxy 0.5143
Alcohol 0.5745

Separated-charge zwit 0.5676
Consecutive-charge zwit 0.5995

Table E.2: The peptoid-water coordination number, Ncoord, is the number of waters within
7Å of a peptoid heavy atom, divided by the number of peptoid heavy atoms. There is not a
clear distinction between the coordination number for the zwitterionic and uncharged alcohol
surfaces.
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Figure E.7: Density profiles for water and the heavy atoms of the peptoid brush surface
and self-assembled monolayer (SAM) for each peptoid chemistry. The dashed line shows bulk
water’s density. Here, z = 0Å is the location of the sulfur atoms in the SAM. The density
profiles are computed with a bin width of 0.25Å The peaks and shoulders in the water density
profile at low z occur along with peaks in the peptoid density profile.

Figure E.8: The density profile of water at the PEO surface shows a sharper decline compared
to the water density profile at peptoid surfaces (Fig. E.6). The dashed line indicates the density
of bulk water. The dotted light gray lines show the 4Å region over which the density at the
PEO surface falls from that of bulk water to half its bulk value, for comparison with the peptoid
surfaces.
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Figure E.9: The three-body angle distributions around peptoids in dilute solution, simu-
lated as described in Ref. [245]. These peptoids have the same length, termini, and sidechain
chemistries as the peptoids comprising the brush surfaces in this study, except that the last
residue on the C-terminal end is a 4-amino TEMPO group. The three-body angle distribution
is computed for all waters within 5Å of a peptoid heavy atom.
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E.3 Solute-surface interactions

E.3.1 Potential of mean force for other solutes

Figure E.10: Potentials of mean force (PMF), ∆G, between the peptoid surfaces and (a)
methane, (b) methanol, (c) boric acid, and (d) capped glycine (not shown in the main text).
As in Fig. 6.2, the PMFs are presented as a function of distance from the surface-water interface
and shifted so that they reach 0 far away from the surface. The error bars give the standard
error computed from 10 independent simulations, as described in section E.1.2.

We can further decompose the change in the solute-system direct energetic interaction,
∆ ⟨Usw⟩, into electrostatic and Van der Waals components. Fig. E.12-E.13 show the
electrostatic (∆ ⟨Usw,Q⟩) and VDW (∆ ⟨Usw,V DW ⟩) components as a function of solute
distance from the surface-water interface, shifted so that the components are 0 far away
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Figure E.11: Decomposition of the potential of mean force, ∆G, into direct energetic, ∆ ⟨Usw⟩,
and relative entropic, T∆Srel, terms (the decomposition for phenol is shown in the main text,
Fig. 6.4). The error bars give the standard error computed from 10 independent simulations,
as described in section E.1.2.

from the surface. With the exception of boric acid, the solutes with hydrogen bonding
groups show an unfavorable change in the solute-system electrostatic interaction (Fig.
E.12) as they move towards the surface, possibly reflecting a loss of hydrogen bonds
with water. Near the alcohol and zwitterionic surfaces, these hydrogen bonds are partly
recovered, resulting in a smaller change in the electrostatic interaction energy. Methane
has weak electrostatic interactions with both the solvent and surface, and so shows little
change in the electrostatic interaction as it moves towards the surface, regardless of
surface chemistry. Boric acid interestingly also shows little change in the electrostatic
energy as it moves towards the surface; it is possible that its multiple donors allow it to
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form more hydrogen bonds with the surface.

Figure E.12: Electrostatic component, ∆ ⟨Usw,Q⟩, of the direct energetic contribution to the
free energy of binding, ∆ ⟨Usw⟩), for each surface-solute combination. The error bars give the
standard error computed from 10 independent simulations, as described in section E.1.2

In contrast, the VDW component of the solute-system interaction energy (Fig. E.13)
becomes more negative as the solute moves closer to the surface. This change is larger
for the bulkier solutes, as they can form stronger VDW interactions with the surface.
Moreover, these trends are less sensitive to surface chemistry than the trends in the
electrostatic energy.

Figure E.13: Van der Waals component, ∆ ⟨Usw,V DW ⟩, of the direct energetic contribution to
the free energy of binding, ∆ ⟨Usw⟩), for each surface-solute combination. The error bars give
the standard error computed from 10 independent simulations, as described in section E.1.2

E.3.2 Rearrangement of peptoid surface
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Figure E.14: The root mean squared displacement between the peptoids in the surface and
a reference configuration as a function of solute-interface distance for phenol. There are no
large shifts in the RMSD as the solute moves closer to the surface, suggesting no large surface
rearrangements for any of the surface chemistries. The error bars give the standard error
computed from 10 independent simulations, as described in section E.1.2.

E.3.3 Projections of 3-body distributions
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Figure E.15: Projections of the differential three-body angle distributions of water onto the
first, second, and third principal components (PC1, PC2, and PC3) for the hydration water of
the surface (solid bars) and in the hydration water of the solute (hatched bars) when the solute
is within 5Å of the surface-water interface (computed as described in section E.1.2). Details
of this calculation are in section E.2.4. The values of the hydration water of the surface are
independent of solute identity and are repeated in each subfigure (a-f). The projections for
phenol are shown in Fig. 6.6 of the main text. The error bars give the standard error computed
from 10 independent simulations, as described in section E.1.2.

E.4 Prediction of T∆Srel

Inspired by the prediction of TSrel for colloidal solvation using projections of the three-
body angle distribution of the hydration water onto principal components in Ref. [62],
we develop a model for T∆Srel(z) = T (Srel,surface(z) − Srel,bulk. Here, z is the distance
from the surface-water interface (this quantity is referred to as ∆z instead of z elsewhere
in the text, but we use z here to keep the equations concise).

The model for TSrel,bulk is a straightforward application of the model in Ref. [62],
which describes the relative entropy contribution to the free energy of solvation for a
solute in bulk water:

TSrel,bulk

Nb

= s1p1,b + s3p3,b + s13p1,bp3,b (E.4)
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Here, s1, s3, and s13 are the coefficients of the model, p1,b is the magnitude of the
projection of the differential three-body angle distribution for waters in the solute hy-
dration shell onto the first principal component when the solute is in bulk water, p3,b is
the projection onto the third principal component, and Nb is the number of waters in the
solute hydration shell when the solute is in bulk water. Here, the differential three-body
angle distribution is the change from the three-body angle distribution of bulk water.
The solute hydration shell is defined as waters within 7Å of the solute. We compute
these bulk quantities when the solute is furthest away from the surface (shown in Fig.
E.17-E.19).

Here, we use the projections onto the first and third principal component instead of
the first and second principal component used in Ref. [62] because that choice gave a
lower root mean square error (RMSE) for the final prediction. We also use the number
of waters in the solute hydration shell, Nb, instead of the number of three-body angles in
the solute hydration shell used in Ref. [62]; this change does not significantly affect the
RMSE.

To model TSrel,surface(z), we propose that there are two contributions, the change in
water structure from bulk due to the solvation of the solute and surface and the change
in the water structure from bulk due to the solvation of the surface alone:

TSrel,surface(z)

N(z)
= [s1p1(z) + s3p3(z) + s13p1(z)p3(z)]−

[s′1p
′
1(z) + s′3p

′
3(z) + s′13p

′
1(z)p

′
3(z)] (E.5)

Here, s1, s3, and s13 are the same coefficients as before, capturing the effect of shifts
in the solute hydration shell on the water restructuring contribution, while s′1, s

′
3, and s

′
13

are coefficients capturing the effect of shifts in the surface hydration shell on the water
restructuring contribution. The terms p1(z) and p3(z) are the magnitudes of the projec-
tions of the differential three-body angle distribution for waters in the solute hydration
shell onto the first and third principal component for varying solute-surface distances,
z. The terms p′1(z) and p′3(z) are the magnitudes of the projections of the differential
three-body angle distribution for waters at varying distances from the surface, z. Details
of the three-body angle distribution calculations are in section E.2.4 and the z-dependent
values are shown in Fig. E.18-E.19. Finally, N(z) is the number of waters in the solute
hydration shell for varying solute-surface distances; these values are shown in Fig. E.17.

Therefore, the full model for T∆Srel(z) is:

T∆Srel = N [s1p1 + s3p3 + s13p1p3 − s′1p
′
1 − s′3p

′
3 − s′13p

′
1p

′
3]−

Nb[s1p1,b + s)3p3,b + s13p1,bp3,b] (E.6)

For conciseness, we have omitted the explicit dependence on z. We fit a single model
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using data from all surface-solute combinations. The comparison between the fitted and
actual values of T∆Srel is shown in Fig. E.16, which shows that this model reasonably
predicts T∆Srel for the zwitterionic surfaces but performs less well for the uncharged
surfaces. The RMSE for this dataset is 0.58kBT and the values of the fitted coefficients
are: s1 = 0.20, s3 = 0.22, s13 = 0.20, s′1 = −1.16, s′3 = 1.39, s′13 = −0.34.

Figure E.16: Comparison of the relative entropy contribution, T∆Srel, to the solute-surface
PMF predicted using the model in equation E.6 to the actual computed values for each solute
(varying marker shape) and surface (varying colors) combination, over varying solute-surface
distances. The error bars give the standard error in T∆Srel computed from 10 independent
simulations, as described in section E.1.2. The dashed line is x = y.
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Figure E.17: Number of waters within 7Å of the solute heavy atoms for each solute at
varying distances from each surface. These values are used for N(∆z) in the model for T∆Srel
in equation E.6. The values at the largest ∆z are used for Nb. The error bars, which are smaller
than the marker size here, give the standard error computed from 10 independent simulations,
as described in section E.1.2.

Figure E.18: Projections of the differential three-body angle distributions of water onto the
(a) first, (b) second, and (c) third principal components for water in the hydration shell of
phenol (open markers, solid lines) and water at randomly chosen locations without phenol
(filled markers, dotted lines) as a function of distance from the surface-water interface. These
values are used in the model for T∆Srel in equation E.6. The values at the largest ∆z are used as
bulk values in the model. The insets show each principal component and the faint dotted lines
indicate the populations of icosahedral (θ = 63.4o), ideal gas-like (θ = 90o), and tetrahedral
(θ = 109.5o) water. The error bars give the standard error computed from 10 independent
simulations, as described in section E.1.2.
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Figure E.19: Same as Fig. E.18 except for the water in the hydration shell of other solutes.
These values are used in the model for T∆Srel in equation E.6. The values at the largest ∆z
are used as bulk values in the model. The error bars give the standard error computed from 10
independent simulations, as described in section E.1.2.
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F.1 Simulation details

F.1.1 Atomistic simulations

We create initial polypeptoid configurations in the all-trans, fully extended conformation
using the mBuild package.391 We set the box length to be at least 20Å larger than the
end-to-end distance in this fully extended conformation and solvate the system using
GROMACS.214,215 The simulations are run following the procedure outlined in Ref. [212]
using λee states of 1, 0.975, 0.95, 0.91, 0.85, 0.79, 0.75, 0.71, 0.65, 0.6, 0.575, 0.55, 0.525,
0.5, 0.475, 0.4625, 0.45, 0.425, 0.4125, 0.4, 0.3875, 0.375, 0.3625, 0.35, 0.3375, 0.325,
0.3125, 0.3, 0.2875, 0.275, 0.2625, 0.25, 0.2375, 0.225, 0.21, 0.195, 0.185, 0.175, 0.167,
0.15, 0.11, 0.075, 0.055, 0.033, 0.017, 0.0.

Sequence lb [Å] Ree,max [Å] Nw Tequil [ns] Tprod [ns] Ns

NARO = 0 85.14 60.3 20,139 1000 10,000 135
NARO = 1 87.79 62.9 21,936 1000 10,000 120
NARO = 2 85.93 61.2 20,641 3000 10,000 173
NARO = 4 82.43 57.3 18,168 4000 10,000 27

Table F.1: The initial box length, lb, and number of waters, Nw, are set as described in
section 5.2.1. The maximum end-to-end distance along the backbone, Ree,max is estimated
from distance between the N-terminal residue’s nitrogen and the C-terminal capping group’s
nitrogen in the initial, fully extended configuration. Tequil and Tprod give the lengths of the
equilibration (varying weights) and production (fixed weights) simulations, respectively. To
compute the number of independent and statistically significant conformations, Ns, we follow
the procedure described in section C.1.4.

F.1.2 Coarse-grained simulations

The coarse grained (CG) model has a much lower barrier to rotation around the backbone
amide bond (i.e. the sidechain-backbone-backbone-sidechain bead dihedral) compared to
the atomistic model. Specifically, the potential controlling this rotation has a barrier of
around 1 kcal/mol, as opposed to over 15 kcal/mol in the MFTOID model.206 As a
result, the timescale associated with isomerization rate is short in simulations with the
CG model. We compute this timescale for each such dihedral in the alternating sequence
with N = 11 monomers by dividing the length of the simulation by the number of times
the dihedral changes from “cis” (−π/2 < ω < π/2) to “trans” (all other values of ω).
The average timescale is 0.05 ns, which is approximately two orders of magnitude faster
than the timescale associated with isomerization in the expanded ensemble atomistic
simulation of the same peptoid (Fig. C.7). Consequently, the end-to-end distances
rapidly decorrelate in the CG simulation (Fig. F.1).
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Figure F.1: The autocorrelation of the end-to-end distances, CRee , decays quickly in the
coarse-grained simulation, indicating rapid decorrelation of these distances.

F.2 Comparison to theoretical form of P (Ree)

Figure F.2: The blue lines give the P (Ree,NN ), the end-to-end distance distribution measured
from simulation (with the MFTOID forcefield) in between terminal nitrogens on the polypep-
toid backbone (Fig. 7.2 inset) with shaded regions showing a 68% confidence interval, computed
as described in section C.1.4. The orange, dashed lines show a theoretical P (Ree) given by:

P (Ree) = a1x
ϵ1 exp(−a2xϵ2)4πx2 where x = Ree/

〈
R2

ee

〉1/2
(distribution from Ref. [392]) and

ϵ1 = 0.269, ϵ2 = 2.427, a1 = 0.299, and a2 = 1.269. At longer lengths, the theoretical distri-
bution is consistent with the simulated distribution, suggesting that the polypeptoid backbone
follows excluded volume scaling.
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F.3 Surrogate model

The surrogate models are fit to the data from the first 20 generations (160 sequences).
Separate models are fit for predicting ⟨R2

ee⟩ and
〈
R2

g

〉
. Fig. F.3 shows the comparison

of the predicted and simulated metrics for the sequences used to fit the model. The
coefficients suggest that the first feature is generally less important than the second and
third features in predicting the conformational metrics. Both end-to-end distance and
the radius of gyration are negatively correlated with the degree of spreading of aromatic
groups about the center of the sequence as well as the clustering of the aromatic groups.
The spread about the center is slightly more important for the end-to-end distance (con-
sistent with Fig. 7.3 showing that hydrophobic groups at ends significantly shift the
end-to-end distance distribution), while the clustering is slightly more important for the
radius of gyration.

Figure F.3: Mean squared end-to-end distances and radii of gyration predicted from the
surrogate model and simulations for the genetic algorithm runs (a) maximizing and (b) mini-
mizing deviation from the Flory relationship. The markers indicate individual sequences and
the dashed line is y = x. The labels give the root mean squared error and coefficients of the
linear model.

281



References

[1] A. Ludwig. Discovery of new materials using combinatorial synthesis and
high-throughput characterization of thin-film materials libraries combined with
computational methods. npj Computational Materials, 5(1):70, July 2019.
doi:10.1038/s41524-019-0205-0.

[2] I. G. Clayson, D. Hewitt, M. Hutereau, T. Pope, and B. Slater. High Throughput
Methods in the Synthesis, Characterization, and Optimization of Porous Materials.
Advanced Materials, 32(44):2002780, Nov. 2020. doi:10.1002/adma.202002780.

[3] A. Zunger. Inverse design in search of materials with target functionalities. Nature
Reviews Chemistry, 2(4):0121, Mar. 2018. doi:10.1038/s41570-018-0121.

[4] J. G. Freeze, H. R. Kelly, and V. S. Batista. Search for Catalysts by Inverse De-
sign: Artificial Intelligence, Mountain Climbers, and Alchemists. Chemical Reviews,
119(11):6595–6612, June 2019. doi:10.1021/acs.chemrev.8b00759.

[5] S. Molesky, Z. Lin, A. Y. Piggott, W. Jin, J. Vucković, and A. W. Rodriguez.
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[100] M. H. Köhler and J. R. Bordin. Surface, Density, and Temperature Effects on the
Water Diffusion and Structure Inside Narrow Nanotubes. The Journal of Physical
Chemistry C, 122(12):6684–6690, Mar. 2018. doi:10.1021/acs.jpcc.8b00112.

[101] A. Striolo, A. A. Chialvo, P. T. Cummings, and K. E. Gubbins. Simulated water
adsorption in chemically heterogeneous carbon nanotubes. The Journal of Chemical
Physics, 124(7):074710, Feb. 2006. doi:10.1063/1.2171349.

[102] M. Majumder, N. Chopra, and B. J. Hinds. Mass Transport through Carbon
Nanotube Membranes in Three Different Regimes: Ionic Diffusion and Gas and
Liquid Flow. ACS Nano, 5(5):3867–3877, May 2011. doi:10.1021/nn200222g.

291

https://apps.who.int/iris/handle/10665/350981
http://dx.doi.org/10.1016/j.desal.2010.05.012
http://dx.doi.org/10.1007/978-3-319-96190-3
http://dx.doi.org/10.1002/anie.200460804
http://dx.doi.org/10.1007/BF01870671
http://dx.doi.org/10.1038/35102535
http://dx.doi.org/10.1073/pnas.1633354100
http://dx.doi.org/10.1201/b18073-15
http://dx.doi.org/10.1126/science.aan2438
http://dx.doi.org/10.1021/acs.jpcc.8b00112
http://dx.doi.org/10.1063/1.2171349
http://dx.doi.org/10.1021/nn200222g


[103] F. Fornasiero, J. B. In, S. Kim, H. G. Park, Y. Wang, C. P. Grigoropoulos, A. Noy,
and O. Bakajin. pH-Tunable Ion Selectivity in Carbon Nanotube Pores. Langmuir,
26(18):14848–14853, Sept. 2010. doi:10.1021/la101943h.

[104] B. Corry. Water and ion transport through functionalised carbon nanotubes: im-
plications for desalination technology. Energy & Environmental Science, 4(3):751,
2011. doi:10.1039/c0ee00481b.

[105] I. Sadeghi and A. Asatekin. Membranes with Functionalized Nanopores for
Aromaticity-Based Separation of Small Molecules. ACS Applied Materials & In-
terfaces, 11(13):12854–12862, Apr. 2019. doi:10.1021/acsami.9b00090.

[106] M. Thomas and B. Corry. Modifying Water Flow, Ion Selectivity, and Salt Re-
jection in Carbon Nanotubes via Surface Adsorption. The Journal of Physical
Chemistry C, 124(6):3820–3826, Feb. 2020. doi:10.1021/acs.jpcc.9b08485.

[107] Q. Lyu, D.-Y. Kang, S. Hu, and L.-C. Lin. Exploiting interior surface functionaliza-
tion in reverse osmosis desalination membranes to mitigate permeability–selectivity
trade-off: Molecular simulations of nanotube-based membranes. Desalination,
491:114537, Oct. 2020. doi:10.1016/j.desal.2020.114537.

[108] X. Gong, J. Li, K. Xu, J. Wang, and H. Yang. A Controllable Molecular Sieve for
Na + and K + Ions. Journal of the American Chemical Society, 132(6):1873–1877,
Feb. 2010. doi:10.1021/ja905753p.

[109] X. Zhao, R. Zhang, Y. Liu, M. He, Y. Su, C. Gao, and Z. Jiang. Antifouling mem-
brane surface construction: Chemistry plays a critical role. Journal of Membrane
Science, 551:145–171, Apr. 2018. doi:10.1016/j.memsci.2018.01.039.

[110] H. B. Park, J. Kamcev, L. M. Robeson, M. Elimelech, and B. D. Freeman. Maximiz-
ing the right stuff: The trade-off between membrane permeability and selectivity.
Science, 356(6343):eaab0530, June 2017. doi:10.1126/science.aab0530.

[111] I. K. Meier, M. Langsam, and H. C. Klotz. Selectivity enhancement via photoox-
idative surface modification of polyimide air separation membranes. Journal of
Membrane Science, 94(1):195–212, Sept. 1994. doi:10.1016/0376-7388(93)E0174-I.

[112] L. E. Peng, Z. Yao, X. Liu, B. Deng, H. Guo, and C. Y. Tang. Tailoring Polyamide
Rejection Layer with Aqueous Carbonate Chemistry for Enhanced Membrane Sepa-
ration: Mechanistic Insights, Chemistry-Structure-Property Relationship, and En-
vironmental Implications. Environmental Science & Technology, 53(16):9764–9770,
Aug. 2019. doi:10.1021/acs.est.9b03210.

[113] H. Guo, Y. Deng, Z. Tao, Z. Yao, J. Wang, C. Lin, T. Zhang, B. Zhu, and C. Y.
Tang. Does Hydrophilic Polydopamine Coating Enhance Membrane Rejection of
Hydrophobic Endocrine-Disrupting Compounds? Environmental Science & Tech-
nology Letters, 3(9):332–338, Sept. 2016. doi:10.1021/acs.estlett.6b00263.

292

http://dx.doi.org/10.1021/la101943h
http://dx.doi.org/10.1039/c0ee00481b
http://dx.doi.org/10.1021/acsami.9b00090
http://dx.doi.org/10.1021/acs.jpcc.9b08485
http://dx.doi.org/10.1016/j.desal.2020.114537
http://dx.doi.org/10.1021/ja905753p
http://dx.doi.org/10.1016/j.memsci.2018.01.039
http://dx.doi.org/10.1126/science.aab0530
http://dx.doi.org/10.1016/0376-7388(93)E0174-I
http://dx.doi.org/10.1021/acs.est.9b03210
http://dx.doi.org/10.1021/acs.estlett.6b00263
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