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Abstract 

 

Biodegradable, Biohybrid, and Biocheminformatically Designed Plastics 

By 

Ivan Ferdo Jayapurna 

Doctor of Philosophy in Applied Science & Technology 

University of California, Berkeley 

Professor Ting Xu, Chair 

 

 Water pollution, climate change, and human health are among many critical 
challenges that biodegradable plastics can help solve. The ideal plastic can be rapidly 
produced in large volumes with flexible dimensionality, as well as rapidly degraded to 
molecular products to avoid micro- and nano-plastic generation. Synthetic polymers oLer 
desirable production time- and length-scales while biological polymers have desirable 
degradation time- and length-scales. By blending biotic and abiotic components a single 
biohybrid material with both synthetic scalability and biological sophistication can be 
realized. Pre-programming over which function will be dominant at each timescale can be 
achieved by designing across molecular-to-macroscopic length scales. By nanoscopically 
dispersing enzymes in a hydrophobic polymer matrix that is also the substrate for 
biocatalysis, we achieve control over the resulting hybrid plastic’s degradation timescale. 
During production and use, the abiotic properties are dominant, until biotic functionality is 
controllably activated upon end-of-life by basic environmental triggers e.g., water. To fully 
unlock the economic and bioremediative potential of biohybrid, biodegradable plastics a 
fundamental scientific understanding of molecular mechanisms and biotic-abiotic 
interactions is required. Synthetic random heteropolymers (RHPs) are rationally designable 
chaperones that can modulate biotic-abiotic interfaces during both the production and 
degradation of plastics. RHPs are also a platform technology that, beyond biohybrid 
materials, can also independently recapitulate protein-like functions.  

Here, we elucidated the molecular-scale feedback loop between enzyme-catalyzed 
plastic degradation and molecular transport through an evolving, hierarchical, semi-
crystalline plastic matrix. Modulating the enzyme-polymer interface resulted in polyester 
degrading enzymes that were thermostable in over 200 °C polymer melts, enabling 
industrially scalable biohybrid plastic production. To accelerate the design and optimization 
of RHPs as either protein chaperones or mimics, we built the RHPapp: a RAFT kinetic 
heteropolymerization simulator that feeds into a biocheminformatic sequence analysis 
framework. In silico generation of accurate heteropolymer sequences in lieu of sequencing 
technologies allows us to leverage the advances made in bioinformatics and artificial 
intelligence to lay a foundation for the burgeoning field of macromolecular cheminformatics. 
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Introduction 

Plastic pollution is one of many sustainability problems that can be solved by 
polymers with advanced functionalities, with solutions including compostable, chemically 
recyclable, edible, and nanocomposite materials.1–5 Driven by the advent of artificial 
intelligence, in silico modeling, and high throughput robotics, the long-term future of 
functional polymer development may be de novo design and machine-automated 
evolution.6,7 However, at present, there is still a gap in e?icacy between the spanning set of 
human-machine-designed solutions and those found in nature, which have evolved over 
eons. Natural polymer composite materials such as the lotus leaf, can be both 
biodegradable and superhydrophobic, seemingly antithetical functionalities. Water barrier 
properties exist for the exact timescale required before breaking down completely and 
enriching its surrounding environment, achieving full circularity.4,8 This is the target level of 
design sophistication we should aspire towards - a single hybrid material system with pre-
programmed timescale control that is achieved by designing across molecular to 
macroscopic length scales. The conventional material design paradigms of today often work 
to destroy nature. Instead, future materials should be co-designed with nature, leveraging 
ancient biological wisdom to improve functionality without compromising on sustainability 
or scalability. 

The incompatibility between nature-designed biopolymers and human demand is a 
mismatch of length scales and timescales. For example, polyethylene (PE) is a versatile, 
synthetic material that can be manipulated into any desired dimensionality, and can be 
produced at a rate of ~3.5 metric tons per second.9 In comparison, bamboo, one of the 
fastest growing biological materials, has an upper bound growth of 0.001 cm per second.10 
Human-engineered biodegradable plastics are a multibillion-dollar industry with 20-30% 
projected annual growth that have the potential to mitigate single-use plastic waste.11 
However, most of these plastics have degradation timescales that are incompatible with 
both end-of-life environments that are natural (e.g., oceans and rivers) and specifically 
designed (e.g., compost and landfill). This results in material waste with length scales that 
are non-circular and even harmful (e.g., micro- and nano-plastics) whose dangers we are 
still in the infancy of understanding.12–14 Generally, synthetic materials have desirable 
production time- and length-scales, while biological materials have desirable degradation 
time- and length-scales. 

Materials with both synthetic scalability and biological sophistication can be 
achieved by blending biotic and abiotic components with desired properties into a single 
biohybrid material. However, modulation of which function amongst multiple would be 
dominant at the desired timescales is required. Achieving this requires a deep 
understanding to control design of all relevant length scales. In the example of bioactive 
plastics, a duet of synergistic functionalities is imparted by biotic and abiotic components. 
Often a polymer matrix provides mechanical strength, flexibility, and barrier properties, 
while embedded biological additives impart advanced functionality e.g., catalysis, sensing 
and/or therapeutics.15–17 Enzymes are naturally occurring, best-in-class catalysts. Many 
examples have shown enzymes (hydrolases and oxidases) from bacteria, fungi, and animals 
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to have su?icient promiscuity to degrade synthetic polymer chains.18,19 When the host matrix 
of a biohybrid material is the substrate for enzymatic catalysis, the resulting material is a 
biodegradable plastic.20–22 During the timescale of use, the abiotic material properties 
should be dominant until biotic material function is activated upon end-of-life. Embedding 
biocatalysts within plastics provides this portable, on-demand triggerable degradation (i.e., 
time-scale control), as the enzymes in these bioactive plastics only require water and warm 
temperatures to activate biotic material function. This perfectly matches industrial compost 
conditions, thus unlocking accelerated, circular, polymer-to-monomer degradation.23 
Bioactive plastics are a particularly exciting solution as they are theoretically compatible 
with existing traditional plastics manufacturing infrastructure, in which biological 
components can be incorporated as simple additives.15,24 Furthermore, for decades we have 
produced enzymes at scale for use in a plethora of commercial products.25,26 

The key knowledge gap remaining is the lack of control of the interface between the 
biotic and abiotic phases. To design as nature does, we need an understanding of interfacial 
interactions, mechanisms and kinetics of catalysis and di?usion, and morphological 
evolution across the entire molecular-nano-micro-macro-scale hierarchy and the entire 
biohybrid material life cycle: from processing to use to end-of-life. In practice, there are two 
outstanding issues in incorporating proteins and other biotics into biohybrid materials. First, 
as discussed, time- and length- scales must be guided to avoid partially degraded macro-, 
micro-, and nano- plastics contaminating composts and natural degradation environments. 
Secondly, enzymes are fragile outside of their native environments and in general, not 
innately amenable to organic solvents nor high temperature, viscous polymer melts required 
for plastic processing.27 Both issues can be addressed by a rationally designable interfacing 
agent that is able to chaperone biotic-abiotic interactions. 

Random heteropolymers (RHPs) are composed of three or more monomers, with 
sequences that are statistically defined. RHPs have been shown to successfully increase 
protein thermostability and solvent stability in non-native environments.27,28 RHPs were 
designed to chaperone biotic-abiotic interactions by mimicking intrinsically disordered and 
small heat shock proteins, with dynamic interactions of moderate strength.29–32 In 
comparison to proteins, RHPs are synthetic, and polydisperse in molecular weight and 
composition. However, recent work has shown that RHPs alone can independently 
recapitulate protein-like function.33–35 Heteropolymer design not only o?ers a rationally 
designable interfacing agent, but it also unlocks a whole suite of advanced functional 
materials, of which biohybrid materials are just a small subset, and biodegrade plastics an 
even smaller sub-subset. 

To navigate through the combinatorially complex heteropolymer design space of 
tunable parameters, computation and automation must come into play. Historically, in 
biological polymers, DNA sequencing, bioinformatics and publicly collaborative databases 
of millions of sequences unlocked the explosion of rational design in genetics and protein 
engineering.36 Transferring learnings, methods, and tools from bioinformatics can accelerate 
the development of RHPs as chaperone agents and synthetic protein mimics. However, to 
e?ectively communicate between the threeway nature-human-machine design team, a 
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shared language is required. Recent breakthroughs in artificial intelligence, namely large 
language models, can guide us towards learning the “language of life” (i.e., the “grammar 
rules” of biology), that should hopefully provide wisdom in designing biocheminformatically 
inspired synthetic and hybrid systems. 

In this work, I addressed the challenges and opportunities presented above by 
exploring the making and breaking of bioinspired, biodegradable, and biohybrid functional 
plastics. We designed functional biohybrid macromolecules that can be manufactured and 
degraded in time-scales compatible with societal demands. Specifically, we developed truly 
compostable plastics via catalysis under nanoconfinement in the solid-state and elucidated 
its degradation pathway from the molecular through to macroscopic length-scale. In the 
process we share practical takeaways for the general development and engineering of 
sustainable plastics and plastic degrading enzymes. Our analysis considered the often-
neglected influences of real-world environments and semi-crystalline substrates. 
Fundamentals of enzyme stability in extreme conditions were investigated, unlocking 
thermostable proteins in >200oC plastic melts, revealing new learnings in solid-state 
enzymology, and o?ering practical engineering applications for industrial bioactive plastic 
manufacturing. Finally, a first-of-its-kind heteropolymer biocheminformatics simulation, 
design and analysis framework and software (RHPapp) has been developed with 
demonstrated applications. The RHPapp includes a kinetic Monte Carlo RAFT 
polymerization simulator for heteropolymers to generate sequence information in lieu of 
sequencing technologies, bioinformatics inspired sequence analysis modules, and 
leverages large protein language models to generate biologically labeled and biologically 
rich latent spaces to guide advanced functional material analysis and design. 
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Chapter 1 

Biocatalysis Under Nanoconfinement: A Molecular Scale Feedback Loop 

 

1.1 Plastic chemical transformation by nanoscopically embedded catalysts 

Nanoscopically embedded catalysts inside of polymeric matrices can maximize 
catalyst-substrate interfaces, modulate reaction pathways, program reaction latency, and 
ensure continued chemical modification upon plastic disintegration to microplastics. 
Nanoscopic reactions on the surrounding polymeric substrates can a?ect catalytic activity, 
alter reaction pathways, and create a molecular feedback loop. The resultant reaction rate, 
pathways and extent of reaction reflect the interplay among competing processes. Despite 
the system complexity associated with this interdependent relationship where host 
polymers serve as both the host and substrate, understanding catalyzed reactions under 
nanoconfinement will determine our ability to chemically transform plastics, should it be 
upcycling, recycling, circular usage, or degradation under real-world environments. 

The rate and extent of catalyzed plastic chemical transformations depends on 
molecular-scale reactions, transport through the molecular to nano-micro-macroscopic 
structural hierarchy, and interplay among competing processes (Fig 1.1). Nanoscopically 
embedded catalysts can program polymer degradation to meet demands for compostable 
single-use plastics.1–8 Degradation leads to nanoscale voids and their subsequent growth 
constantly changes the local microenvironment, molecular transport, and thus substrate 
and product concentrations.9,10 These factors shift kinetic and thermodynamic equilibria 
and compromise our ability to modulate competition between di?erent pathways. Once the 
void growth exceeds a percolation threshold, cohabitants in the external environment can 
catalyze, poison catalysts or act as competing substrates. The evolution of kinetics (time) 
and morphology (space) are thus intertwined. 

Here, we investigated enzyme-catalyzed polyester hydrolysis under 
nanoconfinement and focused on interplay among reactant di?usion, byproduct removal, 
hierarchical structure evolution of the host matrix, and competing reactions from 
cohabitants. The system of choice is a 3-component model system (ePCL) consisting of: 
99.16 wt% polyester host matrix (80 kDa polycaprolactone, PCL), 0.04 wt% hydrolase (lipase 
from Burkholderia cepacia, LIP), and 0.8 wt% random heteropolymer (RHP) as an enzyme 
protectant and dispersing agent.11 ePCL films, 20-100 μm in thickness, were solution cast 
and thermally treated to control morphology and thermal history. Three degradation 
environments were tested: 40-60% wet basis compost soil, ≥99% relative humidity (99% RH) 
air to mimic hot, humid climates such as Southeast Asia (a hotspot for single-use plastics 
consumption and subsequent ocean pollution),12 and pH 7.4 phosphate bu?er solution 
(PBS). Unless otherwise stated, all ePCL films were incubated for degradation at 40°C, within 
range of compost operating temperatures. We showed that understanding the transport of 
substrates e.g., water, acidic small molecules, heavy elements, and nanoparticles is critical 
for modulating nanoconfined catalysis. We presented two methods to deactivate 
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nanoconfined biocatalysis: trapped product accumulation and heavy element cohabitant 
adsorption. Water availability e.g. storage humidity and compost moisture, can modulate 
the extent of degradation. Partially degraded plastics naturally transformed into sponge-like, 
hierarchically porous structures with high surface area containing reactive end-groups. This 
morphology leads to a kinetic competition between chain-end interactions with catalysts for 
polymer chain scission and side-reactions with cohabitants. Thus, unlocking opportunities 
for plastic waste upcycling to porous sca?olds for heterogeneous catalysis and 
environmental remediation of cohabiting pollutants. 

 

 
Figure 1.1 | Macro through molecular structure hierarchy of ePCL degradation. Macro: 

image of an enzyme-embedded polycaprolactone (ePCL) plastic bag. Micro: polarized 
optical microscopy image of ePCL surface and a scanning electron-microscopy derived 

schematic that illustrates a partially degraded plastic in real world conditions with 
cohabitants e.g., water, heavy metals, organic compounds, microbes. Nano: Enzymes in 
the amorphous regions of ePCL lamellae structure, a single polymer chain is depicted on 

the monomer scale, and its processive depolymerization creating an angstrom-scale 
tunnel for small molecule transport is shown. Molecular: species at local reaction sites 

compete for interactions that result in the end fate of plastics. 
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1.2 Limited diGusion shuts down catalysis 

For catalyzed hydrolysis under confinement to occur, water and polymer chain 
substrates must be molecularly local to catalyst active sites and properly oriented for 
substrate docking. To assess enzyme activity and enzyme and/or PCL chain mobility post-
processing, ePCL films were characterized before and after 24-hour incubation in 40°C 99% 
RH air. Macroscopically, no detectable mass loss was observed within the analytical 
balance sensitivity (±0.1 mg). Yet, quasi-static tensile tests revealed the Young’s modulus of 
ePCL decreased by 26% from 463±73 (n=3) to 342±55 (n=3) MPa, suggesting polymer 
degradation. The Young’s modulus of control PCL films (no enzyme) did not decrease (Fig. 
S1.1). ePCL was subsequently dissolved for gel permeation chromatography (GPC) analysis. 
There was a decrease in average PCL molecular weight by 1.5 kDa, corresponding to a chain-
scission of ~12 repeat units (Fig. 1.2a). We hypothesized that accumulation of acidic 
hydrolysis products may change enzyme local microenvironment and inhibit further 
biocatalysis. To visually confirm enzymatic activity and thus the generation and local 
accumulation of acidic products, we co-embedded a pH-sensitive dye, bromocresol green 
(BG), into ePCL (ePCL-BG) and control (Control-BG) films. In ePCL-BG films, the BG co-
localized with the enzyme. Water transported rapidly across the film surface and underwent 
observable micro-scale colour change at pH 4 within seconds (Fig. S1.2). After 40°C 99% 
RH air incubation, ePCL-BG changed colour from blue to green, signaling a decrease in pH 
to ≤4 (Fig. 1.2b). Small angle x-ray scattering (SAXS) done on an ePCL film before and after 
99% RH air incubation resulted in an increase in slope at low scattering vector (q), with power 
law factor (P) increasing from ~3.2 to ~3.3 (Fig. 1.2c). The increasing low q slope suggests 
the formation of surface fractal-like features sized < 60 nm, further indicative of enzymatic 
activity. A control film under the same conditions reduced from P ~3.2 to ~3.1. Thus, in warm, 
humid air, enzymes are active and enzyme/PCL mobility is not the rate limiting factor for 
catalyzed hydrolysis. Further evidence of chain mobility is provided by the slight left-shift in 
both ePCL and control film SAXS lamellae structure factor peaks, indicating slight lamellae 
thickening and lamellae spacing increase, as well as Figure S1.1. Thus, insu?icient reactive 
water and/or limited product di?usion caused the nanoconfined catalysis to shut down. 

Water is more than a hydrolysis substrate. It is also an important environmental 
variable and plays additional roles in influencing the kinetics of polyester degradation. We 
proposed a 3-step kinetic cycle to decipher the roles of water in ePCL degradation (Fig. 1.2d). 
At the molecular level, water must be present near the catalytic site to facilitate a 
nucleophilic attack of the acyl-enzyme intermediate (E*) and release the PCL chain-end (P). 
Locally, water modulates the microenvironment for embedded enzymes (E), a?ecting active 
site accessibility.9,13–15 Water may also assist the removal of acidic small molecule hydrolysis 
products (M).16 A buildup of M could acidify the enzyme’s surroundings, triggering enzyme 
conformational shift and catalyst deactivation (Rin à 0). The increased concentration of M 
could also create a depolymerization-polymerization equilibrium (Rp = Rdp). 

There are 3 water sources: external water from the environment, hydration water 
molecules in RHP and enzyme, and those within the host polymer matrix. Siparsky et al. 
showed that at 40°C 90% RH, water can di?use through a ~52% crystalline PCL film with a 
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permeability coe?icient (PPCL) of ~4800 barrer, and that rate of di?usion was not rate limiting 
for hydrolysis until films reached cm-scale thickness.17 Similarly, Ghanem et al. reported PPCL 
~3430 barrer for a ~72% crystalline film.18 Schmitt et al. showed that similar polyesters e.g., 
poly(DL-lactide-co-glycolide) had hydrolysis rates independent of total water content.19 
Water in the matrix was found to be split into 2 populations: non-reactive, bulk water with 
free rotation that occupies space between chains, and reactive water with hindered rotation 
that are bound to oxygen of ester carbonyl groups. Our system di?ers by the inclusion of 
nanoconfined enzymes, shifting the role of water from attacking P to attacking E*. This 
di?erence may allow for free rotation water or waters bound to the RHP and enzyme to be 
reactive. We estimated that there are more internal water molecules in ePCL than 
hydrolysable ester bonds (Methods). Even if only PCL bound waters are reactive, internal 
water alone should be su?icient to degrade the polyester matrix if the enzymes are active, 
thus leaving limited product di?usion as the trigger for nanoconfined catalyst deactivation. 

 

 
Figure 1.2 | Limited diGusion catalysis shutdown. ePCL and Control (PCL) films pre (0 

hour, pristine) and post-24h incubation in 99% RH air. a, Mass normalized gel permeation 
chromatography (GPC) triplicates. The pristine and control curves almost entirely overlap. 
The calibration curve (green) was used to determine Mw and to calculate chain shortening. 
b, Optical microscopy images of films containing bromocresol green (BG) pH indicator. c, 

SAXS profile (solid lines) with power law fit to low q and extrapolated to high q (dashed 
lines). d, Proposed kinetic cycle for ePCL degradation. Under abundant water conditions, 

the rate equation simplifies from the “real” rate law (ii) to the ideal rate (i). Schematics 
show factors contributing to degradation halt in each step of the mechanism under low 

water conditions, including lack of product release (blue), pH-induced trapping of 
deactivated conformation (purple), and repolymerization of monomers accumulating in the 

local enzyme environment (black).  
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1.3 Water transport modulates catalysis 

Kinetics depend on local concentrations of substrates, products, and catalysts. 
These are influenced by transport, which is dictated by the interior surface chemistry and 
morphology of the surrounding environment. Unlike solution-based chemistry, solid-state 
chemical transformations strongly depend on local structure. For catalyst-embedded semi-
crystalline polymers, the degradation fronts are buried internally. Water and degradation 
products must traverse a tortuous path through the amorphous regions to get to and from 
catalytic sites.17,20 In ePCL films “acidified” by incubation in warm, humid air or pH 4.0 
phosphate bu?er solution, a concentration gradient driven di?usion of acidic small 
molecules out of the PCL matrix was expected but not observed. This di?usion limitation is 
likely caused by specific interactions between acidic products and local catalytic 
environment that cannot be overcome in even 99% RH (saturated water vapor). However, 
acidified films could be “reactivated” by liquid water soaking, in which films completely 
degraded within 24 hours. 

To investigate external liquid water, we used compost soil to modulate surrounding 
environment water availability. ePCL films were incubated in pH 7.4 phosphate bu?er 
solution (PBS), composts with varied water content and 99% RH air for 72 hours (Fig. 1.3a). 
In the water-rich extreme, PBS, ePCL completely degraded within 6 hours. In 60% wet basis 
soil, complete degradation was observed within 72 hours. Films in 50% wet basis soil had 
44±17% mass remaining after 24 hours and 40±6% mass remaining after 72 hours. Despite 
significant mass loss, the films maintained structural integrity without forming visible 
microplastics. For films in 40% wet basis soil, 91±5% remained after 24 hours and no further 
change was observed at 72 hours. After one week, no further mass loss was observed for 
samples in 40 and 50% wet basis soils. A rate law for degradation was derived for both liquid 
water-rich (Rideal) and liquid water-poor (Rreal) environments (Fig. 1.2c). With reduced [H2O], 
reduced [E], and increased [M], the degradation shuts down (Rreal à 0). Under water-rich 
conditions ([H2O] à ∞, [M] = 0) the rate simplifies to a substrate-di?usion limited reaction 
that has been previously discussed.1 To determine if the mechanism causing Rreal à 0 is the 
same for 99% RH and in ≤50% wet soil, GPC analysis was done on ePCL films incubated in 
40% and 50% wet soil, as well as in PBS as a water-rich control (Fig. 1.3b). The average 
molecular weight films incubated in ≤50% wet soil decreased by 1-2 kDa, while films 
incubated in PBS increased by 1-2 kDa. The 2-4 kDa PCL molecular weight di?erence post-
degradation in liquid water-poor compared to liquid water-rich conditions could thus be 
attributed to the premature halt of depolymerization caused by a local accumulation of 
trapped acidic small molecules. Liquid water modulates the local environment to overcome 
the entrapping interactions, facilitate product departure and prevent or reverse catalyst 
poisoning i.e., lid closing. Thus, although surrounding internal water is su?icient for 
embedded enzymes to “activate” and degrade local polymer chains, external liquid water is 
needed to remove degradation products through the plastic matrix and provide a “clean” 
microenvironment for enzymes. 
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Figure 1.3 | Water transport modulates catalysis. a, Degradation profiles of ePCL films 
under di?erent environmental water availabilities (n=3). Image shows experimental setup 

for di?erent levels of external water, prior to soil mixing. b, Gel permeation chromatography 
(GPC) spectra of films pre and post-degradation normalized by initial film mass. Soil and air 

degradation samples reached degradation plateau and films degraded in PBS are of 
specified mass loss. c, Images showing the progression from a solid film to a sponge-like 

matrix at varying extents of degradation. The middle row is cross-sectional scanning 
electron microscopy (SEM) images. Exterior film surfaces are shaded blue. The bottom row 
SEM images are zoom-ins of features. Exterior surface SEM images of 10% and 20% mass 

loss films are shown in the blue box inset. 

 

Because ePCL nanoconfined catalysis is water and acidic product di?usion 
controlled, the derived kinetic rate laws cannot be isolated from matrix morphology. To 
investigate the structural evolution during enzyme-mediated degradation of PCL, we 
characterized morphological changes as a function of degradation. ePCL films were 
incubated in PBS for varied durations to generate films of 0-80% mass loss (Fig. S1.3). PCL 
films were also exposed to enzymes (LIP) in solution (Control) to compare surface versus 
embedded enzyme-catalyzed degradation. Scanning electron microscopy (SEM) images 
were taken for the surfaces and cryofractured interior cross-sections of ePCL (Fig. 1.3c) and 
Control (Fig. S1.4a) films from 0-50% mass loss. Prior to degradation, ePCL and Control 
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films had smooth exposed and interior surfaces. As degradation proceeded, the exposed 
surfaces of both films developed rougher surfaces with dendrite-etched outlines in 
impinged spherulites of 50-100 μm, indicating amorphous domain preferential surface 
erosion. This suggests that enzymes at the surface of ePCL degrade by a similar mechanism 
to enzymes in solution. 

ePCL film interior surfaces at 10% degradation exhibited sparse microscopic, 
spherical pores. No observable dendrite-etching suggested that embedded degradation is 
agnostic to domain crystallinity. These pores have no visible connection to the film surface. 
Thus, embedded catalysts indeed degrade PCL from within, and in water-rich environments, 
water and hydrolysis products can di?use through the semi-crystalline matrix to and from 
embedded catalytic sites respectively, through nanoscopic channels with length scales 
below the resolution of SEM. As degradation continues, 20% mass loss ePCL forms sponge-
like networks of impinging microscopic pores with direct-to-surface tunnels in some regions 
of the film. Microscopic voids imaged in 10% and 20% degraded ePCL consist of coalesced 
nanoscopic pores and features indicative of nanoscale roughness. By 50% degradation, 
ePCL films are up to 50% (50 μm) thinner and the delineation between features observed in 
the cross-section and surface becomes increasingly blurred. Spherulite-sized (50 μm 
diameter) holes are visible, their surfaces consist of impinging smaller porous spheres. In 
contrast, Control film interiors remained smooth up to 50% mass loss, revealing that in 
surface degradation LIP does not di?use into the semi-crystalline matrix – the reaction fronts 
exclusively remain on exposed surfaces. Beyond 50% mass loss the mechanical strength of 
films sharply declined and were too fragile for SEM (Fig. S1.3). With 80% mass loss, films 
lost structural integrity, shriveling up when removed from solution. 

Surface and interior SEM images were also taken for ePCL films incubated for 24 
hours in 99% RH (Fig. S1.4b). These looked identical to images of non-degraded ePCL, 
suggesting that vacancies left by the removal of ~12 monomeric units do not form voids 
visible by SEM resolution. This result highlights the gap in what SEM can show us. As 
polymer-to-monomer degradation proceeds, small molecule removal leads to molecular 
voids that subsequently grow through the molecular-nanoscopic-microscopic-
macroscopic structure hierarchy. Here we showed the growing pores eventually coalesce 
into percolation networks that facilitate internal transport, shaped by catalyst distribution 
and the original semi-crystalline matrix morphology. However, the molecular and nanoscale 
have not been definitively observed. Elucidating the molecular-scale degradation 
mechanism could provide an answer to the still open question of how liquid water assists in 
trapped catalysis product removal through the tortuous, hydrophobic semi-crystalline 
matrix in the initial stages of nanoconfined degradation. 
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1.4 Molecular mechanism: degradation drives diGusion and vice-versa 

Nanoscopic reactions on polymer substrates result in matrix modification – 
molecular scale rearrangements that lead to reaction modification and create a molecular 
scale feedback loop. This feedback loop has trickle-up implications through the structural 
hierarchy and ultimately drives macroscopically observable behaviors, such as the end-fate 
of nanoscopically embedded enzyme plastic waste in real-world environments. To study 
mechanisms on the molecular-nanoscopic length scale, small angle x-ray scattering (SAXS) 
was done on ePCL films from 0 to 50% mass loss (Fig 1.4a). The low q regime increased in 
contrast with increasing extent of degradation. The increasing slope suggest the formation 
of features sized < 60 nm, thus providing evidence for a nano-scale reaction, as was seen in 
Figure 1.2c. Fitting a power law to the low q regime gives power law factors (P) increasing 
from 3.2 in non-degraded ePCL to 3.8 in the 50% degraded film. This range corresponds to 
surface fractal like behavior, suggesting the formation of nanoscopically rough surfaces 
within the films (nanoporosity) resulting from degradation. The semi-crystalline nature of 
PCL can be seen from the two structure factor peaks. The smaller, higher q shows the 
lamellae thickness of ~6 nm and the larger, lower q peak shows the lamellae spacing of ~10 
nm. Analyzing the changes or lack thereof in these peaks can shed insight into the precise 
mechanism of semi-crystalline plastic degradation. To deconvolute the evolution of the 
lamellae structures from the e?ects from nanoscopic surface roughness and porosity, the 
low q power law (Porod) fit was extrapolated to the high q of each SAXS profile. Subtracting 
this fit model from the original data revealed that there was negligible change in peak shape 
and position up to 35% mass loss, as well as only minor change in peak magnitudes (Fig. 
1.4b). This is a clear indicator that when up to 35% plastic mass has been removed the 
lamellae geometry does not change at all. Increasing from 35 to 50% mass loss results in 
broadening between the two structure factor peaks, indicating the beginning of loss of well-
defined crystal structure. SAXS results support tensile test and SEM characterizations that 
showed 50% mass loss is near the inflection point of structural collapse (Figs. 1.3c and S1.3). 

The first implication of structure factor peak stability over at least the initial 35% of 
degradation is that both amorphous and crystalline regions must be degrading in relatively 
balanced proportion. If only the crystalline region was removed the structure factors would 
disappear or significantly reduce. Conversely, if only the amorphous region was removed, 
the structure would certainly collapse and the lamellae spacing would reduce. Figure 1.4c 
shows the scattering intensity normalized (linearly scaled) by mass loss. As films lose mass 
the number of scatterers that can produce the lamellae structure factors equally reduces. 
Normalized peak magnitudes slightly increased with mass loss, suggesting slightly 
preferential amorphous region chain-scission. However, SAXS peak intensity increases was 
shown to be negligible by di?erential scanning calorimetry (DSC), that showed the bulk 
crystallinity of ePCL did not increase from 0 to 60% mass loss, remaining at 48±2% (Fig. 
S1.5). The SAXS and DSC profiles further provide nano-scale proof, as was hypothesized in 
prior works, that processive chain-scission is the dominant mechanism for ePCL plastic 
degradation.1 If random chain-scission was the primary mechanism, we would expect to 
observe majority amorphous region mass loss, as well as reduction in lamellae thickness by 
local destruction of crystalline regions that would result in a broadening of the lamellae 
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spacing peak to lower q and the lamellae thickness peak to higher q. Neither of these are 
observed. Assuming the Flory switchboard model for polymer crystallization with 
intramolecular nucleation, an enzyme that processively cleaves PCL unit-by-unit without 
“releasing” the chain explains the lamellae structure preservation. DSC further showed 
negligible changes in the percent crystallinity 48±2% of partially degraded ePCL films across 
incubation environments (Fig. S1.5), suggesting that the dominant processive, chain-end 
scission degradation mechanism is environment-independent. 

Single chain removal from lamellae crystals one-by-one while not destroying the 
structure, could lead to a “loosening” of the lamellae, leading to the formation of molecular-
scale channels that serve as shortcuts to transport water and small molecules through, 
directly leading to and from the enzyme active site that created the tunnel in the first place. 
Catalytic sites are e?ectively creating their own transport channels to alleviate the di?usion 
limitations brought about by the semi-crystalline, hydrophobic matrix. These transport 
channels will naturally be transient as PCL is well above Tg, the chains will over time reorient 
and close the gaps. However, the rapid degradation and DSC curves show that in liquid 
water-rich environments, the rate of catalyzed degradation is much faster than the rate of 
lamellae thickening and chain-reorganization. Cheng et al. showed water vapor transports 
faster through molecular-scale hydrophobic pores than liquid water.21 They attributed it to a 
lack of intermolecular interactions between water molecules in continuum flow that make 
them e?ectively larger than water vapor molecules following a free molecular flow regime. 
The transient, self-created transport channels may allow for liquid water flow through the 
hydrophobic matrix with a high enough flux to overpower entrapping specific interactions 
and carry the acidic degradation products out the same way the water came in. 

ePCL degrades over time with a characteristic near-exponential decay (Figs. 1.3a and 
S1.3). This could be caused by any combination of active embedded-enzyme concentration 
reduction (e.g., leaching, deactivation), acidic product accumulation, and decrease in 
concentration of substrates (water, PCL chain-ends) local to enzymes. Hierarchical porosity 
can either increase or decrease the rate of substrate and product transport through a 
sca?old.22–25 The hydrolysis of polyesters results in a large surface area functionalized with 
polar carboxylate and alcohol chain ends. Image analysis was done on SEM images of 3 
regions of a 20% degraded film interior: a porous region, a non-porous region, and a 
magnified pore (Fig. S1.6). Regions of both high and low porosity likely exist due to uneven 
enzyme dispersion and impurity-driven inhomogeneous crystallization, leading to 
inconsistent local enzyme concentrations and matrix crystallinity. The resulting porosity 
distribution is hierarchical and trimodal, with the main peak at <1 μm, and peaks at 8 and 17 
μm with lower magnitudes (Fig. 1.4d). Water static contact angles on ePCL films increased 
from 81.8±4.4 (n=3) when non-degraded to 89.3±5.4 (n=5) when 20% degraded, showing that 
increased hydrophobicity imparted by structural roughness outweighs the e?ects of 
increased surface polar groups (Fig. 1.4e). This suggests that internal water transport may 
be inhibited by increased porosity, coupling slowed degradation kinetics to morphological 
evolution. However, incubating 0-80% degraded ePCL in 4-nitrophenyl butyrate (4NPB) 
substrate solution showed that the rate of 4NPB hydrolysis by LIP was higher for porous 
structured films (15-50%) than non-porous (0%) and structurally collapsed (80%) films (Fig. 
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1.4f). The structural porosity enhanced small molecule transport through ePCL, despite 
increased surface hydrophobicity and confirmed that active embedded-enzyme 
concentration reduction is negligible. Thus, in bu?ered, aqueous environments where acidic 
products do not accumulate, PCL degradation slowdown must be due to a decrease in local 
substrate concentration, specifically the number of buried PCL chain-ends proximal to 
catalytic active sites. 

Here we presented a more complete understanding of the entire polymer-to-
monomer degradation process across the relevant length scales and time scales (Fig. 1.1). 
For nanoscopically embedded catalysis with the matrix as the substrate, local morphology 
dictates the immediate surrounding environment. SAXS elucidated the mechanism of 
processive chain-scission leading to the formation of molecular transport tunnels that 
subsequently grow through the molecular-nanoscopic-microscopic-macroscopic structure 
hierarchy. Hierarchical porosity changes the local concentrations of substrates and product 
surrounding the reaction fronts. The evolution of nanoscale reaction kinetics and 
morphology are thus intertwined in a molecular-scale feedback loop that cannot be 
considered in isolation of one another. 

 

 
Figure 1.4 | Molecular mechanism. a, SAXS profile (solid lines) with power law fit to low q 

and extrapolated to high q (dashed lines). b, fit subtracted SAXS zoomed in on lamellae 
structure factor peaks. c, (b) mass normalized (Inorm = I/fmass loss ). d, Image analysis of pore 

sizes for SEM images of porous and non-porous regions at various magnifications of a 20% 
mass loss film. e, Static contact angle water drop images on 0% and 20% mass loss films. 

f, Initial rate of 4-nitrophenylbutyrate hydrolysis of ePCL films at varying extents of 
degradation, normalized by film mass. 
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1.5 Implications and applications: real-world environments and upcycling 

To e?ectively combat the global pollution crisis, basic polymer development must 
consider real-world conditions.26–29 Plastics have infiltrated the entire globe from deserts to 
the tropics to the arctic, and thus during-use and end-of-life could be exposed to the full 
range of global temperatures from -110°C to 80°C and relative humidity from 1% to 100%.30–

32 When plastics are composted or sent to landfill, they experience variations in pH, UV light 
exposure, soil water content, and more. The accepted moisture content for e?ective 
composting ranges between 40-65%.33 Landfill cover soils have lower, less controlled 
moisture levels between 5-60%.34,35 The results in Figure 1.3a showed the degradation 
profiles of ePCL films incubated in composts with varied water content and simulated humid 
air storage for 72 hours. The derived Rreal and Rideal correspond to experimental observations 
in compost with <60% water and ≥60% water respectively. Thus, water content in compost 
is the key parameter that determines the extent of plastic degradation and ePCL complete 
degradation within 3 days requires ~60% soil wet basis, within range for compost and landfill 
degradation. 

Controlled plastic degradation o?ers a sustainable alternative to synthesize 
hierarchical porous materials with tunable structure and uniform surface chemistry, that are 
essential for separations, catalysis, tissue engineering and more.23,25,24 On the flipside, these 
large, densely functionalized surface areas can lead to complications and uncertainties 
surrounding the fate of partially degraded plastic waste. In the real-world, they are 
surrounded by a plethora of cohabitants that can either adsorb and/or react to the exposed 
chemical groups. There are abundant microbes, heavy elements, and organic compounds 
in compost, landfill, and aquatic environments,36–40 with several emerging examples showing 
that cohabitants may be capable of reacting with the moieties in increasingly chemically 
complex modern plastics.41–43 The outcome of plastic waste management depends on how 
well we can manipulate the kinetics of plastic chemical transformations against various 
possible side-reactions. As proof of concept, we upcycled a partially degraded commodity 
polyester to synthesize catalytically active nanoparticles. In parallel, we also tested the fate 
of degrading plastic waste in simulated real-world end-of-life environments. 

We selected ePCL with 20% mass loss for its optimal balance of porosity, thus high-
surface area of exposed carboxylates, and mechanical strength. Upon incubation in 
Turkevich reaction solution at room temperature for 24 hours, cross-section SEM images 
confirmed 360±110nm(n=18) gold nanoparticle (AuNP) formation within the film (Fig. 1.5a), 
and macroscopically, the film visually changed from white to purple-metallic and gained 
6.5±1.1% mass (Fig. 1.5b). The coverage of nanoparticles on the exposed surface is high, 
suggesting a high density of carboxylates. Visible AuNP adsorption present even in regions 
surrounded by no observable signs of degradation by SEM resolution suggest that gold 
cations (~1.5Å atomic radius) are transported through the film through the same nanoscopic 
channels as water and hydrolysis products, forming AuNP in situ within the film. Solution-
formed AuNP of with average diameter of ~10nm would be too large, as schematically 
depicted to scale in Figure 1.1. To test this, partially degraded ePCL was soaked in pre-
formed red AuNP from solution. Films turned a lighter pink-metallic and gained a lower 
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3.6±0.4% mass. The lower mass gain may further support the existence of ePCL in situ AuNP 
synthesis enabled by gold cation di?usion through nanoscopic water transport channels to 
regions of the films pre-formed AuNP are unable to reach. AuNP functionalized ePCL (AuNP-
ePCL) are catalytically active and e?ectively degraded oxytetracycline, a ubiquitous water 
pollutant,44 at room temperature (Fig. S1.7). Under the same conditions, pristine ePCL 
gained a metallic coating, 1±1% mass, and were only minimally catalytically active against 
the antibiotics. Once nanoparticles are adsorbed, AuNP-ePCL showed a slower degradation, 
but fully degraded after a month in 40°C PBS. Upon release, the nanoparticles aggregate and 
crash out of solution (Fig. 1.5c). Thus, AuNP-ePCL decomposed into monomers and gold for 
easy separation and subsequent recycling. 

Real-world environments are full of organics and heavy elements, abundant with 
upper-bounded order of magnitude concentrations of 0.01 mM in aquatic bodies (oceans, 
rivers etc.) and 10 mM in landfills.37–40 Thus, given that our results suggested that partially 
degraded polyesters may be e?ective sponges to adsorb real-world nanoparticle pollution, 
it is conceivable that the demonstrated catalyzed formation of metal nanoparticles and 
subsequent tetracycline degradation could spontaneously occur. Although heavy element 
and antibiotic environmental remediation would be beneficial, the formation and release of 
toxic nanoparticles into the environment upon eventual plastic degradation is a concern. To 
investigate nanoparticle adsorption and/or formation by degrading plastics in non-aqueous 
environments such as landfills and composts, we buried partially degraded ePCL in room 
temperature compost soil made to 60% wet basis with 15 mM AuCl3 and 30 mM citrate. After 
24 hours there was no evidence of AuNP adsorption, suggesting that despite higher 
concentrations, nanoparticle formation is kinetically slow in non-aqueous environments.  

To test heavy element ion adsorption, partially degraded ePCL was incubated in room 
temperature 2mM AuCl3 without the presence of citrates to prevent independent AuNP 
formation in solution. These films did not visibly change and only gained 1±1% mass. We 
then incubated pristine ePCL films for 24 hours in 40°C PBS with and without AuCl3. AuCl3 

inhibited complete ePCL degradation to only 11±1% mass loss (Fig. 1.5d). 9±1% mass loss, 
82% of the total degradation over 24 hours, occurred within the first 30 minutes, suggesting 
that enzymatic degradation of ePCL is initially rapid, but significantly slows once nanoscopic 
tunnels form allowing for water transport gold cations with it, to bind to both the plastic 
matrix and perhaps the enzymes (deactivating them), which outcompete ePCL degradation. 
This showed that partially degraded polyesters can adsorb heavy elements, but requires 
cohabitants e.g., citrates to drive observable nanoparticle formation in situ. Plastic surface 
occupation by heavy metal ions and nanoparticles both slowed down the degradation. There 
is a competition at PCL chain-ends between enzyme-catalyzed hydrolysis and heavy 
element adsorption. In early degradation, chain-ends are buried near enzymes, so 
hydrolysis is faster, but adsorption becomes dominant as plastic porosity increases and 
transport to chain-ends becomes facile. This also further showed that initial degradation is 
reaction controlled not water di?usion controlled, as gold cations would di?use in with water. 
Once the water and gold cations do di?use in, degradation halts to a plateau. 
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Importantly, the concentrations of heavy elements in real-world waters are on 
average 2 orders of magnitude lower than our tested solutions. To test the outcome of this 
kinetic competition in real waters, ePCL was incubated at 40°C in ocean water collected 
from the Berkeley Marina and completely degraded within 24 hours. Though not conclusive, 
these results suggest that the risks for heavy element adsorption inhibiting ePCL 
degradation in real aquatic bodies, as well as hazardous nanoparticle formation catalyzed 
by degrading plastics in real-world environments are minimal, provided that plastic 
degradation is faster than side-reactions such as heavy metal adsorption. 

 

 
Figure 1.5| Implications and applications. a, Cross-sectional SEM of 20%-AuNP showing 
adsorption of AuNP on porous surfaces. Right image is a magnified subsection of the left 
image. b, Gains in mass for 0% and 20% mass loss ePCL films after 24 h in gold chloride 

and sodium citrate solution (Adsorb. & Synthesis), preformed AuNP solution (Adsorb.), and 
gold chloride solution (Synthesis). Insets show corresponding macroscopic images of films 

after each treatment from left to right. c, Image of fully degraded AuNP functionalized 
ePCL, AuNP crashed out of PBS bu?er solution and aggregated at the bottom of the vial. d, 

Mass loss profile for pristine ePCL incubated at 40 ºC in PBS with and without AuCl3. 
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1.6 Conclusion 

Understanding the transport of substrates e.g., water, acidic small molecules, heavy 
elements, and nanoparticles is critical for modulating nanoconfined catalysis. Leveraging 
this, we presented 2 methods to deactivate nanoconfined biocatalysis: trapped product 
accumulation and heavy element cohabitant adsorption. We demonstrated intentional, 
controlled transformation of these issues unique to nanoconfined catalysis in a solid-state 
hydrophobic matrix into economic opportunities. The observed reaction kinetics and end 
fate of product e.g., plastic waste in real-world environments, are both manifestations of the 
feedback loop that exists between reaction kinetics and morphological evolution at the 
molecular scale. 

Designing biodegradable plastics is complicated and must be done with real-world 
considerations in mind. Our results highlight that real-world plastic degradation is in kinetic 
competition with cohabitant interactions and that the fate of plastics is a matter of speed. 
Embedded enzymes are an e?ective strategy to tailor kinetics to match desired outcomes 
across environments. Opportunities are opened for plastic waste upcycling in controlled 
settings to highly functionalized materials with tunable hierarchical porosity. Plastics can be 
designed to match compost or landfill variables e.g., temperature, moisture, and pH, such 
that hydrolysis outcompetes side-reactions, to achieve complete polymer-to-monomer 
degradation. Here we focused on enzyme-catalyzed PCL degradation, however, even non-
catalyzed plastics can evolve into structural materials with reactive surfaces.28 Systematic 
studies of plastic waste interactions with cohabitants across all time- and length-scales are 
lacking. To avoid inadvertently creating worse pollution in search of sustainability,8,45 present 
studies should be expanded upon by environmental specialists to cover a wider range of 
plastics, cohabitants, and environments. The knowledge presented herein can inform the 
design of future plastics “kinetically matched” to real-world environments with improved 
storage/use durability and end-of-life control to prevent unintended reactions with 
cohabitants, or even to intentionally react with co-pollutants for waste sequestration e?orts. 
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1.7 Methods and materials 

Film Preparation: Amano PS Lipase from Burkholderia cepacia (LIP) was purchased from 
Sigma-Aldrich and purified following previously established procedures.46 Concentration of 
lipase stock solutions were determined using ultraviolet–visible (UV-vis) absorbance at 280 
nm. Random heteropolymer (Mn = 44 kDa; polydispersity, PDI = 1.26) was synthesized as 
previously reported following a monomer molar composition of 50% methyl methacrylate, 
20% ethyl hexyl methacrylate, 25% oligo ethylene glycol methacrylate (Mn = 500 g mol-1), and 
5% sulfopropyl methacrylate potassium salt.11 RHP and purified enzyme solutions were 
mixed in a mass ratio of 20:1, flash-frozen at -80 ºC, and lyophilized overnight to form the 
RHP-enzyme complexes.  

Polycaprolactone 80 kDa (PCL) was purchased from Sigma Aldrich. PCL was 
dissolved in toluene at 4 wt% concentration and stirred for at least 4 h to ensure complete 
dissolution. The dried RHP-LIP complexes were resuspended directly in the polymer solution 
at 0.04 wt% enzyme concentration (total polymer matrix mass = 99.16 wt%). Mixtures were 
vortexed for 5 min, cast on a glass slide and air-dried at room temperature to an average film 
thickness of 20 µm. For thicker films (average 100 µm), air-dried films were redissolved in 
toluene to 20 wt% PCL concentration. This mixture was then cast, spread using a doctor 
blade to achieve uniform thickness and air-dried at room temperature. 

To ensure uniform starting crystalline lamellae thickness, dry films were melted at 
90°C and recrystallized for 27 min during a gradual ramp to 35°C (Fig. S1.8). Dry films were 
then submerged in water and removed from glass slides via capillary peeling. 

Film Degradation: Triplicates of ePCL films with an average 3 mg initial mass were degraded 
in three environment types enclosed within a 40°C water bath: 10 mM pH 7.4 phosphate 
bu?er solution (PBS), 40-60% wet basis compost soil and ≥99% relative humidity air. 
Compost soil was massed as purchased and oven dried to quantify initial moisture content 
of 38% wet weight basis. PBS was added and mixed to a homogeneous soil mixture to make 
samples of approximately 40, 50 and 60% wet basis as per composting standards that on 
average range between 40-65%. Samples were buried in the compost soils. Humid air 
samples were placed in empty centrifuge tubes with needle-punctured lids to equilibrate to 
water bath humidity. Films were removed from degradation environments at designated time 
points, any residual bu?er salts or soil were washed with Milli-Q water or removed by gentle 
air blowing, then lyophilized overnight, then weighed to determine mass loss. 

Film Characterization: Thickness of air-dried films were determined using a digital caliper. 
Crystallinity of the films were determined using di?erential scanning calorimetry (DSC), with 
a temperature ramp from 20 to 75°C at a rate of 1.5 °C min−1. To determine the percent 
crystallinity, the sample's integrated enthalpy of melting was normalized against the 
enthalpy of melting for 100% crystalline PCL, 151.7 J g−1.47  

Quasi-static tensile tests were performed to determine the mechanical properties of 
films using a Dynamic Mechanical Analyzer 850. Films were cut into 5x10x0.1 mm strips and 
tested at room temperature with a 0.5 mm min−1 ramp rate up to 1.5mm displacement. 
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Gel permeation chromatography (GPC) was used to monitor molecular weight 
distribution as a function of degradation. Partially degraded films and degradation product 
solution were lyophilized overnight and dissolved in tetrahydrofuran (THF). 20 µL of solution 
was injected into an Agilent PolyPore 7.5 × 300 mm column. GPC spectra were baseline 
corrected and area-under-the-curve normalized by initial film masses using a custom 
Python script. A calibration curve of PCL standards was used, and all characterizations were 
repeated at least in triplicates. 

Static water contact angle measurements were obtained on triplicate samples with 
a Ramé-Hart goniometer. 10 µL of Milli-Q water was dispensed onto films. 100 
measurements of both left and right contact angles were taken with 0.005 second delay 
between them to get a time average. 

For SAXS studies, 20-30 μm-thick films were folded 4 times to reach 160-240μm-thick 
film samples and run at the Stanford Synchrotron Radiation Lightsource (SSRL) SLAC 
National Accelerator Laboratory beam line 1-5 using 15 keV X-rays, 5 minutes of exposure 
time, beam nominal spot size of 300x500 μm and a Pilatus 1M detector at 3 m distance. AgBe 
and glassy carbon were used as calibrants. Air background was subtracted from all 
processed data. Images were plotted as intensity (I) versus q, where q = (4π/λ)sinθ, 
where λ is the wavelength of the incident X-ray beam and 2θ is the scattering angle. The 
sector-average profiles of SAXS patterns were extracted using Igor Pro with the Nika package. 

Local pH visualization: ePCL embedded with pH indicators were prepared to probe local 
enzyme activity. Bromocresol green (BG) purchased from Sigma Aldrich was dissolved in 
Milli-Q water and mixed together with RHP and enzyme in a 1:20:1 BG:RHP:enzyme mass 
ratio before flash-frozen and lyophilized overnight. To ensure co-localization of enzyme and 
indicator, enzyme was labeled with NHS-Fluorescein (5/6-carboxyfluorescein succinimidyl 
ester). Dried complexes were resuspended in PCL/toluene solution and cast as previously 
described. Films were placed in 99% RH air for 24 hours, massed, and examined with optical 
microscopy (OM). A U-MWBS3 mirror unit with 460-490 nm excitation wavelength was used 
to take the fluorescence microscopy images, which were overlaid with brightfield optical 
microscopy images in ImageJ software (Supporting Fig. 2d). Control films containing only 
BG and RHP were prepared at the same mass ratio (1:20) as above to determine BG 
sensitivity to pH change in the solid state. 0.2 M pH 4 and pH 8 citrate-phosphate bu?er was 
dropped onto air-dried control films to calibrate expected pH induced color change from 
green to blue respectively, observed both macroscopically and under OM. 

ePCL internal water estimation: The amount of water present in a 5 mg ePCL film stored at 
ambient conditions was estimated. Water saturated in PCL pellets and toluene were 
approximated to be 0.012 wt%17 and 0.059 wt%,48 respectively. Residual water attached to 
oligo ethylene glycol methacrylate monomers after the lyophilization process was 
approximated to be 112 water molecules per RHP based on polymer molar mass and 
monomer distribution.49 Using these numbers, water content in 5g ePCL was approximated 
at 1.06e-4 mol. The number of ester bonds for a film of the above dimension was 
approximated to be 4.38e-5 bonds based on 80 kDa PCL. 
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Small molecule assay for solid-state enzyme activity: 4-Nitrophenyl butyrate (4NPB) was 
used as a small molecule ester substrate to test for enzyme activity. ePCL films at various 
stages of mass loss were submerged in 4NPB solution (1 mL, 0.5 mM) dissolved in PBS. A 
sample was taken every 20 min and monitored for absorbance at 410 nm using a Nanodrop 
2000 Spectrophotometer over a period of 1.6 h. A regression was performed on the linear 
region of the enzyme activity plot to determine initial rates. All data points were performed 
in triplicate and mass normalized. 

Cohabitant Interactions: Gold nanoparticles (AuNP) were synthesized following a modified 
room temperature Turkevich method.50 Sodium citrate (8 mM) and gold (III) chloride (4 mM) 
were mixed in a 1:1 volume ratio and titrated to pH 5. The solution was stirred for 24 h at room 
temperature with partially degraded film in solution. For adsorption only samples, AuNP was 
first synthesized, then stirred with films for 24 h. Partially degraded films were also buried in 
room temperature compost soil made to 60% wet basis with 15 mM AuCl3 and 30 mM 
Na3C6H5O7. To test heavy element adsorption, partially degraded films were incubated at 
room temperature in 2mM AuCl3 for 24 hours. To explore the kinetic competition between 
degradation and adsorption, pristine films were incubated in 40°C PBS with and without 
2mM AuCl3. In all cases, films were rinsed and lyophilized overnight before masses were 
measured. 

We soaked films in 200uL room temperature solutions of 37.5 µM oxytetracycline and 
2.5 µM cumene hydroperoxide in pH 8 phosphate bu?er solution: pristine ePCL, 20% 
degraded ePCL, AuNP synthesis pristine ePCL, AuNP synthesis 20% degraded ePCL, and 
pre-synthesized AuNP adsorbed 20% degraded ePCL. The films used ranged in mass 
between 3-5 mg and in thickness between 75-110 um. Films were wrapped around the sides 
of 96-well plate incubated at 20 C. 150 uL of 50 uM oxytetracyclene and 50 uL of 10 mM 
cumene hydroperoxide were added to each well. Each well was sampled for 320-400 nm 
absorbance spectra every 30 minutes for 16 hours to detect the reduction in the 
oxytetracycline substrate peak at 360 nm over time. 

Morphology Imaging: Surface and cross-sectional scanning electron microscopy (SEM) 
images were performed with a Hitachi S-5000 microscope, except for gold nanoparticle 
functionalized polymer film imaging, which were performed on a FEI Quanta 3D FEG FIB-
SEM. Films with thickness of 100 µm or more were washed with Milli-Q water and lyophilized 
prior to imaging. To obtain cross-sectional images, films were flash frozen in liquid nitrogen, 
cryo-fractured and mounted on sample holder with carbon tape. Samples were sputter 
coated with gold/palladium for 60 s before imaging.  

SEM images were analyzed to determine the size of hierarchal porous structures. 
Visible pores were fit and marked with elliptical shapes, which were then analyzed using the 
particle analysis function of ImageJ software. Diameters were determined from the 
measured areas based on the assumption that all pores were circular. Histograms of pore 
size were normalized by total count of pores in the image. 
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Chapter 2 

Enzyme Degradation Mechanisms On and In Semi-Crystalline Substrates 

 

2.1 Challenges with enzymatic degradation of semi-crystalline polymers  

 In response to the global plastic waste crisis there has been rapid progress in 
discovering enzymes with plastic degrading activity. These enzymes originate from across 
the kingdoms of life, from fungi to bacteria to animals.1–4 Some enzymes are promiscuous 
with similar native substrates, while others have recently evolved to adapt to environments 
with high density of plastic waste such as landfills and plastic recycling facilities.5–7 The 
enzyme engineering community has had success using directed evolution and de novo 
design to significantly improve plastic degrading enzyme catalytic e?iciency, in particular 
focusing on poly(ethylene terephthalate) (PET) as the model substrate.8,9 

However, most of these studies only focus on amorphous substrates, as an 
outstanding problem at the interface of molecular biology and material science is that 
enzymes have a notoriously di?icult time degrading crystalline material.1,10–13 Crystalline 
chains are more closely packed with reduced chain mobility and accessibility for both 
enzyme and water, a key co-substrate for enzymatic hydrolysis. Samples are partially 
degraded with the amorphous regions preferentially removed. This is an issue because over 
half of the world’s plastics are semi-crystalline, including most PET bottles, significantly 
limiting the applicability of catalyzed plastic biodegradation.12,14 Concerningly, amorphous 
region preferential partial degradation can also release into the environment, highly 
crystalline micro- and nano-plastics that are longer bound by amorphous domains.15 

The ability to design enzymes that degrade polymer crystalline regions with at least 
equal preference to amorphous regions is thus critical for both actual commercial utility and 
mitigation of hazardous micro- and nano-plastic generation.16,17 Solutions have been 
proposed that include engineering thermostable enzymes to degrade at high temperatures 
where polymer chains are more mobile.8 As well as nanoscopically embedding enzymes 
within the polymer matrix to bias degradation towards a processive, chain-end scission 
mechanism that degrades both amorphous and crystalline regions equally.18–21 Chapter 1 
explored this mechanism in great depth, providing evidence for enzymatic “pulling” of single 
chains that are threaded through multiple crystalline lamellae. However, the driving force for 
enzymatic lamellae chain pulling is still inconclusive. We can look to nature for clues, as 
there are many processive mechanisms that are critical for life.22,23 The most relevant 
example is the enzymatic hydrolysis of crystalline cellulose, where endoglucanases break 
down cellulose chains at random positions and exoglucanases (i.e., cellobiohydrolases) 
processively cleave o? cellobiose from chain ends. The catalytic domains of cellulase 48F 
(C48F) and cellobiohydrolase I (CBHI), both cellobiohydrolases, have long tunnel-like active 
sites lined with aromatic residues. They stabilize cellulose chains with hydrophobic and π-π 
stacking interactions while hydrolysis occurs, with a cleft at the tunnel end for product exit. 
The secondary structure of the tunnels of C48F and CBHI di?er significantly, being an 
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(αα)6 barrel and a β-sandwich structure respectively.23,24 The commonality across processive 
mechanisms in nature seems to be deep, narrow active site geometries that are relatively 
rigid and populated with chemistries that promotes favorable substrate binding interactions. 
Although the total sum of intermolecular attraction between neighboring chains in a polymer 
lamella is very high, Beckham et al showed that for cellulose the decrystallization free energy 
was 6.7 and 5.4 kcal/mol/cellobiose unit for chains in the middle and edge of microfibrils 
respectively.25,26 A greater attractive force provided by a well-designed enzyme binding 
pocket may thus provide a driving force for individual molecular bonds to locally peel o? one 
at a time and “slide” into the binding pocket.27,28 Simulations by Knott et al suggested that 
cellulose chains during processive chain slide in the active site of another cellobiohydrolase, 
Cel7A, increased in stability by 8 kcal/mol.29 Compared to cellulose crystals with abundant 
hydrogen bonding, the decrystallization free energy for a synthetic polymer with only van der 
Waals interactions will be far lower.30  

Importantly, DelRe et al showed that the most common product of the processive 
degradation of  poly(caprolactone) was a trimer not a monomer, meaning despite processive 
translocation some ester bonds were skipped by the active site.18 Similarly, proteases can 
be processive but still selectively cleave certain residues only and disaggregases 
processively translocate without any bond scission or formation at all.31,32 Thus, a chain-end, 
processive degradation mechanism may yield undesirably long oligomeric products (single 
chain nanoparticles). A counterintuitive best-case scenario might also be possible where an 
enzyme can grab and initiate degradation from any random location along a chain, after 
which it processively slides and continues to degrade without dissociation. The slowest step 
is substrate binding, so expanding the pool of substrates from chain ends only to any chain 
segment could lead to an incredible boost in degradation rate. This might be a programmable 
feature when designing biocatalysts. 

In this work our goal was to identify enzyme features predictive of polyester hydrolysis 
mechanism and degradation product distribution e.g., microplastics, oligomers, monomers. 
Informed by examples in nature, our guiding hypothesis was that enzymes with ideal 
processive degradation mechanisms would have deep, narrow, and rigid, tunnel-like binding 
pockets lined with hydrophobic surfaces to strongly attract hydrophobic polymer chains. 
Our results will help guide the direction of future plastic degrading enzyme discovery and 
evolution towards searching not just for rapid degradation rates on amorphous substrates 
but to also optimize for semi-crystalline substrates and monomeric product distributions 
that can be subsequently recycled (repolymerized) or mineralized in compost.33,34 
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2.2 Hydrolase features predict promiscuity for polyester degradation 

 We chose poly(caprolactone) (PCL) as a model plastic system for investigation as it 
is semicrystalline polyester that broken down by hydrolysis – a very important degradation 
pathway for the multi-billion-dollar biodegradable plastics industry.35 PCL can be easily 
solvent cast into films, and there is a decently sized library of commercially available, wild 
type hydrolases with well characterized crystal structures that have been screened for 
promiscuous activity on PCL substrates.36–42 At least one enzyme, a lipase from Burkholderia 
cepacia was shown to degrade PCL via a processive mechanism, albeit only when 
nanoscopically confined.18,19 Importantly, enzymes that did not degrade PCL have also been 
reported, providing important negative controls. There has been no systematic reporting of 
the enzyme degradation mechanism and degradation product molecular weight 
distributions. Ultimately, 6 hydrolases with reported PCL degradation and 5 negative 
controls were selected for experimental investigation (Table S2.1). 4 additional hydrolases 
with reported activity on PCL (2 positive, 2 negative) that were not commercially available 
were computationally analyzed as proof of concept for mechanism prediction purely in silico. 

To remove bias in binding pocket residue selection we wrote an algorithm to 
automate binding pocket residue identification and showed with universal hyperparameters 
shared across all 14 enzymes, it had great similarity with our manual labeling using PyMOL. 
The script automated measurement of key enzyme surface and binding pocket features from 
a crystal structure, either experimentally measured or generated in silico i.e., via AlphaFold2 
(AF2) (Methods and materials).43 A caveat on AF2 generated structures is discussed in 
Methods and materials. The key surface and binding pocket chemistry, geometry, and 
flexibility (secondary structure) features for 15 hydrolases were calculated and visualized on 
ternary plots (Fig. 2.1). Enzymes were classified by literature-reported PCL degrading 
activities, which should be treated with some skepticism as reports span multiple papers 
that used varying degradation conditions (e.g., temperature, bu?er solution) and substrate 
PCL (e.g., molecular weight, % crystallinity, aspect ratio). 

We found that although the hydrolase surface chemistries were all in a similar range, 
there was a slight skew towards PCL degrading enzymes having more hydrophobic and less 
polar surfaces. This might be useful for substrate binding to highly hydrophobic PCL. There 
is no clear trend with surface charge ratios. More spherical enzymes are seemingly preferred 
for PCL degradation, most likely because they correlate with deeper binding pockets. Overly 
large enzymes also appear less amenable to PCL degradation. Flexibility wise, although 
there are outliers, generally having more α-helices promotes PCL degradation. Binding 
pocket analysis produces a much broader spread of features across the 15 hydrolases that 
echo entire surface features but with more nuance. For example, it appears there is a 
goldilocks zone for PCL degradation of 15-35% polarity and 50-70% hydrophobicity. Deeper 
pockets that we hypothesized would be essential for processive translocation were also 
seemingly predictive of enzyme promiscuity towards PCL degrading activity independent of 
mechanism. Although protease from Streptomyces griseus (P-SG) is an outlier having an 
extremely deep pocket but no PCL degrading activity, it does have reported activity on PLA 
and is likely precluded from PCL degradation due to its chemistry and secondary structure 
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features. Astonishingly, a threshold of ~38% of active site residues being part of α-helices 
was able to linearly separate enzymes with reported PCL degrading activity (>38%) and 
negative controls. Alternatively, it could also be that random coils are a better predictor, 
where all the PCL degraders have <~60% random coil pockets, and the 2 exceptions of 
proteins that have reported non-activity on PCL are proteases with reported PLA degrading 
activity. To use these features to predict if PCL degrading enzymes operate via a processive 
or distributive (random chain scission) mechanism, systematic experimental 
characterization is required. 

 

 
Figure 2.1 | Ternary plots showing key surface and binding pocket chemistry, geometry, and 

flexibility (secondary structure) features for 15 hydrolases. The size of label markers for 
chemistry, geometry and flexibility plots represent positive : negative charge ratio, volume, 

and molecular weight respectively. The % width, % depth and % length were calculated 
as % depth = depth / (length + width + depth), so a perfectly spherical enzyme or 

hemispherical binding pocket would have coordinates [0.33,0.33,0.33]. The depth, width 
and length for entire protein were chosen to match the axes used to define the binding 

pocket depth, width, and length. Enzymes are colored by literature reported 
poly(caprolactone) (PCL) degrading activity. 
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2.3 A medley of mechanisms can degrade semi-crystalline polyesters 

Commercially available enzymes were used to enhance the practical applicability of 
these results. However, the downside to a?ordable and scalable production is low enzyme 
purity. Non-protein impurities and target enzyme concentrations were quantified by UV-Vis 
(Fig. S2.1) and SDS-PAGE (Fig. S2.2). AO, purified BC, C-BP, P-BL, P-SG and P-TA have low 
nucleic acid contamination and low protein aggregation, with A320 corrected A260/A280 
~0.6. The rest of the enzymes are far less pure, CR and PF were extremely turbid. SDS-PAGE 
revealed that 100% of the proteins in BC and CA are the target enzyme, however, their 
concentrations are extremely low meaning most of the mass is non-protein. We quantified 
in a prior work that the impurity in BC is mostly diatomaceous earth.18,44 MM, RO, PF, and AO 
all have clear bands where target enzyme molecular weights (Mw) are expected, however 
there are also other strong bands present, in particular in PF, where the darkest band is a 
higher Mw protein. Both the impurities and the true enzyme concentrations in each 
commercial protein powder are varied and uncertain. As our goal is not to compare exact 
degradation rates but rather degradation mechanism, we decided that for PCL degradation 
rather than keeping the commercial powder mass constant, enzyme solution 
concentrations should be normalized by activity on an ester-bond containing small 
molecule substrate, 4-nitrophenyl butyrate (4NPB) (Fig. S2.3, Table S2.2). There was no 
clear correlation between enzyme purity and ester-bond cleaving activity. BC and CR that 
were characterized as extremely impure by SDS-PAGE and A260/A280 respectively had very 
high 4NPB hydrolysis rates per unit mass. To test the di?erence enzyme purity will make on 
mechanism we purified BC (BCp). The improvement in purity was evident across SDS-PAGE, 
UV-Vis and 4NPB hydrolysis. Purification was attempted for other enzymes (PF, RO) but 
became cost prohibitive. 

The mass loss of PCL films after 24 hours in 40°C enzyme solutions match predictions 
from literature on which hydrolases had promiscuity for PCL degradation (Fig. 2.2a). Given 
the importance of substrate binding a?inity, enzyme solution concentrations normalized by 
4NPB hydrolysis rates unsurprisingly had vastly varying PCL hydrolysis rates (Table S2.2). CA 
had the slowest 4NPB hydrolysis rates but one of the fastest PCL hydrolysis rates, being one 
of the only 2 enzymes that were able to degrade the PCL film nearly completely within 24 
hours (>98%). Several visible microplastics remained in solution. This was not the case for 
AO, which also fully degraded the film but, unlike CA, generated no human-eye visible 
microplastics. BC, BCp, and MM all degraded between 70-80% of the original PCL film on 
average. PF and RO were the slowest enzymes that showed PCL degrading activity, achieving 
43±8% and 10±2% mass loss respectively. Varied degradation mechanisms resulted in 
macroscopically distinguishable features in the post-degraded, remaining films (Fig. 
S2.14a). BC and BCp degraded films retained their shape but got thinner and smaller with 
some whitening indicative of internal porosity formation. Mild whitening was also observed 
in PF, as well as the formation of macroscopic holes that were unique to PF. MM degraded to 
similar mass loss as BC but did not retain its shape, shrinking to half the length of the starting 
film. Given the much slower degradation rate of RO, we chose not to proceed with 
characterizing its mechanism any further. All enzymes assumed to be negative controls were 
confirmed and were also no longer characterized. 
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Figure 2.2 | Enzymatic solution (surface) degradation of Poly(caprolactone) (PCL). A. 

Average mass loss of PCL films after 24h in 40oC phosphate bu?er solution 1x pH 7.4 
containing enzymes of varying concentrations normalized by catalytic activity on an ester-

bond containing small molecule (Fig. S2.3). Error bars show standard deviation of 
triplicates. B. Di?erential scanning calorimetry (DSC) measured crystallinity of PCL films at 

varying % mass loss resulting from the activity of various enzymes. Linear slope fit to 
scatter data, dashed black line is the starting PCL crystallinity prior to degradation. C. 

Transmission small angle x-ray scattering (SAXS) profiles (solid lines) on PCL films 
degraded by enzymes (left to right): BC, PF, AO with power law fit to low q and extrapolated 

to high q (dashed lines). 

 

PCL films were incubated in 40°C solutions of each of the five remaining enzymes for 
varying time points between 0.5 to 24 hours to generate films of varying mass loss. These 
snapshots at di?erent points of degradation were characterized to shed insight into how 
degradation mechanisms may vary between enzymes. Di?erential scanning calorimetry 
(DSC) and transmission small angle x-ray scattering (SAXS) were used to characterize 
remaining solid films between 0-65% mass loss to probe the initial degradation mechanism. 
All non-degraded PCL films were 50% crystalline as characterized by DSC (Fig. 2.2b). The 
first ~15% of mass loss by all enzymes except AO increased rapidly by between 3-6%. It could 
be that the initial degradation was all amorphous region, which would make sense. However, 
the immediate crystallinity increase is more likely attributable to the e?ects observed in 
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Figure S1.1 and S1.5, in which despite no mass loss occurring, incubating a pure PCL film 
at 40°C increased crystallinity by 6% due to chain rearrangement/lamellae thickening. A 
control experiment is currently being run to conclusively demystify this by leaving films in 
bu?er solution with no enzyme between 0 to 30 minutes and then running DSC on them. 
From ~18-65% mass loss, the data became a lot clearer as AO, CA, and MM all increased in 
crystallinity with increasing mass loss, while BC, BCp, and PF decreased in crystallinity with 
increasing mass loss. 

SAXS data suggested that during surface degradation by all five enzymes, most of the 
lamellae structures are untouched, even up to ~60% mass loss. When PCL is degraded by 
BC, the power law factor (P) of the slope at low scattering vector (q) increases from 3.2 at 0% 
to 3.4 at 64% mass loss (Fig. 2.2c). This increase is not that steep compared to what was 
observed for embedded degradation in Chapter 1, showing the contrast with air is only 
minimally changing. There was also a steady reduction in the intensity of the lamellae 
contrast peaks, which indicated a reduction in crystal structure. The P at 30% and 64% 
degraded films are identical but the lamellae peak intensities are significantly lower at 64%, 
which suggests that this is not a thickness loss normalization e?ect, as that would lead to 
intensity reduction at all q. In PCL degradation by PF, P similarly increases by ~0.2, but then 
over time it starts to reduce. The lamellae peak is constant from 13 to 22%, but then, like BC, 
drops at 50% mass loss. SAXS results for BC and PF matched DSC results, as initially % 
crystallinity increases before then slowly reducing over time. For PCL degraded by BC and 
PF, the variance in P across % mass loss snapshots sampled indicate shifting nanoscopic 
features that result in varying degrees of contrast between PCL and air. This coupled with the 
non-conventional ability to preferentially degrade crystalline regions suggested that 
enzymes may be processively degrading PCL chains, and the unthreading of chains from 
crystalline lamellae resulted in formation of nanoscopic pores from the surface. Indeed, 
macroscopic pores were visible in both films, in particular PF (Fig. S2.14a). 

In comparison, PCL films degraded by AO, CA, and MM had a sharper increase in P of 
~0.3-0.6 by as early as 9% mass loss, and unlike BC and PF, up to 61% mass loss (except for 
one outlier) P did not change any further (Figs. 2.2c and S2.5a). The lamellae contrast peaks 
of all AO, CA, and MM degraded films (except for one outlier) also negligibly deviate from 
those of non-degraded pure PCL. As significant mass loss necessarily results in significant 
reduction in the number of scatterers, this matches DSC results where PCL degraded by AO, 
CA, and MM increased in crystallinity with mass loss. AO, CA, and MM degraded PCL, 
immediately reach a steady state of nanoscopic roughness (i.e., surface fractal patterning, 
contrast with air). They do not appear to alter the lamellae structure of PCL at all, even up to 
60% mass loss. This can be understood if degradation mechanism from the surface is 
distributive, etching nanoscopic surface fractal features that randomly chip away and thin 
the film over time. Without adding any additional roughness internally, the same surface 
roughness just migrates down the film thickness, or as observed in MM macroscopically, 
down the film length (Fig. S2.14a). 

Despite this characterized distinction between “processive” enzymes (BC, PF) and 
“distributive” enzymes (AO, CA, MM), both groups can seemingly degrade amorphous and 
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crystalline domains. DSC showed that 50% crystalline PCL films could lose up to 50% of its 
mass while at most increasing in crystallinity by 7%. The caveat to this is that the PCL film 
spherulite sizes were on the sub-micron/nanoscale (Fig. S2.4a). The distributive mechanism 
enzymes may only be degrading amorphous regions around crystalline spherulites that then 
detach and release into solution as nanoplastics. Measuring the mass loss of remaining 
films by mass balance would not capture this. Nor would these nanoplastics be optically 
visible, captured by DSC, or SAXS that were done on the remaining intact films only. However, 
preliminary have shown that AO, CA, MM, and BC are all able to degrade thermally annealed 
PCL with average spherulite diameter of 50-100 microns by a similar mechanism as non-
annealed PCL (Fig. S2.5b). 

 

 
Figure 2.3 | Enzymatic solution (surface) degradation product molecular weight 

distribution of poly(caprolactone) (PCL), measured by gel permeation chromatography 
(GPC). GPC spectra mass normalized by initial mass of films pre-degradation for A. BCp, 

closest to processive mechanism and B. CA, closest to distributive mechanism. C. 
Evolution of PCL mass distribution with increasing mass loss split into 3 categories: long 
chains, (>10 kDa) short chains and oligomers (0.5-10 kDa), small molecules (<500 Da, 4-

mer or less), as measured by integrating area-under-curve (AUC). 
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Gel permeation chromatography (GPC) was used to characterize the full molecular 
weight distribution of degradation products. Both the leftover film and products in solution 
were lyophilized and redissolved in organic solvent to be run as a single sample. Although 
nano- and micro- plastics in solution are not explicitly quantified, their existence can be 
indirectly quantified as shown in Figure 2.3. Figures 2.3a and 2.3b respectively show the 
molecular weight distributions of PCL degraded by BCp and CA with increasing mass loss, 
normalized by initial film mass prior to degradation. This normalization is important as it 
allows for quantitative integration of the area under the curve (AUC). GPC spectra for BC, AO, 
PF and MM are shown in Figure S2.6. For each enzyme, separate integrations were done for 
11-15 minutes and 15-20.5 minutes that based on a calibration curve correspond to chains 
>10 kDa and between 0.5 – 10 kDa respectively. 0.5 kDa was the lower bound detection limit 
of our GPC. These AUCs divided by the AUC from 11-20.5 minutes for 0% degraded PCL yield 
the % long chain, % short chain and oligomers, and by subtraction, also yields the “o? the 
plot” distribution corresponding to % small molecule products that are 4-mers or smaller 
(Fig. 2.3c). The results show that despite the di?erent mechanisms suggested by DSC and 
SAXS, the resulting product distributions are more similar than they are di?erent. All 
enzymes deviate from a perfect processive mechanism with 100% small molecule products. 
From 0 to 50% there is more remaining mass > 0.5 kDa measured by GPC than remaining 
mass intact on the main film, confirming as expected that plastic pieces are falling o? into 
solution. However, as degradation continues, at least for BC, BCp, AO and MM, the macro-, 
micro- and/or nano-plastics that chip o? can continue degrading as at 100% film mass loss, 
there is near zero deviation from the ideal. AO-degraded PCL films that are 100% degraded 
have 95±4% (n=3) conversion to 4-mers or smaller, 100% degraded PCL by BC and BCp are 
97% (n=1) and 94% (n=1) £4-mers, and 92% degraded PCL by MM is 91% (n=1) £4-mers. BCp 
and CA are specifically compared in Figure 2.3 because they represent one of the most ideal 
and one of the least ideal degradation mechanisms. The distributions of BCp, BC, and AO 
are nearly identical, where the main peak reduces, the primary products are £4-mers and 
the only oligomers that remain have elution peak at 20.5 mins (Fig. S2.6). In comparison, the 
main CA peak displayed right-tail broadening as it decreased with products formed at all 
molecular weights with a distinct peak at ~19 min elution – a larger main oligomeric product 
length. PCL degraded by MM behaved similarly to CA with early stage right-tail broadening 
and primary oligomer peak at 19 mins elution. PCL degraded by PF reduced without peak 
broadening like BC and AO, however, the extent of decrease of the GPC peak is less than the 
mass loss, implying long chains exist as chipped away smaller plastics in solution. The main 
oligomer product peak of PF is also more like those of MM and CA. There is likely a link 
between the worse product distribution of PF and its slower PCL degradation rate compared 
to the other 4 enzymes. 

Our GPC data did not follow the neat binary mechanism groupings suggested by DSC 
and SAXS. From it, we first conclude that processive chain-pulling is not a prerequisite for 
polymer-to-£4-mer degradation i.e., microplastic elimination, at least for these 5 hydrolases 
on PCL substrate. Ongoing SAXS experiments characterizing the degradation of thermally 
annealed PCL with spherulite diameters of 50-100 microns may change this conclusion and 
add further mechanistic insight. We can also conclude that the purified and non-purified BC 
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had no mechanistic di?erence. More data is needed to make a general claim that impurities 
do not a?ect enzymatic polymer degradation mechanism. 

To investigate if PCL degradation mechanism can be predicted by enzyme features, 
we did a simplified grouping of BC and PF as having processive and AO, CA, MM having 
distributive mechanisms (Fig. 2.4). No entire surface enzyme feature correlated with 
mechanism. Within the PCL-degrading binding pocket chemistry goldilocks zone (50-70% 
hydrophobicity, 15-35% polarity), there may be an even smaller goldilocks zone for 
processive mechanisms: 58-62% hydrophobicity. BC and PF also have deeper pockets 
(>30%) than AO, CA, and MM. These results match our nature-inspired hypothesis that a 
processive mechanism would require active sites with deeper binding pockets lined with 
hydrophobic surfaces to strongly attract hydrophobic polymer chains. CV and C-AO are 
enzymes with demonstrated PCL degradation activity from literature. Using our results to 
predict their degradation mechanism suggests that CV is very likely to degrade by a 
processively as it has similar binding pocket chemistry and geometry to BC and PF. 
Interestingly, comparing the origins of all the PCL degrading enzymes, only the processive 
and potentially processive BC, PF, and CV originate from bacteria, with all distributive 
mechanism enzymes originating from fungi (Fig. S2.7a). C-AO shares similar chemistry to 
the processive enzymes, however its binding pocket is shallower, so prediction is di?icult. 

However, the di?erences in the degradation rate and product distributions of BC and 
PF are significant. As is the outstanding speed and % £4-mer product of AO despite its lack 
of processive mechanism as characterized by DSC and SAXS. Ultimately, this suggests that 
there is a medley of possible mechanisms that can successfully degrade crystalline 
lamellae into small molecule products. More data is needed to define these more rigorously 
beyond just our trinary classification of processive, distributive and does not degrade. 
Despite that, the insights from the work herein can be used to accelerate plastic degrading 
enzyme discovery and evolution by screening sequences (and thus crystal structures) for 
promising hits. Predicting if an enzyme will demonstrate promiscuity for PCL can be done 
with high confidence, overcoming the first practical bottleneck completely in silico. Our 
methods of featurization and characterization can be broadly applied towards other plastics 
such as poly(L-lactic acid) (PLLA). P-TA and P-SG that were negative controls for PCL were 
reported PLLA degraders. These enzymes also have rigid pockets low in % random coil. 
However, rather than α-helices, β-sheets are preferred. They serve as a starting point for a 
similar analysis where a di?erent set of design rules can similarly be extracted.  
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Figure 2.4 | Ternary plots to predict mechanism, showing key surface and binding pocket 

chemistry, geometry, and flexibility (secondary structure) features for 15 hydrolases. The 
size of label markers for chemistry, geometry and flexibility plots represent positive : 

negative charge ratio, volume, and molecular weight respectively. The % width, % depth 
and % length were calculated as % depth = depth / (length + width + depth), so a perfectly 

spherical enzyme or hemispherical binding pocket would have coordinates 
[0.33,0.33,0.33]. The depth, width and length for entire protein were chosen to match the 
axes used to define the binding pocket depth, width, and length. Enzymes are colored by 

experimental results reported herein on poly(caprolactone) (PCL) degradation mechanism. 
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2.4 Active site features and mechanism predict random heteropolymer interactions 

 DelRe et al showed that the degradation mechanism of BC shifted when 
nanoscopically embedded within a polymer matrix to achieve processivity.18 Here we 
showed that even BC degrading PCL from the surface in solution operates by a processive 
mechanism. There is a gap in understanding how exactly enzyme mechanism may be 
changed by confinement in the host plastic matrix. Chapter 1 explored how the processive 
mechanism of BC, when nanoscopically embedded with random heteropolymer (RHP) in 
PCL, was critical to establishing a molecular feedback loop between degradation reaction 
kinetics and transport to and from embedded enzymes. Here we aimed to delineate the 
di?erences in polymer chain translocation, scission mechanisms, and degradation product 
distributions between enzymes embedded in solution, those confined within the plastic 
matrix, and those nanoscopically dispersed via RHPs (nano-confined). Several prior works 
have embedded aggregated enzymes within polymer matrices with demonstrated 
degradation activity.15,38,45,46 We want to fully demystify if nanoscopic dispersion just results 
in faster rate due to higher degradation surface area, or if it fundamentally changes 
mechanism compared to the same enzyme acting from solution or embedded without 
nanoscopic dispersion. 

Six enzymes from the previous section that were shown to have PCL substrate 
compatibility and characterized surface degradation mechanism were embedded in PCL 
with 1wt% RHP. BCp was embedded at 0.05wt% loading while all commercial enzymes were 
embedded with 0.5wt% loading to have su?icient enzyme, accounting for significant 
impurities. Figure 2.5a shows the mass loss of enzyme-RHP embedded films after 1 day and 
1 week incubation in 40°C PBS. BCp degraded faster than it did in solution with the entire 
film degrading within 24 hours and no visible microplastics remaining after 1 week, as was 
reported in prior works.18,19,44 Embedded enzyme masses were not normalized by exact 
active enzyme mass (impossible due to impurities) nor by activity on 4NPB hydrolysis (Fig. 
S2.3). 4NPB hydrolysis normalized concentration ratios were not used for embedded films 
as the % loading of CA and RO, and to a lesser extent PF, MM, and BC, that would be required 
to match the 4NPB hydrolysis activity of BCp and AO would be unreasonably high. This would 
certainly a?ect matrix morphology and act as a confounding factor in analysis. Di?erential 
scanning calorimetry (DSC) confirmed that embedding enzyme-RHP with unquantified and 
varied impurities at <1wt% into films negligibly impacted the total crystalline lamellae 
fraction of embedded films (Fig. S2.8c). Polarized optical microscopy confirmed that the 
microscopic distribution of crystallinity i.e., spherulite diameter distribution was also 
unchanged with the addition of <1wt% enzyme-RHP (Figs. S2.4b, 2.8a, and 2.8b). 

Although the mass losses shown in Figure 2.5a cannot generally be compared across 
enzymes, 24-hour PCL hydrolysis rates normalized by enzyme mass were calculated for 
comparison between surface and embedded enzymes (Table S2.2). BCp, BC, and PF all had 
higher PCL hydrolysis rates embedded compared to in solution while AO, CA, and MM had 
much lower hydrolysis rates embedded compared to in solution. This di?erence could be 
because of the e?ect confinement has on enzymes of di?erent chain scission mechanisms. 
BC and PF were shown to degrade PCL by a processive mechanism while AO, CA, and MM 
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operated by a distributive mechanism. However, an additional variable introduced when 
embedding enzymes is the RHP chaperone. The role of the RHP was to stabilize enzymes 
during organic solvent processing and to nanoscopically disperse enzymes within the PCL 
matrix.18,47 Prior works have also shown that RHP composition optimization is necessary for 
compatibility with certain enzymes, although no concrete design rules have been 
provided.48,49 To di?erentiate activity loss due to confinement versus incompatible RHP 
binding, 4NPB hydrolysis assays were done using enzyme solutions lyophilized with and 
without RHP. Figure 2.5b shows that AO, CA, MM, and RO had significant reductions in 
activity when lyophilized with RHP. These were the exact enzymes that had a reduction in 
embedded activity, suggesting that the reduction in PCL mass was caused by RHP blocking 
the enzyme active site. It is reasonable that the same features that make an enzyme 
distributive (shallower depth, smaller volume, less hydrophobic and more charged), would 
also make pockets more easily blocked by RHP (Fig. S2.7b). Thus, the same features that 
predict processivity can also predict RHP binding compatibility. The functional reversal of 
this is that processivity can be predicted by a simple RHP binding proxy assay.   

AO is one of the most promising enzymes due to its complete degradation to mostly 
small molecule products in 0.75wt% enzyme solution in under 24 hours. However, AO 
su?ered the largest activity decrease when bound to RHP (Fig. 2.5a and 2.5b). We 
hypothesized that this was due to the distributive mechanism enzymes’ binding pockets 
being more charged. In particular, the AO active site is highly positively charged and shallow 
and can thus interact very strongly with negatively charged RHP. We tested AO binding with 
a more optimized RHP design with no charge, to interact with the active site more transiently. 
This yielded significant improvement with activity increasing from 29.3±6.0% to 83.8±0.7% 
(Fig. 2.5c). However, embedded AO with no RHP degraded even faster, leading to 100% 
degradation within 24 hours. Embedding CA and MM with no RHP also yielded significant 
increases in PCL degradation within 24 hours from 5.0±1.9% and 5.0±1.5% to 33.3±1.9% and 
74.8±2.4% respectively. Although many enzymes require RHP protectants to be processed 
in organic solvents and plastics, these lipases are highly resistant to misfolding in organic 
environments.50,51 We demonstrated the practicality of AO embedded PCL films by making a 
6.35 x 2.75 cm PCL bag embedded with 0.5wt% AO lipase and no RHP. Although white 
speckling is visible indicating enzyme aggregation within the film and lack of nanoscopic 
dispersion, the film completely degraded in 24 hours when incubated in 750mL of 40°C PBS 
(Fig. 2.5d). Thus, RHP is necessary to nanoscopically disperse enzymes within the solid 
matrix to minimize aggregation and maintain optical clarity, here we demonstrated that for 
some enzymes like AO, the RHP is not necessary for rapid plastic degradation catalyzed by 
< 0.5wt% embedded enzyme. 
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Figure 2.5 | Degradation of poly(caprolactone) (PCL) by embedded enzymes. All bar 
plots are averages of triplicates and error bars show standard deviation. The standard 

random heteropolymer (RHP) is a 4-monomer (Mn = 32 kDa; polydispersity, PDI = 1.44) of 
50% methyl methacrylate, 20% ethyl hexyl methacrylate, 25% oligo ethylene glycol 

methacrylate (Mn = 500 g mol-1), and 5% sulfopropyl methacrylate. A. Average mass loss of 
PCL films with embedded enzymes (0.5wt%, except BCp at 0.05wt%) with 1wt% random 

heteropolymer (RHP) after 24h and 168h in 40oC phosphate bu?er solution 1x pH 7.4 (PBS). 
B. 4NPB hydrolysis rate of enzymes lyophilized with and without RHP. All rates are 

normalized against the rates of enzymes without RHP prior to lyophilization (black dotted 
line). C. Average mass loss of PCL films with embedded enzymes (0.5wt%, except BCp at 
0.05wt%) after 24h and 168h in 40oC phosphate bu?er solution 1x pH 7.4. Charged refers 

to the standard RHP, Neutral refers to a 3-monomer RHP without sulfopropyl methacrylate.  
D. 6.35 x 2.75cm PCL bag with 0.5wt% AO degraded in PBS with images taken at 4h and 

24h (video of degradation: www.youtube.com/watch?v=aqZHU56oxbc). 

 

  

http://www.youtube.com/watch?v=aqZHU56oxbc
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2.5 Enzyme confinement and nano-confinement shift degradation mechanism 

 Embedded AO was able to completely degrade PCL films to products invisible to the 
human eye, however, its mechanism remains a mystery. AO in solution degraded with a 
di?erent pathway from the well characterized BC. DSC and SAXS showed AO chain scission 
in solution operated with a distributive mechanism with preferential amorphous region 
degradation and no film nano-porosity introduced (Fig. 2.2). Yet GPC showed that the 
products of PCL degradation by AO were mostly small molecules < 500 Da, nearly identical 
to the product molecular weight distribution generated by the processive enzyme BC (Figs. 
2.3 and S2.6). We characterized embedded enzyme degraded films by DSC, SAXS, and GPC 
to investigate the e?ect that enzyme confinement within the solid-state substrate matrix has 
on degradation mechanism. To understand the role that RHP plays, if any, we characterized 
PCL degraded by embedded BC and AO both with and without RHP. This o?ered a 
comparison between the e?ects RHP may have on enzymes with di?erent surface 
degradation mechanism but that both still yield complete, rapid PCL degradation. The 
embedded mechanisms of CA and MM, both without RHP, and PF with RHP were also 
characterized to identify predictive relationships between enzyme binding pocket features 
and mechanism shift from surface to confined degradation. 

Variations in embedded degradation mechanism resulted in macroscopically 
observable features in remaining films despite uniform starting film appearance. All films 
whiten, indicating internal porosity formation (Fig. S2.14b). PCL films significantly degraded 
by embedded BC-RHP retain original shape in solution but shrivel once removed, due to loss 
of structural rigidity. This was indicative of a high degree of porosity. Embedded PF 
degradation uniquely generates abundant macroscopic pores on PCL films. All pre-
degradation embedded films were ~50% crystalline (Fig. S2.8c). As with surface degradation, 
crystallinity has an initial jump in crystallinity of in 3-6% within the first ~15% of mass loss, 
after which up to 65% mass loss. PCL degraded by embedded AO and CA increased in 
crystallinity with increasing mass loss and PCL degraded by embedded BC-RHP and PF-RHP 
decreased in crystallinity with increasing mass loss (Fig. 2.6a). These trends match those 
observed for PCL degradation by enzyme solution (Fig. 2.2b). However, BC without RHP, AO-
RHP, and MM, all demonstrated a mechanism shift upon embedding to having no preference 
for amorphous nor crystalline region degradation. 

SAXS revealed that when PCL is degraded by embedded BC-RHP, the power law 
factor (P) of the slope at low scattering vector (q) increased from 3.2 at 0% to 3.9 at 47% mass 
loss (Fig. 2.6b). A steady broadening and intensity reduction of lamellae contrast peaks with 
increasing mass loss also occurred. These results suggested nanoporosity formation 
increasing polymer-air contrast at low q and a steady decrease in film crystallinity 
respectively. Together, they suggest a processive mechanism that was similarly observed in 
the SAXS profiles of thermally annealed PCL degraded by BC-RHP (Fig. 1.4a). PCL degraded 
by BC solution had significantly less increase in P with PCL mass loss and the SAXS intensity 
across all q decreased with increasing mass loss (Fig. 2.2c). This indicated that nanoscopic 
dispersion of BC-RHP greatly increased the surface area of matrix confined catalytic 
reaction fronts resulting in nanoscopic porosity formation rather than film thinning from the 
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surface. The SAXS profiles of PCL degraded by embedded BC without RHP is more similar to 
PCL degradation by BC solution than embedded BC-RHP (Fig. 2.6c). P only increased from 
3.2 to 3.4 between 0 to 49% PCL mass loss, and the decreasing intensity across all q 
indicates film thinning. The main unique characteristic of PCL degradation by BC was that in 
the initial 9% mass loss PCL significantly lost crystalline structure with the two lamellae 
contrast peaks broadening significantly and merging into a single broad hump, before 
regaining clear lamellae structure factor by 20% PCL mass loss. The combination of these 
features suggested that BC without RHP initially destroyed its surrounding crystal structure, 
but between 10-20% mass loss, su?iciently large (>5 nm) transport channels were created 
allowing embedded enzymes to leach into solution and proceed to degrade by surface 
mechanism resulting in film thinning. The sharp peaks that appear at q~0.11Å-1 
superimposed on top of lamellae thickness contrast peaks across PCL samples degraded 
by various embedded enzyme such as BC-RHP could be indicative of crystalline 
rearrangement and lamellae thickening in competition with internal degradation. 

SAXS data was collected on PCL films degraded by embedded 0.05 wt% AO + 1 wt% 
RHP, 0.5 wt% AO + 1 wt% RHP, and AO with no RHP (Figs. 2.6d,e,f). SAXS profiles for all three 
embedded systems had minimally deviating P from 10-53% mass loss. The higher RHP:AO 
ratio of 20:1 resulted in an increase in P of ~1.0, in comparison to a lower increase in P of 
~0.4-0.5 that was observed when the RHP:enzyme ratio was 2:1 and when no RHP was used 
at all. This was similarly observed in PCL degraded by AO solution (Fig. 2.2c). In AO solution 
degradation, intensity at all q slightly decreases from 0 to 61% mass loss due to film thinning. 
This is also observed in PCL degraded by embedded AO. However, for AO-RHP degraded 
films, intensity at low q slightly increases with % mass loss indicating the formation of some 
internal nanoscopic porosity. Comparing the lamellae structure factors of PCL degraded by 
AO and BC, AO destroyed the lamellae structure more significantly than BC within the first 
10% of PCL degradation. BC retained lamellae contrast peaks with higher intensity until very 
high % mass loss. Lamellae recrystallization was observed in the PCL sample degraded by 
AO-RHP to 53% mass loss. Lamellae spacing shifted to lower q increasing from ~13 nm to 
~15 nm and a new smaller, sharper lamellae thickness peak appearing, still of ~5-6 nm 
average thickness. Taken together, DSC and SAXS data suggested that the dominant 
mechanism of PCL degradation by embedded AO with and without RHP is still distributive 
chain scission that destroyed lamellae structures local to embedded enzymes. Additionally, 
a su?iciently high ratio of RHP:AO resulted in an improvement in nanodispersion, forming a 
larger number of initial pores that are still formed by a distributive chain-scission. 

 After the formation of su?iciently large transport channels within PCL, embedded AO 
and BC without RHP may be leaching out and degrading from the surface. Embedding 
enzymes with RHP incentivizes the formation of porosity within PCL films by mediating the 
enzyme-matrix interface. Despite di?erent PCL morphological evolutions resulting from BC 
and AO embedded degradation, for both enzymes, the RHP serves as a dynamic/transient 
adhesive/surfactant to prevent enzyme leaching from the matrix surface. It is unclear how 
the molecular feedback loop that governs small molecule transport and matrix morphology 
evolution that was elucidated in Chapter 1 for PCL embedded with BC-RHP, di?ers for PCL 
embedded with AO-RHP. If AO does not processively degrade PCL chains, then an alternate 
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mechanism for the formation of nanoscopic water and acidic product transport channels 
must exist to achieve rapid initial degradation kinetics. Perhaps degradation starts from AO 
embedded on PCL film surface and the resulting cavities they form allow transport to and 
from enzymes embedded deeper in the interior. 

 

 
Figure 2.6 | Embedded enzyme degradation of Poly(caprolactone) (PCL) by enzymes with 

and without 1 wt% random heteropolymer (RHP). A. Di?erential scanning calorimetry 
(DSC) measured crystallinity of PCL films at varying % mass loss resulting from the activity 

of various enzymes with and without RHP. Linear slope fit to scatter data. B. 0.05wt% BC 
with RHP C. 0.05 wt% BC, D. 0.5wt% AO with RHP, E. 0.05wt% AO with RHP, and F. 0.5wt% 

AO embedded in PCL films at varying % mass loss characterized by transmission small 
angle x-ray scattering (SAXS) profiles (solid lines) with power law fit to low q and 

extrapolated to high q (dashed lines). 

 

The minimum RHP:enzyme ratio threshold (>2:1) required for the nanoscopic 
dispersion of AO in PCL was not universally observed across enzymes. SAXS profiles of PCL 
degraded by embedded PF-RHP demonstrated that a 2:1 RHP:enzyme mass ratio was 
su?icient to increase P by ~0.4-0.7 with increasing mass loss from 0 to 52%, compared to 
only a ~0.2 increase to P in PCL degraded to the same mass losses by PF solution (Figs. 2.2c 
and S2.9c). We hypothesized that a far greater ratio of impurities in PF might result in a much 
higher real RHP:enzyme ratio. Additionally, dispersion at 2:1 RHP:enzyme mass ratio may be 
suboptimal but the inherent processive nature of PF chain scission allowed non-maximally 
dispersed PF to pull and remove chains that switchboard outwards in all directions from 
enzyme clusters, creating a vast network of nanoporous tunnels, as was observed in BC. 
However, despite the similarities between the mechanisms of PCL degradation by BC and 
PF observed by DSC and SAXS, there are also many subtle and important di?erences in the 
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SAXS profiles that indicate their mechanisms of chain scission are not the same. These may 
explain the vastly slower normalized hydrolysis rate of PF compared to BC both in solution 
and when embedded. Similarly, although the DSC and SAXS characterized mechanisms of 
PCL degradation by solutions of MM, CA, and AO were similar, when embedded, all three 
enzymes deviated in characterized features indicative of uniquely di?erent mechanisms 
(Figs. 2.2c, S2.5a, and S2.9a,b). CA had the most unchanged mechanism from surface to 
embedded whereas MM appeared to exhibit features more associated with processive chain 
scission. We hypothesized that this may be due to the larger binding pocket volume of MM 
compared to CA and AO (Fig. 2.4). Confinement appeared to accentuate the subtle 
di?erences in enzymes that result in varying embedded PCL degradation mechanisms. 
Nanoconfinement by RHP did not change the intrinsic chain scission mechanism that 
enzymes would exhibit otherwise. The RHP instead serves two key roles as (1) a nanoscopic 
dispersion agent to increase the surface area of reaction fronts and (2) a dynamic 
adhesive/surfactant to strengthen the enzyme-PCL interface. Perhaps RHP composition and 
molecular weight can be tailored to create hybrid binding pockets to shift intrinsic enzyme 
mechanism, however, no evidence to support this was observed herein. 

GPC showed that in the degradation of PCL by enzyme solutions, despite the varying 
degradation mechanisms suggested by DSC and SAXS, the resulting product molecular 
weight (Mw) distributions were very similar, mostly degrading to small molecule products 
but with clear deviation from a perfect polymer-to-monomer depolymerization (Fig. 2.3c). 
GPC of enzyme embedded films and their degradation products showed a significant shift in 
the degradation product distributions resulting from enzyme confinement (Fig. 2.7a). Overall, 
embedded degradation shifts the product distribution of all enzymes towards smaller 
molecules rather than microplastics, nanoplastics, and oligomers. However, there are 
varying degrees of change. CA has a very clear right shift in high Mw PCL peak indicative of 
random chain scission and still produced significant oligomeric products with a 19 min 
elution peak similar to its solution degradation behavior (Fig. S2.9e). Unlike CA, MM does 
not exhibit high Mw film peak right shift (Fig. S2.9d). Yet, it still deviates from a perfect 
polymer-to-monomer depolymerization, particularly when mass loss is < 70% where 
leached long chains and oligomers (in the form of micro- or nano-plastics) make up ~20% of 
the total mass. Despite SAXS and DSC suggesting PF operates by processive chain scission, 
between 35 to 75% PCL mass loss by embedded PF-RHP, 10-15% of the total PCL mass 
consistently existed as leached long chains and oligomers (Fig. S2.9f). We hypothesized that 
although PF has the appropriate chemistry and binding pocket depth to processively 
pull/translocate PCL chains, because its pocket volume is too large (i.e., too wide and non-
tunnel-like), chains can thread through and skip multiple ester bonds without being 
hydrolyzed (Fig. 2.4). Finally, BC-RHP, AO-RHP, and AO had near 100% < 4-mer product 
distributions at all % mass losses (Figs. 2.7b and S2.10). Averaged across all measured % 
mass losses the total mass that existed as leached long chains and oligomers were -
0.2±2.6%, 3.0±5.1%, and 3.3±2.4% respectively. However, BC with no RHP at 100% film 
mass loss had 22±4% of total PCL mass as leached chains > 500 Da. This supports 
hypothesis that RHP is necessary to prevent enzyme leaching from the polymer matrix. AO 
no RHP does not su?er this issue likely because an order of magnitude more AO was 
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embedded than BC so there is a higher concentration of enzymes that have leached into 
solution once bulk films structurally collapse. Moreover, we showed that AO surface 
degradation is much faster than BC surface degradation when normalized by either of 4NPB 
hydrolysis rate or enzyme solution concentration (Fig. 2.2 and Table S2.2). It is likely that 
given more time the PCL micro- and nano-plastics will be degraded by BC in solution. 

Control experiments were done degrading ~2.5 mg films in ~50 mL water (0.00025 mg 
enzyme / mL bu?er solution) at 40°C, with and without RHP to test our embedded enzyme 
leaching without RHP hypothesis. This experiment further provided an isolated embedded 
enzyme degradation product distribution (i.e., minimized impact of degradation by leached 
enzyme in solution). AO without RHP can reach 100% film mass loss within 24h in ~50 mL 
water. GPC of the resulting film and lyophilized products in solution showed that 3.0±3.6% 
total mass remained as long chains >10kDa, comparable to 3.0±1.7% for 1 mL PBS 
degradation (Fig. 2.7c). However, in ~50mL water degradation a large, broad oligomer peak 
consisting of 13.7±9.1% total mass is observed at ~19 min elution peak with a long, left tail. 
This is the isolated, non-negligible contribution of purely surface degradation. In 1 mL PBS 
degradation, leached enzymes can continue degrading from solution, resulting in 0±0% 
oligomers in the 0.5-10 kDa range. Control triplicate films of pure PCL in ~50 mL water 
showed no mass loss after 24 hours in 0.00025 mg/mL AO solution. In comparison, AO-RHP 
embedded degradation at ~66% PCL mass loss in 1mL PBS and ~50mL water both had ~30-
40%, ~2-5%, and 55-65% of total mass as >10 kDa, 0.5-10 kDa, and <500 Da respectively. In 
other words, only 2.0±4.8% of total mass is >500 Da when the intact film has lost ~66% mass. 
This supports the hypothesis that RHP prevents enzyme leaching and that maintaining 
embedded, non-leached degradation can skew product distribution to smaller molecules. 

PCL degraded by embedded BC without RHP to 100% film mass loss within 24 hours 
in ~50 mL water was shown by GPC to have 20.7±6.8% of total PCL mass as >10 kDa leached 
chains in solution. This is similar to degradation in 1mL PBS where 22±4% of total PCL mass 
was > 10 kDa. However, like with AO, surface degradation in the small volume environment 
resulted in 0±0% oligomers in the 0.5-10 kDa range. Whereas in the larger degradation 
volume where leached enzymes are too low in concentration (0.000025 mg/mL), a total 
mass of 15.0±13.1% remained as 0.5-10 kDa oligomers in solution. Thus, we have shown 
that despite AO and BC degrading PCL with vastly di?erent mechanisms, the e?ect of RHP 
is the same. Without RHP you have leaching. Although no additional >10kDa polymer chains 
micro-/nano-plastics are released into solution, additional oligomers between 0.5 – 10 kDa 
are released comprising up to 30% of the PCL film’s initial total mass. 

Ultimately, we have shown that there are multiple possible pathways an enzyme can 
follow to degrade semi-crystalline plastic. All 5 investigated enzymes were able to degrade 
both crystalline and amorphous regions of PCL plastic films. A binary categorization 
separating plastic degradation mechanisms into processive and distributive (random) chain 
scission is too simplistic. Although that simplified model o?ers some utility for plastic 
hydrolysis by enzyme solution, it o?ers minimal value for analyzing embedded enzyme 
degradation. SAXS and DSC showed that 5 lipases each degraded embedded PCL with a 
unique mechanism, and GPC showed that those mechanisms manifested in unique product 
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molecular weight distributions. Future work should investigate promising features of AO in 
relation to hydrophobic polyester degradation. From an engineering perspective it serves as 
a good target for RHP optimization. The non-charged 3-monomer RHP showed improved 
activity and provided evidence that optimization is feasible, however the design goal should 
be to nanoscopically disperse AO with leaching prevention while maintaining or improving 
degradation rate compared to AO embedded without RHP. There is also abundant 
foundational knowledge that can be extracted from deeply understanding the mechanism of 
AO degradation as was done for BC in Chapter 1. This would provide an alternative enzyme 
design paradigm for sustainable plastic biodegradation. 

 

 
Figure 2.7 | Embedded enzyme degradation product molecular weight distribution of 

poly(caprolactone) (PCL), measured by gel permeation chromatography (GPC). All spectra 
are mass normalized by initial mass of films pre-degradation. A. Evolution of PCL mass 

distribution with increasing mass loss split into 3 categories: long chains, (>10 kDa) short 
chains and oligomers (0.5-10 kDa), small molecules (<500 Da, 4-mer or less), as measured 
by integrating area-under-curve (AUC) from mass normalized GPC spectra B. 0.5wt% AO, 

AO-RHP (0.5-1 wt%), and purified BC (0.05wt%) embedded films degraded in 1 mL PBS, C. 
and 50 mL Milli-Q water.  
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2.6 In silico degradation mechanism prediction via molecular simulations 

We were unable to predict embedded polyester degradation mechanism in silico due 
to the medley of mechanisms unveiled by characterization across the investigated enzymes.  
More sophisticated featurization and experimental data are required. Featurization could be 
improved by developing a more precise definition of geometry and chemistry by constructing 
a feature vector that captures 3-dimensional spatial distributions of surface chemistry and 
pocket depth. For example, we hypothesized that for BC, the bulk of the binding pocket is 
hydrophobic to attract hydrophobic PCL chains to stably dock in position for hydrolysis to 
occur. However, at the exiting end of the pocket is a polar patch to attract the carboxylic acid 
end group that is generated post-hydrolysis to processively pull the chain through the pocket 
and position the next ester bond at the catalytic serine (Fig. 2.8a).18 To visualize this 
processive chain slide, we performed molecular simulations of PCL oligomers docking onto 
enzyme binding pockets and metadynamics simulations of any possible chain slides 
through the binding pocket. This method may allow for the high throughput generation of 
mechanism characterization data in silico. Which, when coupled with advanced 
featurization, may lead to an improved understanding of how to predict and design enzymes 
that can depolymerize crystalline lamellae.  

Semi-flexible molecular (Glide) docking simulations were performed docking a PCL 
dimer ligand on the binding pockets of all enzymes that were experimentally tested. We 
rationalized that a semi-flexible system may mimic an embedded enzyme where PCL chain 
ends have mobility, but the enzyme is largely conformationally trapped due to confinement. 
The top 20 docked poses were generated and analyzed for evidence of a potential processive 
chain slide pathway through the enzyme binding pocket. Our criteria for what constituted 
evidence for potential processivity were that within the top 20 docked poses there existed (1) 
poses with favorable binding a?inity (i.e., negative docking scores) that (2) exist in pre-slide 
and mid/post-slide configurations that (3) have an incentivized motion trajectory (i.e., poses 
move from higher to lower docking score). PCL docked on the lid-open binding pocket of BC 
exhibited the potential for a clear processive chain slide pathway (Fig. 2.8a). Surprisingly, 
molecular docking indicated that AO might have a processive chain slide pathway as it fits 
all our criteria (Fig. 2.8b). However, it is evident that the pocket is significantly shallower, and 
docking is less stable, as indicated by the significantly lower docking scores (-0.1 to -0.7 
kcal/mol) in comparison to those of the PCL dimer docked on BC (-4.5 to -5.8 kcal/mol). This 
could explain the distributive chain-scission mechanism suggested by DSC and SAXS, as the 
PCL chains are far more likely to dissociate o? the AO active site rather than sliding through 
it processively. Moreover, there is no large polar patch on the opposite side of a hydrophobic 
across the AO pocket to create clear entry and exit pathways for the chain to follow. 

Disappointingly, none of the other enzymes showed any signs of processive chain 
slide that could unlock a crystalline lamella (Fig. S2.11). This includes PF, that DSC and SAXS 
experimentally suggested could processively pull PCL chains. However, the structure of PF 
was generated via AlphaFold 2 and as a result there may be some caveats to this result 
(Methods and materials). Further complications to acknowledge are that PCL dimers are 
only an approximation and long chain PCL may dock completely di?erently. Also, it is 
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unlikely that pockets remain rigid during substrate binding. Lipases have characteristic lids 
that can open and close and are important to catalytic activity.52,53 For BC the lid was fixed to 
an open position, for AO the lid was just manually removed (Fig. 2.12). These approximations 
are likely to lead to further deviations between simulated docking and reality. 

 

 
Figure 2.8 | Molecular docking of polycaprolactone (PCL) dimers (green) onto crystal 

structures of A. BC in lid open conformation B. AO with lid manually removed. The top 3 
poses and their docking energy scores are shown, with illustrative arrows suggesting a 
possible processive chain slide pathway from least to most stable docked structures, 
passing across the catalytic triad (yellow). Hydrophobic, polar, positive, and negative 

residues are colored grey, purple, red, and blue respectively. 

 

 Thus, we can see that there are too many issues to make docking a viable prediction 
strategy. A full molecular dynamics simulation would solve several key issues: binding 
pockets would be flexible (lids can open and close), longer chain substrates could be 
accommodated, and instead of interpolation between static substrate poses, a fluid motion 
trajectory can be observed. However, substrate sliding is a relatively slow event in the 
timescale of molecular motion. Once a substrate has stably docked (starting pose) with 
stabilizing interactions between its head group (that has just undergone hydrolysis) and the 
catalytic serine there is a large energetic barrier for its release. Metadynamics was used to 
speed up simulation time. Optimization of simulation parameters was done for a PCL 4-mer 
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initially docked with head group at the catalytic serine in a 315K box of water or octanol to 
mimic surface and embedded degradation environments respectively. Processive chain 
slide motion was observed through the binding pocket of BC within 2 ns (Fig. 2.9a). In 
comparison, using the same simulation parameters, the PCL 4-mer does not chain slide but 
rather flies o? CA showing weak binding interactions that may suggest a distributive (random) 
chain scission mechanism. Simulations were repeated, and screenings were done across 
varying temperatures and gaussian heights (Fig. S2.13). 

Ultimately, it would be ideal to develop a fully in silico pipeline to discover or evolve 
enzymes with mechanisms that can (1) unlock crystalline lamellae depolymerization and (2) 
have monomeric products rather than micro-/nano-plastics or oligomers. The pipeline can 
be generalized for use across target substrate plastics (e.g., PLLA, PBAT) that are sustainably 
sourced but do not have existing recycling infrastructure and do not biodegrade in short 
enough timescales. The pipeline would work synergistically with high throughput sequence 
screening, accurate sequence-to-structure prediction, and AI-driven acceleration. We hope 
this work has demonstrated the importance for enzyme engineering for plastic 
biodegradation to not only focus on catalysis rate but also on the ability for enzymes to 
degrade semi-crystalline substrates to recyclable or mineralizable final products. 

 

 
Figure 2.9 | Metadynamics simulation of processive chain slide. Snapshots taken from 
metadynamics simulations of PCL 4-mer (green) docked to the binding pockets of A. BC 
and subsequent successful chain B. CA and subsequent unsuccessful chain slide. Full 

video of BC processive chain slide: www.youtube.com/watch?v=OViXEAkaRm0 

  

http://www.youtube.com/watch?v=OViXEAkaRm0
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2.7 Methods and materials 

Enzyme binding pocket identification and featurization algorithm: is available and 
described at https://github.com/ivanjayapurna. A caveat on AlphaFold2 (AF2) generated 
structures: originally, we wrote this algorithm intending it to couple it with AF2 to do high 
throughput in silico screenings for enzyme sequences with ideal PCL degrading binding 
pockets. However, we found that many AF2 generated structures were unreliable, 
possessing long tails with extremely low confidence scores that are likely intrinsically 
disordered regions that the model is unable to accurately predict. We compared sample 
hydrolases with known crystallographic structures to AF2 generated structures and the 
catalytic triads had significant di?erences in the surrounding residues that made up the 
active sites. We leave this in silico screening pipeline on non-structurally characterized 
sequences as future work. 

Enzymes: were all purchased from Sigma-Aldrich. Lipase from Burkholderia cepacia (BC) 
was purified following previously established procedures.54 All other enzymes were used as 
purchased. Concentration of enzyme stock solutions were made to 1 mg/mL of enzyme in 
Milli-Q (MQ) water and quantified using ultraviolet–visible (UV-vis) absorbance at 280 nm. To 
get A280 signal, BC was 10x concentrated, PF was 5x concentrated, RO was 3x concentrated 
and CA was 2x concentrated. Full details for each abbreviated enzyme in Table S1. 

Random heteropolymers (RHP): (Mn = 31 kDa; polydispersity, PDI = 1.44) was synthesized 
as previously reported following a monomer molar composition of 50% methyl methacrylate, 
20% ethyl hexyl methacrylate, 25% oligo ethylene glycol methacrylate (Mn = 500 g mol-1), and 
5% sulfopropyl methacrylate potassium salt.55 Non-charged (Neutral),  3-monomer RHP (Mn 
= 31 kDa; polydispersity, PDI = 1.36) was similarly synthesized following a monomer molar 
composition of 51% methyl methacrylate, 22% ethyl hexyl methacrylate, 27% oligo ethylene 
glycol methacrylate (Mn = 500 g mol-1). 

4-Nitrophenyl butyrate (4NBP) hydrolysis assay: 4NPB was used as a small molecule ester 
substrate to test enzyme activity with and without RHP. Enzyme solution was either first 
mixed with RHP solution in a mass ratio of 2:1, or directly flash-frozen at -80 ºC, and 
lyophilized overnight to form RHP-enzyme complexes. Lyophilized solids were then 
resuspended in 50 uL 1x PBS pH 7.4 and transferred to 96-well plate. 200 µL of 0.5 mM 4NPB 
in 1x PBS pH 7.4 was added. Absorbance at 410 nm was measured for kinetic trials at 30 
second intervals using an infinite M nano plate reader. A regression was performed on the 
linear region of the enzyme activity plot to determine initial rates. All data points were 
performed in triplicate and mass normalized. 

Film preparation and degradation: Polycaprolactone 80 kDa (PCL) was purchased from 
Sigma Aldrich. PCL was dissolved in toluene at 4 wt% concentration and stirred for at least 
4 h at 55 °C to ensure complete dissolution. For degradation by enzyme solution, PCL-
toluene solution was stirred for ~30 min before directly casted on a glass slide and air dried 
overnight at room temperature to an average film thickness of 20 µm. For embedded enzyme 
degradation, enzyme solution in water was either first mixed with RHP solution in water in a 
mass ratio of 2:1, or directly flash-frozen at -80 ºC, and lyophilized overnight to form RHP-

https://github.com/ivanjayapurna
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enzyme complexes. The dried solids were resuspended directly in the polymer solution at 
either 0.05 wt% (20:1 RHP:enzyme ratio) for purified enzymes or 0.5 wt% (2:1 RHP:enzyme 
blend ratio) for commercial enzymes. Mixtures were vortexed for 5 min, cast on a glass slide 
and air-dried overnight at room temperature to an average film thickness of 20 µm. 

Triplicates of rectangular films with an average 2.5 mg initial mass were degraded in 
1x pH 7.4 phosphate bu?er solution (PBS) in a 40°C water bath. For enzyme solution 
degradation, 4NPB hydrolysis activity-normalized quantities of aqueous enzyme were 
pipetted into the bu?er solution prior to 40°C incubation. Most trials were done in 1 mL PBS, 
large volume trials were done in ~50 mL Milli-Q water. Films were removed from at 
designated time points ranging between 0.5 to 168 hours. Any residual bu?er salts or soil 
were washed with Milli-Q water or removed by gentle air blowing, then lyophilized overnight, 
then weighed to determine mass loss. 

Film characterization: Crystallinity of the films were determined using di?erential scanning 
calorimetry (DSC), with a temperature ramp from 20 to 75°C at a rate of 1.5 °C min−1. To 
determine the percent crystallinity, the sample's integrated enthalpy of melting was 
normalized against the enthalpy of melting for 100% crystalline PCL, 151.7 J g−1.56  

Gel permeation chromatography (GPC) was used to monitor molecular weight 
distribution as a function of degradation. Partially degraded films and degradation product 
solution were lyophilized overnight and dissolved in tetrahydrofuran (THF). 20 µL of solution 
was injected into an Agilent PolyPore 7.5 × 300 mm column. GPC spectra were baseline 
corrected and area-under-the-curve normalized by initial film masses using a custom 
Python script. A calibration curve of PCL standards was used. 

For SAXS studies, 20-30 μm-thick films were folded 4 times to reach 160-240μm-thick 
film samples and run at the Stanford Synchrotron Radiation Lightsource (SSRL) SLAC 
National Accelerator Laboratory beam line 1-5 using 15 keV X-rays, 5 minutes of exposure 
time, beam nominal spot size of 300x500 μm and a Pilatus 1M detector at 3 m distance. AgBe 
and glassy carbon were used as calibrants. Air background was subtracted from all 
processed data. Images were plotted as intensity (I) versus q, where q = (4π/λ)sinθ, 
where λ is the wavelength of the incident X-ray beam and 2θ is the scattering angle. The 
sector-average profiles of SAXS patterns were extracted using Igor Pro with the Nika package. 

Black and white, reflection mode, polarized optical microscopy (POM) images taken 
of plastic films on a heating stage covered by a box to eliminate external light, wind, and dust 
interference. As-cast images captured and focused on. Samples were then heated to melt 
at 90°C at a ramp rate of 30°C/min. Films were held for 2 minutes at 90C then temperature 
was cooled to 49°C at ramp rate of 2°C /min. A 24-hour time lapse with 5-minute imaging 
intervals was started to capture spherulite growth at 49°C. 

Molecular simulations: were performed on Schrodinger Maestro. Protein PDB files were 
processed by the protein preparation wizard to delete extraneous ligands, add missing 
hydrogens, correct hydrogen bonding network, and minimize. Enzymes with closed lid 
structures were manually opened. The ligand, a 2-mer or 4-mer of PCL with -COOH end 
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group to mimic the product of hydrolysis, was manually drawn and optimized using Ligand 
Prep using default settings. Cubic docking grids were generated of length 20Å and centered 
about the catalytic serine. Glide docking was done considering the enzymes as rigid and the 
top 20 poses were generated. 

Metadynamics simulations were performed using a PCL 4-mer docked in a 
hypothesized pre-slide position on the enzyme binding pocket in a water or octanol box as 
the starting state. Water was chosen to mimic enzyme solution degradation and octanol was 
chosen to mimic the hydrophobic environment of embedded enzyme degradation. 
Collective variable was set between the catalytic serine oxygen and the center of mass of 
the 7 atoms of the PCL head group. Gaussian hill heights were varied between 0 – 0.05 
kcal/mol, temperature was varied between 285 - 315K, and simulations were run for 15-30 
nanoseconds. 
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Chapter 3 

Modulating protein stability via intermolecular protectants 

 

3.1 Industrial bioactive plastic processing 

Bioactive plastics e.g., plastics with embedded biotic species such as proteins, are 
versatile functional materials that leverage nature-optimized designs in human-engineered 
systems. At present they are mostly pharmaceuticals and smart food packaging with 
embedded antimicrobial agents.1,2 However, bioactive plastics are also excellent for 
heterogeneous catalysis applications such as water purification, as unlike solution catalysis, 
solid films can be easily transported and placed in varying environments in situ without 
facing post-reaction separation issues. The range of synthesizable bioactive plastics was 
significantly broadened with the development of random heteropolymers (RHPs), 
amphiphilic copolymers that can stabilize proteins in non-native environments such as 
organic solvents.3 RHPs can make ordinarily fragile proteins compatible with solvent-casted 
plastic processing by preventing their misfolding and aggregation en route to solid-state 
encapsulation.4 External small molecules aside, the substrate for heterogeneous catalysis 
could also be the plastic matrix itself. Nanoscopically embedding enzymes into 
biodegradable plastics is a promising approach to modulating degradation latency, 
eliminating single-use plastic waste, and mitigating microplastic formation.5–10 

Unfortunately solvent processing using volatile organic compounds is not 
environmentally sustainable and thus is often legally restricted.11 For industrial relevance at 
scale, proteins must be compatible with traditional melt extrusion and additive 
manufacturing plastic processing, in which plastic pellets are heated at high temperatures 
to melt, mixed with additives for a residence time, extruded, then molded or air blown to 
shape.2,12 Proteins must retain folded structure after incubation in high temperature polymer 
melts for the duration of the residence time to achieve commercially viable bioactive 
plastics. Residence times are highly dependent on the polymer, extruder type and operating 
parameters, and are usually minimized because polymers at high temperatures can also 
thermally or hydrolytically degrade. Poly(lactic acid) (PLA) is a commercially relevant 
platform for bioactive plastic processing exploration. In 2023, PLA represented 31% of the 
2.18 million metric tons of global bioplastics produced annually.13 Reported PLA residence 
times vary from as low as 20 seconds to as high as 8 minutes, with most on average being 
under 5 minutes.14,15 Thus, enzymes that degrade PLA must retain folded structure after ~5 
minutes of residence time in viscoelastic polymer melt above the maximum plastic melt 
temperature (Tm) i.e., 150-200°C for PLLA.14 This temperature is common for most 
commercial plastics that range in Tm from 100-200°C. After extrusion, the enzymes must 
remain catalytically active at 40-65°C to match compost conditions.16 

Most enzymes denature in aqueous solutions as temperatures approach 60-80°C, 
and even the most hyperthermophilic proteins are only thermostable up to 117°C.17 Above 
110°C, molecules such as amino acids and metabolites become highly unstable and 
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hydrophobic interactions significantly weaken. Moreover, these hyperthermophiles evolved 
in extreme environments, so their optimal operating temperatures are also inconveniently 
high. The >100°C thermostability gap to Tm,PLLA is unlikely to be bridged by enzyme 
engineering,18 but rather by the design of protective chaperones. Proteinase K (PK) is the 
most well demonstrated PLLA degrading enzyme, however, it loses all catalytic activity when 
heated in solution is 5-10 minutes at 75°C.19 Recent works have immobilized PK onto 
polyacrylamide microparticles to retain 2% activity after 5 minutes at 200°C,19 and onto ZIF-
8 to retain 61.8% activity after 10 minutes at 160°C.20 However, no existing result is amenable 
for practical use, which requires engineering stable PLLA degrading enzymes such as PK for 
a minimum of 5 minutes of residence time at up to 200°C in PLLA melt. 

RHPs were designed for solution stabilization and have been shown to increase 
protein thermostability in solution.21 It was shown that RHP does not actually prevent 
misfolding but rather chaperones enzyme refolding back to the native structure during the 
cooling process. However, in solution interactions, hydrophobic e?ects dominate, it is an 
open question if that remains true in polymer melts. There are three fundamental ways in 
which protein stability may di?er in polymer melts compared to biological solutions: polarity, 
water deficiency, and viscosity.  Although plastics vary in polarity, in general compared to 
aqueous solutions, most plastics are hydrophobic. In solutions the hydrophobic e?ect is 
dominant. Losing this in polymer melts could cause protein misfolding. However, the large 
body of research on enzyme stability in organic solutions showed that it might help enzyme 
rigidification due to the retention of the core hydrophobic shell – good for stability, bad for 
activity (as a certain degree of flexibility is required for function).22,23 Hydrophobic plastic 
matrices at 200°C will be almost if not entirely water deficient. The lack of water will 
destabilize hydrophobic and hydrogen bonding stabilizing interactions. Finally, considering 
viscosity, the density of amorphous PLA is 1248 g l− 1,24 an order of magnitude higher than the 
estimated total concentration of macromolecules in the cytoplasm, that ranges from 50 to 
400 g l− 1.25 Comparing to enzymes in dilute aqueous solutions, the contrast in molecular 
crowding is even more stark. High viscosity helps some proteins remain stable and causes 
others to misfold depending on interactions. Although Nature has evolved proteins to not 
interact with locally surrounding macromolecules to avoid misfolding, it has done no such 
fine-tuning for synthetic polymer interactions. Thus, we expect high viscosity to hurt rather 
than help protein stability. However, this e?ect may be counterbalanced or exceeded by an 
increase in enzyme structural stability a?orded by immobilization in a viscoelastic state. If 
dynamics are low, perhaps proteins will not have the flexibility to misfold even in a liquid 
polymer melt. 

Here we demonstrated through a series of systematic experiments, fundamental 
di?erences between protein thermostability in polymer matrices and melts, in comparison 
to aqueous and organic solutions. We showed that multiple plastic-degrading serine 
hydrolases are thermostable up to 145-155°C in plastics of varying polarity, both 
biodegradable and traditional polyolefins, as well as melts of varying viscosity. Excitingly, we 
exceeded the engineering goal of stabilizing proteins that catalyze PLLA degradation in PLLA 
melt, by demonstrating that 2 hydrolases: proteinase K from Tritirachium album and 
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protease from Streptomyces griseus, retain activity after >8 minutes of residence time in 
200°C PLLA melt. We achieved this by simply co-embedding the enzymes with MgSO4, and 
subsequently demonstrated that films containing 2wt% enzyme and 10wt% MgSO4 catalyze 
the rapid degradation of their host PLLA films up to 50% mass loss within 24 hours at 40°C. 
This o?ers a cheap, simple, and scalable enzyme-salt additive for bioactive and truly 
compostable plastic melt processing. We further showed that the deactivation temperature 
is universal across the tested hydrolases that span a diverse range of secondary structures, 
and that the stabilization e?ects of MgSO4 are universal. However, control experiments 
showed that these results are not purely due to local hydration modulation. Specific 
structural change and/or chaperoned refolding must also be occurring. However, several 
fundamental questions remain and thus we conclude this chapter by laying out a proposed 
roadmap for subsequent investigation. 
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3.2 Thermostable proteins in 200°C polymer melt 

The primary engineering goal of this study is to enhance protein stability during 
industrial polymer melt extrusion. However, even micro-extruders on a lab scale produce 
films of at least gram-scale, making melt extrusion ine?icient for the repetitive screening and 
assaying of biological additives due to material wastage, slow processing, and the 
confounding e?ects of mixing gradients and mechanical shear. Although mechanical 
impacts are relevant to protein thermostability in melt extrusion, they will be left as a topic 
for future exploration. Our current focus is on how the temperature, chemistry, and viscosity 
of stationary polymer melts a?ect protein thermostability. To this end, we developed a proxy 
thermal processing method (Fig. S3.1, Methods and materials). Polymer, enzyme, and any 
intermolecular chaperones were mixed in organic solvent, solution cast, air dried into films, 
and then heat treated for a simulated extruder residence time of 5 minutes. After heat 
treatment, the films were rapidly cooled and assayed for enzymatic activity using a kinetic 
heterogeneous catalysis colorimetric assay. Enzyme embedded films are soaked in solution 
of 4-nitrophenyl butyrate (4NPB), an ester bond containing small molecule whose hydrolysis 
is catalyzed. Product absorbance at 410nm is measured over time, and initial enzyme 
activity rates are calculated via an initial, linear slope fitting. Activity rates of heat-treated 
films were normalized by the activity rates of pre-heat treated (as-cast, AC) films of the exact 
composition, yielding % retained activity (% RA) values that are plotted. Normalization is 
important as it allows for fair comparison across experiments that used di?erent enzyme 
batches, enzyme loading %, or even di?erent enzymes, plastics, or small molecules entirely. 
Varying each of these will result in di?erent extents of activity loss due to misfolding during 
organic solvent processing, AC catalysis rates, and di?usion pathways to and from solid-
state enzymes embedded in hydrophobic films. Thus, normalization removes all the 
confounding variable for comparison of only thermostability in the polymer matrix/melt. 

Applying this method, we found that 2wt% proteinase K (PK) is outstandingly 
thermostable in 155oC 30kDa poly(L-lactic acid) (PLLA30), maintaining 59±10% RA at 155 oC 
(Fig 3.1a). However, PK is fully deactivated by 185oC, and so would not survive melt extrusion 
in PLLA30. PK stability at 155oC was surprising considering without any optimization, 
confinement in PLLA30 resulted in thermostability ~80oC higher than Tm in solution. Recently 
published literature also observed similar results, and may suggest that the molecular 
crowding e?ect of densely entangled polymer chains e?ectively immobilize the enzyme, 
removing the flexibility required to misfold.19,20 Indeed, di?erential scanning calorimetry 
(DSC) showed that at 155oC PLLA30 is above Tg but below the onset Tm (Fig 3.1b, Table S3.1). 
Incredibly, we discovered that the inclusion of just 10wt% MgSO4 enables the retention of 
44±11% RA at 185 oC, 15±2% RA at 200 oC, and 6±2% RA at 215 oC, before fully deactivating 
by 230oC. DSC results further showed that including MgSO4 in films resulted in a minor 
4.1±4.8% (n=6) decrease in film crystallinity calculated from the total integrated area of 
cold-crystallization and melting peaks (Fig. 3.1b). An exact % crystallinity of films was not 
calculated as there are enthalpic relaxation peaks at lower temperatures as PLLA30 heats 
past its Tg that were not measured. Embedding 10wt% MgSO4 resulted in the PLLA30 melt 
temperature mode (Tm) only increasing from 173 to 174oC, and the maximum (Tm,max) 
remained constant at 178oC. Thus, it is safe to conclude that by 185 oC all polymer chains in 
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all films with or without salt are fully melted, and the salt e?ect improves enzyme stability 
rather than plastic matrix stability. 

To test if our proxy assay for retained activity could translate to post heat treated 
plastic degrading activity, we heat treated PLLA30 films for 8 minutes at 185 oC to ensure that 
all films were fully melted. Films were air cooled then incubated for 24 hours in 40oC pH 8.0 
tris bu?er solution. Post-incubation films were lyophilized to remove adsorbed water. Films 
with only 2wt% PK barely decreased in mass by 0.8±0.2%, whereas films with co-embedded 
2wt% PK and 10wt% MgSO4 decreased in mass by 43.4±10.4% (Fig. 3.1c). Macroscopically 
PK only films gained a brown tint, indicative of misfolded and aggregated proteins, whereas 
the PK+MgSO4 films turned completely opaque white and became brittle, indicative of the 
formation of internal porosity. However, films embedded with MgSO4 lost 3.9±0.2% mass, 
suggesting that ~25% of total salt mass leached out of the film. This was expected as prior 
literature has intentionally solution-cast poly(L-lactic acid) with embedded salt and then let 
the salt leach to create microporous foams.24 Given that internal degradation creates 
nanoporous small molecule transport channels (Chapter 1), a higher rate of salt leaching is 
expected in partially degraded films. Yet, even if we assume 100% of MgSO4 leached out in 
the PK+MgSO4 films and subtract that from the mass loss, lower bounded PK degradation 
resulted in 32% PLLA30 mass loss. Additionally, bu?er solution pH was measured after 
removing films with PK+MgSO4 embedded, and it dropped to pH 5. This suggested significant 
lactic acid production and further confirmed PK was made thermostable after 8 minutes at 
185 oC by co-embedding MgSO4 and suggest that degradation rate might have been higher 
had a larger volume or a continuous flow of bu?er solution been used to maintain the 
optimal pH 8. 

In this work the mechanical properties of plastic films were largely neglected. 
Depending on the engineering application, foam-like microporous plastics could be desired, 
however, for plastic packaging where barrier properties are required, this is definitely not the 
case. We screened the thermostability of PK in PLLA30 with varying MgSO4 loading and found 
the optimum to be within the 2-20 wt% range (Fig. 3.1d). In this work 10wt% was used to 
optimize for enzyme activity retention, however in practice the trade-o? with film 
mechanical properties can be considered when picking a desired salt loading. We leave 
further plastic engineering optimization as future work, separate from the upcoming 
fundamental scientific exploration presented herein. Ultimately, we successfully 
demonstrated thermostabilization of a functional enzyme in a mass-produced biopolymer 
using a common salt (MgSO4). These results may pave the way for industrially viable, truly 
compostable and/or bioactive plastics. 
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Fig 3.1 | MgSO4 thermostabilizes Proteinase K (PK) in 30kDa Poly(L-lactic acid) 

(PLLA30). For all bar plots triplicates were averaged and standard deviations were plotted 
as error bars. A. % Retained activity of PK, PK and MgSO4, and control films with no additive 
after heat treatment for 5 minutes at temperatures ranging from 155-250oC. B. Triplicates of 
di?erential scanning calorimetry (DSC) spectra of films containing no additive (Pure), 2wt% 

PK, 10wt% MgSO4 and both together. C. % Mass loss of 8 minute 185oC heat treated films 
with no additive, 2wt% PK, 10wt% MgSO4, and both after 24 hours in 40oC pH 8.0 tris bu?er. 

D. Activity rate of 2wt% PK co-embedded with varying ratios of MgSO4 as-cast (AC) and 
heat treated for 5 minutes at 155 and 185 oC. 
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3.3 Universal rules governing protein thermostability in polymer melts and matrices 

We next investigated if the remarkable observed protein thermostability in plastic 
melt that is further enhanced by co-embedding MgSO4 is universal or system specific to PK 
in PLLA30. We systematically screened thermostability across various proteins-polymer 
pairings. The thermostabilities of 5 hydrolases: PK, AO, BC, BL, SG and 1 fluorescent reporter 
protein: GFP (Methods and materials), were investigated across 6 plastics: PLLA30, PLLA85, 
PLLA100, PMMA, PCL, PS (Methods and materials). The enzymes are relatively pure 
A260/A280 ~0.6, with only SG slightly less pure at ~0.65 (Fig. S3.3). Turbidity of all enzyme 
solutions was also low, quantified by absorbance at 320nm. Enzyme surfaces features were 
computationally extracted using the pipeline developed in Chapter 2 (Fig. S3.4). 3 enzymes 
originate from bacteria, 2 from fungi. 2 of the hydrolases are lipases and 3 are proteases. 2 
enzymes contain Ca2+, 1 has both Ca2+ and Na+, and 2 have no metal ions. Chemical surfaces 
of proteins are relatively similar overall, with the largest discrepancy being AO having the 
most charged surface with ~25% charged residues that are more negative, while SG has the 
least charged surface at only ~10% coverage, of which more are positive. All enzymes are 
extremely spherical, and notably is SG uniquely beta-sheet dominant (~60% beta-sheet, ~35% 
random coil), while all other enzymes are <35% beta-sheet, with a more equal distribution 
(35-45% alpha-helix, 40-60% random coil). Plastics investigated ranged in polarity and in 
molecular weight (Mn) from ~30-500kDa. The three PLA films and PCL are semi-crystalline, 
while PMMA and PS are amorphous. These features were hypothesized to be predictive of 
embedded enzyme thermostability and were summarized in Table S3.1. 

Thermostability screens of PK, AO, BC, and BL across six plastics showed that all 24 
combinations had 0% RA after heat treatment by 155-165 oC. Up to 145 oC, AO and PK were 
generally more thermostable across plastics in comparison to BC and BL. There are 2 
notable enzyme-plastic pairing exceptions to this that stand out as more thermostable than 
the rest: BC-PCL and BL-PMMA. Interestingly, the % RA of PK, BC and BL seems to decrease 
from 135-165 oC with a smooth exponential decay, however, AO experiences a sharp step-
function drop in % RA between 145 and 155oC. This could be due to AO glycosylation that 
was observed in Chapter 2. Despite these variations in enzyme thermostability after heat 
treatment in the 135-145 oC range, the overwhelming result remains that none of the protein 
nor plastic features are significant when pushing towards Tm,PLA. Importantly, although 165oC 
happens to be the onset of PLA melting, this temperature marks no significant chain 
conformation or dynamics transition for any of the other 3 plastics. This screening was also 
repeated with enzyme loading increased from 1-2wt% to 10wt% (Fig. S3.6). The same 
outcome was observed, demonstrating that thermostability cannot be increased by 
increasing enzyme loading. These results point to some universal mechanism of 
deactivation that is independent of surface chemistry interactions and chain density 
confinement e?ects. 
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Fig 3.2 | 155oC universal deactivation across 24 protein-plastic pairings. The retained 
activity % of 4 Hydrolases (labeled in the legend titles) were screened across 6 plastics 

from 135 to 175 oC. 
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Water is the remaining universal factor. We hypothesized that universal misfolding 
across all protein-plastic pairings was due to evaporation of solid-state water bound to 
enzyme (hydration shell layer), RHP and oxygen groups in polyesters. This temperature would 
be relatively agnostic to variations in surrounding plastic, enzyme chemistry and matrix/melt 
morphology. If this were true, the role of MgSO4 could therefore be to modulate the water 
molecules local to embedded enzymes. MgSO4 is a well-known dehydrating agent, can form 
various highly hydrated states, and thus absorb or release water depending on 
environmental humidity.26–28 We screened various protein-plastic pairings with and without 
MgSO4 to test the universality of its thermostabilizing e?ect. In short, MgSO4 boosted the 
thermostability of every pairing tested. When plastic is varied from the more polar PLLA30 to 
the most hydrophobic PS, PK was still thermostabilized by MgSO4, retaining 34±3% RA after 
185 oC heat treatment (Fig 3.3a). PK only control films with no salt under the same conditions 
were completely deactivated (~0.1% RA). We further showed that in addition to PK, all of AO, 
BC, and SG can be thermostabilized in PLLA by MgSO4 up to heat treatment of at least 185oC, 
demonstrating universality across hydrolases even with significantly varying secondary 
structures, species of origin, metal ions and native substrates (Fig. 3.3b). An important 
caveat is that SG was shipped with calcium acetate (CaAc) for solubility and was used as 
purchased without desalting. SG-CaAc had 53±9% and 5±1% RA after 185 oC and 200oC heat 
treatments respectively. When MgSO4 is co-embedded with SG and CaAc, both increased to 
140±3% and 99±15% RA after 185 oC and 200oC heat treatments respectively. >100% RA 
indicates that MgSO4 also stabilizes SG-CaAc in organic solvent during solution casting. It is 
very likely that this combination could be pushed farther than the 230 oC max temperature 
observed for PK- MgSO4 in PLLA. 

Prior literature demonstrated SG had PLLA degrading activity,29 thus we performed a 
similar degradation experiment as was done with PK in Figure 3.1c, with SG (Fig. 3.3c). 
Similar to PK, post-heat treatment PLLA degradation results were in line with the results from 
post-heat treatment proxy small molecule degradation assays. SG-CaAc lost 3.9±0.2% 
mass, while co-embedding MgSO4 boosted this to 22.2±8.5% mass loss. Assuming 100% of 
MgSO4 leached, the lower bound for PLLA mass loss is ~7%, a slight increase from the SG-
CaAc film with no MgSO4. Control films with no enzyme only changed in mass by 0.1±0.4%. 
The significant reduction in PLLA mass loss over 24 hours by SG compared to PK is likely not 
an issue of thermostability but rather one of enzyme-substrate promiscuity (Chapter 2). 

Finally, to test if the remarkable observed protein thermostability in plastic melts 
generalizes beyond hydrolases, we followed the same processing and heat treatment 
procedure to embed GFP in PLLA. Instead of a colorimetric kinetic assay, fluorescence of 
films was simply measured (Methods and materials). Figure 3.3d shows that all 5 
hydrolases we screened are unusually stable in solvent-casting processing, as GFP films has 
near-zero fluorescence even as-cast (prior to heat treatment). GFP films co-embedded with 
random heteropolymers (RHPs) to chaperone the solvent processing, showed significant 
fluorescence as-cast, but almost entirely deactivates by 145 oC. The key region for GFP is a 
buried chromophore, compared to the surface-exposed binding pockets of the 5 hydrolases 
we tested. It remains an open question why this behavior is di?erent, and if MgSO4 as well 
as CaAc are universal beyond hydrolases to stabilize all proteins in al plastics.  
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Fig 3.3 | MgSO4 universal thermostabilization across all hydrolase-plastic pairings. For 
all bar plots triplicates were averaged and standard deviations were plotted as error bars. 
A. % Retained activity of PK, PK and MgSO4, after heat treatment for 5 minutes in PS. B. % 
Retained activity of AO, BC and SG-CaAc with and without MgSO4, after heat treatment for 

5 minutes in PLLA80. C. % Mass loss of PLLA30 films with no additive, 2wt% SG-CaAc, 
10wt% MgSO4, and both, all heat treated for 8 minutes at 185oC, after 24 hours in 40oC pH 

8.0 tris bu?er. D. Fluorescence of GFP embedded PLLA80 films with and without a 4-
monomer random heteropolymer (RHP) as cast, and heat treated up to 5 minutes in 185 oC. 
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3.4 Salt-enzyme-polymer specific thermostabilizing interactions 

To test the bound hydration water evaporation hypothesis, we did a modified heat 
treatment procedure where instead of an oven (dry environment) we heat treated in an 
environment saturated with  ³99% relative humidity steam (Figure S3.1). In such an 
environment we minimize the driving force for evaporation. PK, AO, and BC in PLLA were 
steam heat treated, with results matching those done in the standard, dry heat treatment 
setup, as all 3 enzymes fully deactivate by 155oC (Fig. 3.4a). To further probe our hydration 
hypothesis, we screened PK thermostability in PLLA with several salts that can form highly 
hydrated states (Fig. 3.4b). Although lanthanides are extremely hygroscopic, all 3 tested 
(nitrates of Eu, Nd and Dy) deactivated enzymes completely prior to heat treatment. This 
suggests there was likely a binding interaction that was too strong, causing PK to misfold. 
Like MgSO4, MgCl2 and Mg(NO3)2 are common hygroscopic salts and share the same cation 
that was able to significantly improve the thermostability of all tested hydrolases in all tested 
plastics.26 However, even these common salts fully deactivated PK in PLLA as cast. Future 
work should be done to determine if this deactivation is occurring during aqueous mixing, 
lyophilization, organic solvent mixing or when dried into solid state. Na2SO4 and ZnSO4 are 
common hygroscopic salts that share the same anion as MgSO4. Co-embedding these salts 
with PK in PLLA did not immediately kill the enzyme during solvent processing, however, they 
also did not improve the thermostability of PK without salt. Only cobalt acetate (CoAc) 
successfully managed to retain PK activity after heat treatment at 185 oC. Perhaps CoAc 
stabilizes PK by the mechanism by which CaAc stabilizes SG. However, it should be noted 
that the CoAc mixture was extremely insoluble in organic solvent, so it’s likely most of the 
salt, and a large portion of salt-bound enzyme, did not end up in the plastic films. Together, 
these results showed that the universal deactivation of all tested hydrolases in all tested 
plastics at 155-165 oC as well as the thermostabilization mechanism of MgSO4 are not purely 
water/hydration driven phenomena. 

Our next hypothesis was that ionic salts are binding to hydrolases, resulting in 
specific structural changes and/or are enabling chaperoned refolding during the cooling 
process after heat-treatment. These specific structural changes/chaperoned-refolding must 
come from interactions between protein-cation, protein-anion, or both. The Na2SO4 and 
ZnSO4 results show that MgSO4 does not thermostabiliize enzymes by a specific sulfate 
anion e?ect alone. However, we cannot as easily conclude the same for the Mg2+ cation, as 
both MgCl2 and Mg(NO3)2 completely killed embedded enzymes as-cast. Enzymes likely 
aggregated and/or misfolded during the solvent-processing, which is likely a separate 
mechanism, not correlated to thermostability in plastics. Given that MgSO4 does not 
deactivate PK during solution processing, we next investigated if the chloride and nitrate 
anions were responsible. We chose salts with ammonium and potassium cations that would 
likely not strongly interact with PK detrimentally. Thermostability assay results showed that 
nitrates indeed almost entirely deactivated as-cast PK in PLLA (Fig. 3.4c). However, 
surprisingly NH4Cl and KCl not only did not deactivate PK in solution, but KCl even increased 
PK stability in PLLA up to 5 minutes at 175 oC. Despite not being as e?ective as MgSO4, this 
is still a significant increase. 
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KCl having moderate success further supports the specific ionic interactions 
hypothesis over the initial hydration modulation hypothesis, as it is not hygroscopic and 
does not form highly hydrated states. As with MgSO4, we then tested the universality of KCl 
as a stabilizer across varying hydrolases and plastics. Without KCl, BL is fully deactivated by 
heat treatment at 155oC in both PLLA and PMMA (Fig. 3.4d). We showed that BL was 
stabilized by KCl in PLLA and retained 34.9±5.1% RA after heat treatment at 195 oC. However, 
this extreme stabilization increase by KCl was not observed in PMMA, where retained activity 
only increased to 5.2±1.1% and 3.4±1.2% after heat treatment at 155 and 175 oC respectively. 
Thus, unlike how MgSO4 was able to successfully stabilize all hydrolase-plastic pairings 
tested up to at least 5 minutes at 185oC, KCl could only demonstrate a similar e?ect for BL-
PLLA, and not BL-PMMA nor PK-PLLA. Interestingly, this shows that there must be a specific 
salt-enzyme-plastic tri-interaction. KCl also was shown to have a much higher optimal salt 
loading compared to MgSO4, with an optimum loading to thermostabilize 1wt% BL in PLLA 
being somewhere between 10-100 wt%. This further demonstrates that although MgSO4 and 
KCl are both ionic salts, they may be thermostabilizing enzymes with entirely di?erent 
mechanisms, one that is universal and one that is salt-enzyme-plastic specific.  

 

 
Fig 3.4 | Thermostability screen with varying salts, plastics, and enzymes. For all bar 

plots heat treatment was done for 5 minutes, triplicates were averaged, and standard 
deviations were plotted as error bars. A. % Retained activity of PK, AO, and BC in PLLA80, 

after heat treatment in ³99% RH air environment. B. Activity rate of 2wt% PK in PLLA80 co-
embedded with varying hygroscopic and e?lorescent salts. C. Activity rate of 2wt% PK in 

PLLA80 co-embedded with salts with chloride and nitrate anions. D. % Retained activity of 
BL in PLLA and PMMA with and without KCl. E. Activity rate of 1wt% BL co-embedded in 

PLLA with varying ratios of KCl as-cast (AC). 
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3.5 Future work 

 This work lays the foundation for understanding protein stability in polymer melts. In 
successfully demonstrating extreme protein thermostabilization, we have raised more 
questions that provide fertile ground for future investigations. The key gap is a molecular 
understanding of what is happening to proteins during film processing and heat treatment. 
Developing reliable methods to probe the evolution of protein structures in polymer melts 
and matrices before, during and after heat treatment could lead to an understanding of the 
mechanisms by which MgSO4, KCl and to an extent CoAc and CaAc, are able to stabilize 
proteins. We propose a 2-phased future investigation. 

 First, we investigate if protein structure is changing upon confinement with and 
without salt. This can be done by comparing the secondary structure distributions of 
proteins with and without co-lyophilized salts in aqueous circular dichroism (CD) and post-
embedding into plastic films via solid-state CD. A good starting set of salts to screen would 
include a seemingly universally thermostabilizing salt (MgSO4), and chemically similar salts 
that fully deactivate enzyme prior to heat treatment (MgCl2) and that neither increases nor 
decreases thermostability (Na2SO4). KCl would also be interesting as a second successful 
thermostabilizer that may operate via a di?erent mechanism. 

In Phase 2 we utilize the same characterization platform to probe protein structural 
change with and without salt before and after heat treatment. We ideally want to specify if 
proteins are misfolding and aggregating at high temperatures or during the cooling process. 
Similarly, are salts bu?er protein structural changes at high temperatures, or if they are 
chaperoning their refolding during the cooling process? This could also be investigated by 
increasing the thermal annealing time to find the maximum at 185oC and contrasted with 
multiple short cycles of heating and cooling. As a side-benefit this would yield practical 
engineering knowledge to inform bioactive plastic melt extrusion processing guidelines. 

Better mechanical properties could be achieved by using intermolecular chaperones 
that are more miscible in organic solvents and plastics than the inorganic salts used herein. 
Organic salts or random heteropolymers (RHPs) would achieve far superior nanoscopic 
dispersion. Perhaps charges could be incorporated onto RHPs to mimic the 
thermostabilizing e?ects of ionic salts such as MgSO4 or KCl. Alternatively, 4-component 
systems of plastic-enzyme-salt-RHP could be developed to achieve thermostability, 
nanoscopic dispersion, and minimize leaching. GFP is the prime candidate to begin this 
exploration as if GFP can be thermostabilized in a PLLA-GFP-Mg2SO4-RHP system, that 
would demonstrate the broad thermostabilizing e?icacy of Mg2SO4 beyond hydrolases and 
show that ionic salts and RHPs can have synergistic e?ects. Going down this route would be 
a combinatorially complex search space and would greatly benefit from in silico and robotic 
high throughput assays to accelerate exploration. Computational tools to understand how 
RHPs may interface with protein surfaces would also be extremely valuable to unlock more 
fine-tuned, rational design. Thus, we enter the second half of this dissertation, in which we 
focus on developing in silico tools to rationally design RHPs. 

  



 60 

3.6 Methods and materials 

Film Preparation: Proteinase K from Tritirachium album (PK), lipase from Burkholderia 
cepacia (BC), lipase from Aspergiullus oryzae (AO), and protease from Bacilus licheniformis 
(BL) were purchased from Sigma-Aldrich and purified following previously established 
procedures.30 Protease from Streptomyces griseus (SG) was purchased from Sigma-Aldrich 
and used as purchased. Green fluorescent protein (GFP) was gifted from the Wenjun Zhang 
lab at the University of California, Berkeley. Concentration of enzyme stock solutions were 
made ranging between 0.5-1.5 mg/mL of enzyme in Milli-Q (MQ) water and quantified via 
absorbance at 280 nm. MgSO4, KCl, NH4NO3, NH4Cl, MgCl2, Mg(NO3)2, Na2SO4, ZnSO4, cobalt 
(II) acetate, dysprosium (III) nitrate, neodymium nitrate and europium (III)nNitrate were 
purchased from Sigma-Aldrich. Salt stock solutions were made in MQ water ranging 
between 10-100 mg/mL. lyophilized Salt and enzyme solutions were mixed at mass ratios 
between 1:1 and 100:1, frozen at -80 ºC, and lyophilized for a minimum of 8 hours. 

Polycaprolactone (PCL), Polystyrene (PS) and Polymethylmethacrylate (PMMA) were 
purchased from Sigma Aldrich. Polylactic acid (PLLA) polymers were purchased from 
PolySciTech. Full plastic details can be found in Table S3.1. PCL, PLLA and PMMA was 
dissolved in dichloromethane (DCM) at 4 wt% concentration and stirred for 4 hours to ensure 
complete dissolution. PS was dissolved in DCM at 6 wt%. The co-lyophilized enzyme and 
salt complexes were resuspended directly in the polymer solution at 0.1-2 wt% enzyme 
loading. Mixtures were vortexed for 5 min before 20 µL drops were cast on glass sides to 
obtain approximately 1 mg films for thermostability assay trials. For larger degradation trials, 
20 mg films were cast. All films were air-dried at room temperature. Unless otherwise 
specified, ~85 kDa PLLA was used for thermostability experiments and ~30 kDa PLLA was 
used for degradation experiments. 

Thermostability Assays: Quadruplicates of 1 mg plastic films were used for each 
temperature trial and were thermally annealed in a Fischer Scientific Isotemp oven for 5-8 
minutes. A thermocouple was also placed in the oven right above the films to get the most 
temperature (Fig. S3.1). For 99% RH steam heat treatment, a hotplate was used with 3x 30 
mL beakers filled with distilled water and covered with a glass cover to create a saturated 
humid air environment. Oven to hotplate temperature calibration was done. 4-Nitrophenyl 
butyrate (4NPB) was used as a small molecule ester substrate to test enzyme activity for all 
hydrolase except SG, where N-Succinyl-Ala-Ala-Pro-Phe p-nitroanilide (N-Suc) was used 
instead. Each film was peeled o? glass using a razor blade and placed in individual wells in 
a 96-well plate filled with 200 µL of 0.5 mM 4NPB or 0.7mM N-Suc solution in 1x PBS. 
Absorbance at 410 nm was measured at 30 second intervals for each film for 30 minutes 
using an infinite M nano plate reader. A regression was performed on the linear region of the 
enzyme activity plot to determine initial rates.  

PLLA Degradation: ~20 mg films triplicates were thermally annealed in the isotherm oven 
for 12 minutes, ~6 mg strips were cut and placed in 7 mL glass vials filled with 5 mL of 0.01x 
Tris pH8.0 bu?er. Films were removed from a 40°C water bath after 24 hours, any residual 
bu?er salts were washed with MQ water, lyophilized overnight, and then weighed to 
determine mass loss. 
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Chapter 4 

Biocheminformatic Design of Biomimetic Heteropolymers 

 

4.1 Heteropolymerization simulation: an orthogonal path to sequencing 

Utilizing and mimicking protein function is a key approach to unlocking advanced, 
robust, cheap, and scalable functional materials. Heteropolymers are routinely used for 
surfactants,1–5 hydrogels,6,7 polyelectrolytes,8–10 gene delivery,11–13 and more.14–17 Chemistry 
diversification through monomer increments, side-chain modifications, or block 
copolymerization have been unsystematically explored as the primary design criteria for 
material functionalization. However, a more general chemical heterogeneity framework for 
rational design of protein-like heteropolymers is still lacking. Random heteropolymers (RHPs) 
are composed of more than two monomers, with sequences that are statistically defined. In 
comparison to proteins, RHPs are synthetic, and polydisperse in molecular weight and 
composition. RHPs can have batch-to-batch variations but cannot yet be sequenced with 
monomeric specificity. Despite key di?erences, several computational and experimental 
studies have demonstrated the ability for RHPs to recapitulate protein-like behaviors.18–

30 Unlike sequence-specific heteropolymers,31–34 the lack of RHP sequence information 
significantly hampers our ability to further leverage the full potential of this unique class of 
polymers for precisely tailored functionality. Synthetic breakthroughs in reversible-
deactivation radical polymerization (RDRP) have made it possible to synthesize 
heteropolymers with improved reproducibility and control over the probability of each 
monomer along the polymer chain.35–43 This narrows the gap between theoretically ideal 
polymerization and synthesized heteropolymers. 

Since the 1940s there have been numerous e?orts to simulate heteropolymers using 
experimental inputs such as monomer concentrations and reactivity ratios.44–54 Among 
those, Compositional Drift, a Monte Carlo method RDRP simulator, has been developed to 
simulate RHP sequences based on the Mayo–Lewis model.55 RDRP synthesis input 
parameters provide direct handles to tune key batch level characteristics such as monomer 
composition and average degree of polymerization. Synthetic control of batch level 
properties can be experimentally verified using common instrumentation such as nuclear 
magnetic resonance spectroscopy (NMR) and gel permeation chromatography (GPC). 
Matching these experimentally measurable, batch level, key characteristics in reality and 
theory allows for simulated outputs to be useful once abstracted from the level of 
monomeric precision to an analysis on the batch level of statistical distributions and 
sequence patterns. Prior works have shown the use of RDRP synthetic parameters to design 
RHPs with statistically controlled sequences as protein mimics with a wide variety of 
promising applications inclusive of enzyme stabilization, biodegradable plastics, and 
selective ion transport.4,6,10,25,26,55,56 

Sequence analysis is routinely performed for proteins to evaluate statistical 
distributions of residues along a chain, identify key motifs, and assess similarity across 
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proteins.57–62 Applying similar analysis to RHPs will advance our ability to design functional 
polymeric materials. Here we demonstrate a bioinformatics-inspired sequence analysis on 
batches of simulated RHP sequences. Specifically, we present the RHPapp (Scheme 4.1), a 
more comprehensive version of the Compositional Drift simulation software, integrated into 
a suite of analytical modules for RHP design and analysis. Through the RHPapp, the 
synthesis of batches of RHPs with varying experimentally measurable, batch level 
characteristics are simulated. Common methods such as binarizing sequences by 
hydrophobicity and plotting hydropathy are applied to the simulated RHP sequences. To fully 
understand the heterogeneity of RHPs, we highlighted the importance of analyzing 
simulated outputs at multiple levels of abstraction: single chain segments (segment level), 
across sequences (sequence level), and across batches (batch level). Current results 
revealed that given appropriate evaluation metric selection and segment length definition, 
sequence analysis on simulated RHP sequences can help to rationalize experimental 
findings, guide subsequent experimental design in an iterative fashion, and realize designed 
function without the need for full sequence specificity or sequencing technology. 

 

 
Scheme 4.1 | Schematic introducing the RHPapp: a polymer sequence simulation and 
analytics software that o?ers a design framework for functional heteropolymers e.g., to 

mimic protein function. 
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4.2 RHPapp 1.0 (Methods) 

We simulated RHP polymerization over ranges of values for each input parameter to 
RHPapp and compared batches across various modular metrics for evaluation and 3 levels 
of statistical heterogeneity: (1) single chain segments (segment level), (2) across sequences 
(sequence level), and (3) across batches (batch level). Target % conversion and 
polydispersity (PDI) of batches of simulated RHP sequences are tunable parameters. 
However, for all RHP sequences in this work conversion is fixed to 50% and polydispersity 
(PDI) is kept low (below 1.2) to reflect previous experimental results. Reactivity ratios used 
in this work are presented in Table S4.1. All oligomers (sequences of degree of 
polymerization (DP) < 15) are neglected, as they are removed experimentally in the 
purification process of RHP synthesis, as is described in prior works.25 Currently, 4 
evaluation metrics have been implemented as Python modules, with which RHP sequences 
are analyzed. These metrics are modular; thus, the addition of new metrics as future work is 
straightforward. 

Chemical heterogeneity: analysis of how monomers along the sequence vary. 
Subsets of sequences from simulated batches are visualized for segment level comparison 
along a single chain (Fig. 4.1a). On the sequence level, kernel density estimate (KDE) plots 
show the distribution of monomers across all chains in a single batch. A curve fitted to a 
histogram is plotted for each unique monomer to show the distribution of monomer 
fractions on each chain in a single batch of simulated polymer (Fig. 4.2a). For each batch, 
the full width at half-maximum (FWHM) of the peaks in KDE plots is calculated, normalized 
by each monomer feeding fraction (nFWHM), and visualized on a single scatter-line plot (Fig. 
4.2b) The x-axis of nFWHM batch-to-batch level comparison plots can be varied to probe 
trends across di?erent input parameters such as number of sequences and average degree 
of polymerization. 

Segmental hydrophobicity: sequences are binarized into hydrophobic or hydrophilic 
monomers and grouped into segments. The hydrophile–lipophile balance (HLB) value was 
used to evaluate the solubility of monomer side-chains through group contribution theory. 
Using the equation HLB = 7 + ∑iniHLBi, where ni is the number of the ith chemical group in the 
molecule with corresponding value HLBi. The HLB value for each monomer side chain used 
in this work was estimated as HLB[methyl methacrylate (MMA)] = 8.45, HLB[2-ethylhexyl 
methacrylate (EHMA)] = 5.12, HLB[poly(ethylene glycol) average Mn 500 (OEGMA)] = 11.4, 
HLB[3-sulfopropyl methacrylate potassium salt (SPMA)] = 18.5, and HLB[styrene (STY)] = 
4.865. Lower HLB values indicate higher hydrophobicity, and a higher value means greater 
hydrophilicity. A hydrophilic–hydrophobic cuto? value (HLB-threshold) of 9 was set to 
distinguish hydrophobic and hydrophilic monomers. A hyrophobic (or hydrophilic) segment 
is a contiguous run of hyrophobic (or hydrophilic) monomers. These segments can be 
visualized on sampled subsets of binarized sequences (Fig. 4.1b). Sequence level 
heterogeneity is analyzed by counting the hydrophobic segments of each block length on 
each chain. The number of hydrophobic segments is then averaged per chain. For 
visualization, the average frequencies per chain for select segment lengths (i.e., 1, 3, 5, and 
10 monomers long), which is the same as the block length for this analysis, are plotted (Fig. 
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4.2c). Segment length and count frequencies on each chain can also be summed (rather 
than averaged) across all chains in a batch for a batch level heterogeneity comparison of 
total segment distributions (Fig. 4.3b). 

Sliding window analysis: sliding window analysis is routinely used for protein 
sequence analysis to reduce random noise and obtain coarse-grained but more obvious 
characteristics at the segment level. We thus applied a level of convolution to RHP 
sequences prior to segmental hydrophobicity analysis. Average segmental HLB values are 
continuously calculated for a window sliding from the alpha to the omega ends of the 
simulated RHP chains. The window is advanced by one monomer each time. We used a span 
containing odd numbers of monomers and assigned the average HLB value of that span to 
its middle monomer. Various window sizes of 5, 9, and 15 were adopted from previous works 
to study the e?ects of small, medium, and large numbers of neighbor monomers, 
respectively.57–60 Hydropathy plots were generated to visualize randomly sampled 
sequences for each RHP composition and window size (Fig. S4.1). The 
hydrophobic/hydrophilic segments were identified using the same definition from Metric 2, 
except that the HLB value for each monomer was replaced with window-averaged values. At 
the sequence level, hydropathy plots were averaged across all chains within a batch and 
distribution statistics were plotted (Fig. S4.2). 

Specific segment search: distributions of specific segments of interest are analyzed. 
This metric is similar to Metric 2 in that sequence level analysis averages chain distributions 
and batch level comparisons sum the distributions. However, instead of 
hydrophobic/hydrophilic segments, segments are specifically defined by a desired chemical 
(monomer) pattern. An example module has been implemented that searches for 
hydrophobic segments containing 1 embedded OEGMA monomer that is 2 or more 
monomers away from the end of the segment. For sequence level analysis, manually 
selected segment lengths of 5, 8, 10, and 13 are plotted. For batch level analysis, kernel 
density distribution of the specific segments for the given batch are plotted (Fig. 4.5c). 

Any combination of evaluation metrics may be used for a given sequence analysis. To 
generate reaction schematics that physically realize this desired sequence distribution, the 
corresponding input parameters and additional information about the reaction scale, 
monomer molecular weight, monomer density, initiator, chain-transfer agent, and solvent, 
are solved in a system of equations. Accordingly, the required volumes and masses of each 
reagent are output. 

Protein sequences can be analyzed through the same workflow for direct comparison 
to the RHP sequences. A dictionary is created mapping amino acids into groups of roughly 
corresponding RHP monomers by hydrophobicity/hydrophilicity/charge. The dictionary is 
applied to convert protein primary sequences into RHP-monomer equivalent sequences ─ a 
dimensionality reduction from an alphabet size of 20 (AA residues) to between 2 and 5 
(synthetic monomers). A specific protein sequence is then split into overlapping segments 
governed by a segment length = 100 and o?set (spacing between segment start monomers) 
= 10. An example is shown in Figure 4.1c. These segments are passed in as simulated RHP-
sequence equivalents into the workflow for direct comparison. 
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All code used for calculation and visualization in this work are provided as an open-
source repository (https://github.com/ivanjayapurna/RHPapp), to serve as a tool for 
community use. 

 

 
Figure 4.1 | Random heteropolymer (RHP) and protein sequence comparison. (A) Random 

sequences sampled from a simulated 4 monomer RHP of 50% methyl methacrylate (MMA), 
25% poly(ethylene glycol) average Mn 500 (OEGMA500), 20% 2-ethylhexyl methacrylate 
(EHMA), and 5% 3-sulfopropyl methacrylate potassium salt (SPMA) (B) RHP sequences 

binarized to hydrophobic and hydrophilic. (C) Full sequence for Burkholderia cepacia 
lipase (BC-Lip), segmented and translated to RHP sequence space and then binarized to 

hydrophobic and hydrophilic units. 

 

  

https://github.com/ivanjayapurna/RHPapp
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4.3 Simulation scale and fidelity 

The entire premise of RHP design by simulation assumes a controlled link between 
synthetic design and actualized statistical monomer distribution. RHP sequence simulation 
can only be insightful when a polymerization retains its livingness such that synthesis is 
predictable. To experimentally verify synthetic control, we conduct routine characterizations 
on synthesized materials by nuclear magnetic resonance spectroscopy (NMR) and gel 
permeation chromatography (GPC). With these two common characterization techniques 
we confirm in our samples (1) bounded polydispersity that confirms good RDRP control, (2) 
reaction conversion percentage that confirms no compositional drift, (3) achieved targeted 
molecular weight, and (4) approximate composition percentages (Fig. S4.3). However, an 
important caveat is that both in-lab and in-silico experiments only probe a tiny 
subpopulation of statistically possible RHP sequences. To illustrate the scale of our 
materials in number of polymer chains, let us assume the synthesis of 1 g of a hypothetical 
methacrylate based RHP, with an average monomer molecular weight of 100 g per mole and 
an average degree of polymerization (DP) of 100. This would yield on the order of 
1018 polymer chains synthesized. GPC or NMR will use on the order of 1 mg of sample, which 
is on the order of 1015 chains. Thus, when characterizing with GPC or NMR, we assume that 
an approximately 0.1% sample is representative of the total batch synthesized. A similar 
approximation will need to be made computationally. 

A key parameter in stochastic (Monte Carlo) simulators is the minimum sample size 
required for simulated results to converge to a stable value. For the RHPapp, the key 
parameter is the number of chains simulated (NC). Computational performance limits our 
ability to simulate 1018 chains, an approximate magnitude of a real synthesis of a batch of 
RHP. A similar subsampling approximation as was made for experimental characterization 
(roughly 3 orders of magnitude lower) must be done for in-silico characterization. In a good 
stochastic simulation of polymerization, results should converge to the same, stable value 
regardless of how many sequences are simulated. The optimal NC is the minimum required 
to converge to a stable distribution of results to maximize simulation accuracy and minimize 
computational time. As an example, to illustrate finding an NC minimum for a batch of 4-
monomer methacrylate-based RHPs of DP of 100, we simulated multiple batches with 
varied NC while keeping all other simulation parameters fixed. 

When using chemical heterogeneity as a metric, there is visible lack of smoothness 
in the KDE fitting when only 100 sequences are simulated, when compared to 15000 and 
100000. However, the important high-level features across all 3 batches of varying NC such 
as peak location, height, and width remain similar (Fig. 4.2a). The normalized full width at 
half-maxima (nFWHM) of all peaks from the KDE plot were estimated (Fig. 4.2b). For an 
average DP of 100, although the di?erences in chemical heterogeneity are minor between 
the number of sequences simulated, the monomer of lowest feed ratio (SPMA) has a 
convergence of initial nFWHM oscillation at around NC = 15000. This minimum threshold is 
approximately 14 orders of magnitude lower than a real experimental RHP synthesis and is 
acceptable as it requires minimal compute power to simulate at NC ≥ 15000. The minimum 
NC is a parameter intrinsically linked to co-input parameters and may vary significantly when 
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other parameters change, such as molar feed ratios or number of monomers. However, in 
some cases, such as increasing or decreasing average DP of our example system and 
keeping all else constant, the minimum NC is similar. Although the actual nFWHM values for 
average DP 50 and 300 di?er significantly from those of DP 100, all initial oscillations 
stabilize at a similar NC threshold. 

The minimum NC can also be estimated using sequence hydrophobic/philic 
segmental distributions, as seen in the binarized sequences in Figure 4.2b. Comparing 
di?erent NC simulations at the sequence level within batches of DP 100 RHPs, there is no 
shift in the primary peak mean or heights in the average frequency per chain distributions of 
hydrophobic and hydrophilic segments. However, there is a noticeable gain in smoothness 
of fits and disappearance of misleading minor peaks as NC increases (Fig. 4.2c). As the 
increase in fit smoothness is negligible between 15000 and 100000 NC, the segmental 
hydrophobicity metric at the sequence level suggests NC = 15000 is su?icient for stable, 
accurate simulation distributions. Analysis at the batch level shows a negligible di?erence 
in batch level frequency and distribution of segments normalized by number of sequences 
(Fig. S4.4). Thus, NC was set to 15000 for all 3 subsequent example use-cases using the 
same 4 monomer methacrylate RHP presented in this work. 
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Figure 4.3 | Varying the number of chains (NC) simulated, for a simulated 4 monomer RHP 

of 50% methyl methacrylate (MMA), 25% poly(ethylene glycol) average Mn 500 (OEGMA), 
20% 2-ethylhexyl methacrylate (EHMA), and 5% 3-sulfopropyl methacrylate potassium salt 

(SPMA). (A) Sequence level monomer distributions for batches of NC = 100, 15000, and 
100000 (left to right). (B) Normalized full width at half-maximum (nFWHM) plots of batch 
level monomer feed ratio distributions for increasing degree of polymerization (DP) of 50, 

100, and 300 (left to right). (C) Sequence level hydrophobic segment distributions, 
highlighting segments of lengths 1, 2, 3, and 5 for batches of NC = 100, 15000, and 100000 

(left to right). 
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4.4 Sequence design of protein-interfacing random heteropolymers 

Panganiban et al. proposed that 4 monomer RHPs can stabilize proteins in aqueous 
and organic solutions when they have both (1) chemical heterogeneity and (2) 
hydrophobic/hydrophilic block length and count distributions that mimic those of 
intrinsically disordered proteins.25 We used simulated RHP sequences to decouple these 
two hypotheses and assist in the design of RHP sequences of a varying number of unique 
monomers that still retain the same hydrophobic/hydrophilic segment distributions as the 
original 4 monomer RHPs. The two fixed monomers are MMA and OEGMA, with EHMA added 
for monomer 3, SPMA for monomer 4, and STY for monomer 5. Styrene was chosen to 
represent a common non-methacrylate monomer to demonstrate the potential for 
monomeric diversity in this design framework. Initial guesses of appropriate monomer 
feeding ratios for each RHP were made to approximate similar hydrophobic/hydrophilic 
segment length and count distributions. Figure 4.3a shows that the sequence level 
chemical heterogeneities of RHP batches of varying monomers are vastly di?erent. However, 
despite the disparity in chain chemistry, at the binarized hydrophobic/hydrophilic level, the 
segmental distributions for the 2 and 4 monomer RHP batches are nearly identical, 
suggesting no need to alter initial guess monomer feeding ratios (Fig. 4.3b). This evaluation 
metric was used to further fine-tune the designs of the 3 and 5 monomer RHPs for a more 
precise distribution match. An iterative design approach on our initial guesses of the 3 and 5 
monomer RHPs enabled precise monomer feeding ratio alterations to preserve the targeted 
chemical heterogeneity (Fig. 4.3d) while minimizing the disparity in theoretically predicted 
hydrophobic/hydrophilic segment length distributions between each RHP batch (Fig. 4.3c). 
Thus, when designing an RHP synthesis for a materials application, analysis of simulated 
RHP sequences can serve as an in-silico prescreening, to inform and accelerate the rational 
design of compositions to experimentally characterize. 

DelRe et al. demonstrated that RHPs can nanoencapsulate and preserve the activity 
of enzymes in solid polymeric matrices. RHP composition was shown to regulate substrate 
binding and active site availability.4 However, only a few RHP compositions were tested, due 
to the lack of high throughput material synthesis and characterization. Simulated sequence 
analysis can assist in data deficient modeling, analysis and serve as a useful tool to suggest 
explanations for experimental findings. The 4 monomer RHP used has 2 hydrophobic and 2 
hydrophilic monomers, giving several handles to tune. The first we chose to modulate is the 
MMA:OEGMA ratio. MMA is our proxy for segmental hydrophobicity and OEGMA for 
segmental hydrophilicity. Tuning this handle yields clear di?erences in segment length 
distributions (Fig. 4.4a) that could be compared to di?erences in enzyme 
nanoencapsulation behavior based on enzyme surface hydrophilic and hydrophobic patch 
distribution patterns. 
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Figure 4.3 | Varying the number of unique monomers. For simulated RHP batches of 

average degree of polymerization 100 with varying number of unique monomers from 2 to 5 
of methyl methacrylate (MMA), poly(ethylene glycol) average Mn 500 (OEGMA), 2-ethylhexyl 

methacrylate (EHMA), and 3-sulfopropyl methacrylate potassium salt (SPMA). (A) 
Sequence level monomer distributions for each simulated batch with initial guess 

monomer feeding ratios of 70:30, 51:27:22, 50:25:20:5, and 45:20:15:5:15 (left to right). (B) 
Batch level hydrophilic and hydrophobic segment distribution heterogeneities of initial 
guess monomer feeding ratios. (C) Batch level hydrophilic and hydrophobic segment 

distribution heterogeneities after iterative adjustment of monomer feeding ratios to 70:30, 
50:29:21, 50:25:20:5, and 43:25:14:5:13 (left to right). (D) Sequence level monomer 

distributions for iteratively designed 5 monomer RHP with 43:25:14:5:13 feeding ratio. 

 

However, polymer–protein interactions are sensitive and complex. Rather than 
leading to improved performance, too drastic of a change in RHP composition could 
overshoot the scale of di?erentiation between enzyme chemical distributions resulting in 
worse chaperone performance or even polymer gelation issues as not all RHP compositions 
can be synthesized.29 To tune with higher sensitivity the MMA:EHMA ratio can be varied. 
Although both monomers are considered hydrophobic by the HLB threshold parameter of 9, 
this binarization is just an artifact of analysis. A lower HLB threshold that would split EHMA 
and MMA could be chosen that would yield di?erent results. In the current analytical setup, 
adjusting the MMA:EHMA ratio has no apparent e?ect (Fig. 4.4b), contrary to experimental 
results. To more subtly fine-tune using a method that is more robust to threshold parameter 



 71 

selection, we redefine what it means to be a hydrophobic/hydrophilic segment. A level of 
sliding window convolution prior to binarizing into contiguous hydrophobic/hydrophilic 
segments adds an abstraction layer from monomer specificity, which is inherently 
stochastic and noisy. Sliding window analysis allows us to loosen the rigid prior definition of 
what is considered a segment. The results of the analysis suggested that, within a batch, 
window average HLB distributions are invariant to central monomer position along the chain, 
except for increased variance at the omega end of simulated chains, where due to 
polydispersity there are fewer data points to average and converge to the expected statistical 
distribution (Fig. S4.2). Thus, sequences can be further averaged across positions along the 
chain to make cleaner batch-average segmental (window) hydrophobicity comparisons. 
Di?erences can be observed in batch level segmental distribution statistics, where 
segments are now defined by window average HLB values (Fig. 4.4c). The mean values and 
trend of increasing window average HLB as the MMA:EHMA ratio increases are consistent 
across varying window sizes. Although variance reduces with increasing window size, here 
we have demonstrated that applications where we primarily consider the resulting trends in 
average values, such as this RHP–enzyme interaction analysis, are invariant and thus robust 
to the range of window sizes selected. 

 

 
Figure 4.4 | Varying the monomer feed ratio. Batch level hydrophilic segment distribution 

heterogeneities for a simulated 4 monomer RHP of methyl methacrylate (MMA), 
poly(ethylene glycol) average Mn 500 (OEGMA), 2-ethylhexyl methacrylate (EHMA), and 3-

sulfopropyl methacrylate potassium salt (SPMA) of degree of polymerization 100: (A) 
varying MMA:OEGMA feed ratios and fixed 20% EHMA and 5% SPMA; (B) varying 

MMA:EHMA feed ratios and fixed 25% OEGMA and 5% SPMA. (C) Batch level statistics after 
sliding windows of sizes 5, 9, and 15 (left to right) are applied, and the resulting sequence 

level segment information is averaged by sequence position. 
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4.5 Sequence design of heteropolymers with biomimetic function 

Protein sequences can be convolved into corresponding RHP sequence space, 
segmented to form a batch, and then analyzed through the RHPapp workflow for direct 
comparison to RHP sequences. Six sample proteins (3 enzyme hydrolases, 2 
transmembrane proteins, and 1 β barrel structure protein) were analyzed through the 
RHPapp to demonstrate facile comparison to a 4 monomer methacrylate-based RHP (Fig. 
S4.6). On the sequence level, proteins each have characteristic chemical heterogeneities 
despite functional and evolutionary similarity. Membrane proteins AquaporinZ and PepTSo 
have di?erent chemical heterogeneities despite similar function (Fig. 4.5a). Despite the 
chemical heterogeneity di?erences, all 6 proteins display similar hydrophobic segment 
distributions on the sequence level (Fig. 4.5b). This may suggest a degree of generality in the 
design of RHPs, as was demonstrated by Panganiban et al. where a single RHP design 
stabilized various proteins in solutions. Chemical heterogeneity di?erences may explain why 
DelRe et al. observed that di?erent RHPs were required for optimal nanoencapsulation of 
di?erent hydrolases (Fig. S4.5). 

In addition to interfacing with proteins as binders, Jiang et al. showed RHPs can 
independently mimic membrane protein function to undergo rapid and selective proton 
transport across lipid bilayers at a rate similar to those of natural proton channels.26 Specific 
RHP segments of critical importance to recapitulating transport function are hydrophobic 
segments containing 1 embedded OEGMA monomer that is 2 or more monomers away from 
the end of the segment. All functional chains contained this pattern within their random 
sequence. This functional RHP of DP 100 has a di?erent chemical heterogeneity profile 
compared to both membrane proteins Aquaporin Z and PepTSo (Fig. 4.5a), suggesting global 
chemistry is nonessential to mimicking protein function. A more local analysis of the proton 
transport specific segment pattern was done comparing the RHP to 6 proteins at the batch 
level (Fig. 4.5c). Of the sampled proteins, only the 2 membrane proteins display a similar 
distribution to the functional RHP. Specifically, the distributions suggestive of selective 
proton transport function display a lower density peak at specific segment length 9 and a 
longer tail with sizable population between 20 and 30 segment length. This example 
demonstrates the comparison of statistical distributions of specific segment motifs on RHPs 
to those on proteins to explain experimentally the observed protein-like function. 

Here we demonstrated a viable path toward guiding the rational design of RHPs as 
synthetic protein mimics through the combination of RDRP polymerization simulation and 
bioinformatics-inspired sequence analysis. The RHPapp, more than an open-source toolkit, 
is a design and analysis approach that can be applied to a diverse range of impactful projects 
well beyond the methacrylate backbone monomers presented herein. More complex 
random heteropolymers with monomers of varied reactivity ratios could further enhance 
control by incorporating partial blocky features into the statistical randomness to create 
more complex repeating motifs similar to those found in natural proteins. Mirroring the 
nature of RHPs, the RHP design approach and software presented are general in principle for 
broad applicability, but also modular and easily fine-tuned to suit projects with exact 
specificity. Our vision is for the RHPapp to take as input a protein sequence and desired 
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function as a starting point, from which an ideal sequence distribution to target can be 
designed and translated into controllable RDRP synthetic parameters to be experimentally 
realized. An example demonstrating this inverse design paradigm for RHP sequences is 
shown in Chapter 6. This analysis framework for simulated heteropolymer sequences 
couples powerfully with advances in high throughput synthesis and characterization. Just as 
bioinformatics, the inspiration for our work, has trended toward the realms of big data and 
more sophisticated statistical modeling techniques, analysis, and machine learning, we 
propose that this emergent field of macromolecular cheminformatics is ripe to follow suit. 

 

 
Figure 5 | Protein and RHP comparison. 6 proteins were convolved into RHP sequence 

space, segmented to form a batch, and analyzed through the RHPapp. Proteinase K (ProK), 
lipase from Burkholderia 73ictoria (BC-Lip), lipase from Candida antarctica (CA-Lip), 

Aquaporin Z (AquaporinZ), POT family transporter (PepTSo), and green fluorescent protein 
from Aequorea 73ictoria (avGFP) were compared to a simulated 4 monomer RHP of 50% 
methyl methacrylate (MMA), 25% poly(ethylene glycol) average Mn 500 (OEGMA), 20% 2-

ethylhexyl methacrylate (EHMA), and 5% 3-sulfopropyl methacrylate potassium salt 
(SPMA). All sequences are of average degree of polymerization 100. (A) Sequence level 
monomer distributions for AquaporinZ, PepTSo, and RHP (left to right). (B) Batch level 

hydrophilic segment distributions. (C) Batch level kernel density estimate of hydrophobic 
segments with 1 OEGMA per chain. 
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Chapter 5 

Improving Heteropolymer Sequence Fidelity 

 

5.1 Limitations of RHPapp 1.0 

Recent works have shown that 4 methacrylate monomer RHPs of mostly similar 
compositions and molecular weights have been able to stabilize enzymes, assist in protein 
folding, unlock processive polyester degradation and even directly mimic protein functions 
and mixtures.1–6 However, more complex applications and functionalities of RHPs will 
require more complex RHPs with increased monomer variety. To rationally design more 
advanced synthetic polymers, we need more advanced design tools. For example, in 
biological polymers, DNA sequencing, bioinformatics and publicly collaborative databases 
of millions of sequences unlocked the explosion of rational design in genetics and protein 
engineering.7 Unfortunately, like most synthetic polymers, we cannot yet sequence RHPs. 

In the previous chapter we showed that orthogonal to sequencing, owing to synthetic 
breakthroughs in reversible-deactivation radical polymerization (RDRP),8–11 we can instead 
use a simulator to generate polymer sequences in silico. Many RDRP simulators both 
deterministic and stochastic exist, either focusing on modeling accurate kinetics or 
sequence composition.12–22 However, most published simulators are not open-source, and 
of these simulators, to the best of our knowledge the Mayo-Lewis equation based CompDrift 
that has been incorporated into the RHPapp, are the only simulators that generate explicit 
sequences for heteropolymers.23–25 These simulators minimally consider kinetics, taking as 
input only monomer feeding ratios, reactivity ratios, target conversion and average degree of 
polymerization. Despite this, the RHPapp has shown wide utility in experimental data 
analysis, RHP design, and generating input data for various downstream computational 
tasks ranging from bioinformatics sequence analysis to hidden Markov modelling to 
molecular dynamics to deep learning.5,25–29 However, the results of these analyses are only 
as accurate as the generated sequences used as input. As heteropolymer complexity 
increases, a sequence simulator with more complexity would provide heightened trust in 
sequencing fidelity. 

In this chapter we highlight three of many remaining areas in which in silico sequence 
simulation can increase in fidelity to physical reality. Specifically, we build the RHPapp2.0, a 
more accurate heteropolymer sequence simulator that incorporates more accurate 
experimentally measured reactivity ratios, factors in composition evolution during synthesis 
and purification, and models RDRP polymerization kinetics during sequence generation. 
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5.2 Determining reactivity ratios in RAFT heteropolymerization1 

In heteropolymerization, the intrinsic reactivities and local compositions of each 
monomer (n) determine the arrangement of monomers along a heteropolymer chain. 
Leveraging the intrinsic reactivity amongst comonomers allows for tuning segmental 
sequences and biasing the flanking sequences of specific residues. However, determining 
the reactivity ratios of comonomers becomes challenging when the number of monomers 
exceeds three, due to the complex, interdependent reaction kinetics and the mathematical 
models involved.30–32 In RHPapp 1.0 and other prior works, reactivity ratios obtained from 
binary copolymerization pairs have been commonly used.33–35 However, neglecting 
competitive monomer addition in heteropolymer (n>2) systems can lead to substantial 
deviations between experimental results and theoretical predictions.36,37 Thus, accurate 
determination of reactivity ratios is essential for accurate simulation of heteropolymer 
sequences and their computationally guided design and analysis.  

A 4-monomer system was used as a platform for investigation, consisting of: methyl 
methacrylate (MMA), 2-ethylhexyl methacrylate (EHMA), oligo(ethylene glycol) methyl ether 
methacrylate (OEGMA; average Mn ∼ 500 Da), and methacrylic acid N-hydroxysuccinimide 
ester (NHSMA) (Fig. 5.1a). MMA, EHMA, and OEGMA have been routinely used to mimic 
amino acids in prior RHP applications.5,25 3-Sulfopropyl methacrylate potassium salt (SPMA) 
was previously used as the fourth monomer. However, the chemical shifts of SPMA and 
EHMA largely overlap in the NMR spectra. Thus, NHSMA was chosen to replace SPMA as the 
fourth monomer to facilitate facile characterization. NHSMA has a pendant imide group and 
may exhibit di?erent reactivity compared with the other three monomers. This can 
potentially boost composition drift during copolymerization, presenting supplementary 
measures to tune the monomer distribution in RHPs. 

To account for competitive monomer addition in 4-monomer heteropolymerization, 
the Jaacks method was used to determine all 12 reactivity ratios (Fig. 5.1b).38 This method 
applies integrated Mayo–Lewis equations to heteropolymerization (n>2) systems, and 
allows for the simultaneous determination of multiple reactivity ratios in a single 4-monomer 
heteropolymerization experiment while accounting for the influence of competitive 
monomer addition. We performed 4-monomer RAFT polymerizations with one monomer in 
large excess (molar ratio: 20:1:1:1) in each experiment. To account for the influence of RAFT 
equilibrium on the propagation kinetics, we conducted these experiments under the same 
conditions as those commonly used in RHP RAFT polymerization {using 4-cyano-4-
[(dodecylsulfanylthiocarbonyl)sulfanyl]pentanoic acid as CTA and azobis(isobutyronitrile) 
(AIBN) as initiator at 80 °C in DMF}. 

The four selected monomers exhibit distinct reactivity ratios, with values ranging 
between 0.4 and 2.0. In the four-monomer RAFT copolymerization, cross-propagation of the 
growing chain end toward MMA is more favorable than self-propagation (rnon-MMA monomer/MMA < 

 
1 The experimental data reported in Chapter 5.2 was collected by Dr. Hao Yu and Ruilin Yin 
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1), whereas self-propagation is generally preferred over cross-propagation toward OEGMA 
(rEHMA/OEGMA and rNHSMA/OEGMA > 1). These results suggest the important influence of the side-
chain steric e?ects, with MMA having the smallest side group and OEGMA featuring a bulky 
side-chain. Notably, NHSMA can lead to more significant composition drifts. Polymer chains 
with terminal NHSMA group undergo self-propagation approximately two times faster than 
cross-propagation toward EHMA (rNHSMA/EHMA = 2.0), but 30% slower toward MMA (rNHSMA/MMA = 
0.7). Therefore, in RHP copolymerization, a higher prevalence of NHSMA-MMA segments can 
be generated compared to NHSMA-EHMA or NHSMA–NHSMA segments. Prior work has 
demonstrated that leveraging intrinsic monomer reactivity o?ers a facile method for 
governing segmental sequence.39,40 Additionally, employing a sequential addition approach 
can a?ord a more precise level of control over monomer distribution.41,42 We envision that 
the investigation on monomer reactivity ratios here lays a foundation for e?ectively 
regulating comonomer distribution in RHPs, with adaptable applicability to various 
heteropolymer (n>2) systems. 

In RHPapp 1.0, reactivity ratios were taken from binary systems, which for 
methacrylate based RHPs come out to be ~1 for almost all combinations. Here we showed 
that was an inaccurate assumption, at least for this specific system, that will significantly 
impact sequencing fidelity. For accurate sequence generation, reactivity ratios must be 
measured for the exact system under exact conditions rather than taken from literature. 

 

 
Figure 5.1 | A. Synthesis scheme of four-monomer RHPs. B. Reactivity ratios determined in 
this work (rrow/Column = krowrow/krowcolumn). arOEGMA/MMA and rOEGMA/EHMA were determined separately 

by two-monomer copolymerization experiments to minimize analysis error due to peak 
overlap in the 1H NMR spectra. 

 

  



 77 

5.3 Composition evolution during synthesis and purification2 

Heteropolymers are polydisperse in chain length, molecular weight, monomer 
composition, and sequence. RHPapp 1.0 simulates an ideal simulation process with no 
accurate molecular weight distribution modeling, resulting in non-accurately distributed 
chain lengths. Additionally, the simulator simply takes a starting pool of monomers and 
presents final polymeric products, without factoring in non-ideal reactor conditions and 
post-reaction purification to remove excess reagent and reaction solvent. Both factors may 
bias the subpopulation of sequences that end up in the final characterized and functionally 
applied polymer products. Shea et al attempted an a?inity chromatography approach to 
separate chains from a pool of heteropolymers.43 They demonstrated that a subpopulation 
of the as-synthesized heteropolymers can exhibit more than 1000-fold higher a?inity for a 
target protein than the average a?inity.44 Thus, a systematic investigation of the entire 
heteropolymer preparation process is required. We tracked the monomer composition 
evolution throughout the entire preparation process and investigated how the synthesis and 
purification manage the heterogeneities inherent in random heteropolymer (RHP) 
ensembles. Specifically, we quantitatively mapped out the evolutionary trajectory of 
monomer compositions across: (i) raw RHP products; (ii) purified RHPs; and (iii) the living 
chain subpopulations [chain terminated by a chain transfer agent (CTA)] (Scheme 5.1) 

 

 
Scheme 5.1 | Composition Evolution of RHPs over the Course of the Entire Preparation 
Process. Due to composition drift and chain removal during purification, the composition 

of the final RHP products may di?er from the initial feeding composition. 

 

 

 
2 2 The experimental data reported in Chapter 5.3 was collected by Dr. Hao Yu and Ruilin Yin 
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Using experimentally determined monomer reactivity ratios, we designed four model 
RHPs with the ratio of hydrophobic monomers (MMA and EHMA) increasing progressively 
from RHP1 to RHP4 (Fig. 5.2a). This formulation leads to a progressive increase in the 
average chain hydrophobicity from RHP1 to RHP4. We designed the monomer 
compositions based on previously reported RHPs consisting of MMA, EHMA, OEGMA, and 
SPMA,5 along with our empirical experience on finding an optimal balance in solubility. For 
example, maintaining a ratio of EHMA or NHSMA below 50% is needed to avoid polymer 
precipitation in DMF before reaching the desired monomer conversion (>60%) during 
polymerization. In contrast, a ratio of OEGMA above 10% is necessary to ensure the water 
solubility of the final products. In radical polymerization, there is a trade-o? between 
achieving higher monomer conversion and ensuring control over the reaction. This is due to 
monomer depletion and potential loss of end-group fidelity at higher conversions. However, 
attaining high monomer conversion reduces purification cost and minimizes waste 
generation. Additionally, the extent of compositional drift during polymerization is 
contingent on overall monomer conversion.23 Therefore, we targeted RHP1–4 for di?erent 
overall monomer conversions as part of our study of optimal RHP production strategies. 

 

 
Figure 5.2 | A. Design of RHPs with increased hydrophobicity by increasing the 

compositions of hydrophobic monomers (MMA and EHMA) from RHP1 to RHP4. B. 
Random sequences sampled from simulated RHP1 using measured reactivity ratios and 
targeted monomer conversion. The RHP sequences shown at the bottom were binarized 

into hydrophobic (MMA and EHMA) and hydrophilic (OEGMA and NHSMA) units to display 
the distributions of hydrophobic/hydrophilic segments. C. Distribution of chain 

hydrophobicity in in silico-designed RHP1–4. Chain hydrophobicity was estimated using 
previously reported HLB values (MMA: 8.45, EHMA: 5.125, OEGMA: 11.42, and NHSMA: 

12.775).5 
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To facilitate our design, we simulated RHP sequences using the RHPapp.24,25 A total 
of 100,000 RHP sequences were generated for each model RHP batch for statistical analysis. 
The four designed RHPs exhibit sequence heterogeneity within local segments and between 
di?erent chains (Fig. 5.2b and Figs. S5.1-5.3). There is no discernible monomer gradient 
observed along the RHP chains. To evaluate the RHP design, we estimated the average chain 
hydrophilicity using hydrophilic–lipophilic balance (HLB) values.45 The lower HLB values 
indicate greater hydrophobicity, whereas the higher values reflect increased hydrophilicity. 
The results indicate a consistent decrease in hydrophilicity from RHP1 to RHP4, aligning 
with our intended design (Fig. 5.2c). Collectively, this set of four designed model RHPs spans 
the representative range of hydrophobicity that is commonly encountered in the RHP design, 
benchmarked with poly(MMA) (HLB value: 8.45) and poly(OEGMA) (HLB value: 11.42). We 
anticipate that these four model polymers will serve as benchmarks, improving the 
prediction of the solution behavior in heteropolymers for future designs. 

Recent studies on polymer di?usion kinetics during dialysis have revealed crucial 
influence of chemical composition on polymer retention.46,47 Given the inherent sequence 
heterogeneity of RHPs, it naturally leads to the question of whether certain RHP chains are 
removed during the purification process (Scheme 5.1) Thus, we monitored the composition 
evolution of RHP1–4 at every stage of the preparation process (Fig. 5.3a). The raw RHPs were 
purified by drop precipitation into pentane and subsequent dialysis against water (MWCO 
3000 Da). The raw products after polymerization, precipitation supernatants, dialysate 
solutions, and purified RHPs were collected and analyzed using NMR and GPC (Figs. 5.3b, 
5.3c, S5.4-5.10) Minimal batch-to-batch variations were observed among triplicate batches. 

We first investigated the composition drift during RHP RAFT polymerization. The 
compositions of raw RHP products after RAFT polymerization were determined by 
quantifying the conversion of each monomer using 1H NMR from the initial feedstock and 
post-polymerization aliquots, assuming that all consumed monomers participated in the 
polymerization (Table S5.1). Upon analysis, we noticed a decrease in the total peak integral 
when we compared the 1H NMR spectra of the initial feedstocks with the post-
polymerization aliquots. This decrease indicated a loss of monomers during the freeze–
pump–thaw degassing process, which we attributed to the evaporation of volatile MMA 
under vacuum. A loss of approximately 20% in MMA was identified when contrasting the 
NMR spectra of the initial feedstock and the post-polymerization aliquots. To accurately 
estimate the composition of the raw products, this loss of MMA was factored into our 
calculations in determining the raw RHP compositions. With this correction, the 
experimental findings closely match the simulated results using experimental inputs, with a 
deviation of less than 4% (Fig. 5.4, Table S5.2) We conjecture that these deviations are likely 
due to the formation of dead chains during RAFT polymerization, which is currently not 
considered in the RHPapp.25 Despite this, these results reinforce the validity of in silico RHP 
design by using experimentally measured and Jaacks method calculated reactivity ratios 
determined from 4-monomer heteropolymerization. 
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Figure 5.3 | A. Summary of the characterization results (averaged from three independent 

synthesis batches) of RHP1–4. aOverall monomer conversion determined from pre- and 
post-polymerization aliquots bdetermined using THF GPC with PMMA standards. DPn was 

calculated using an averaged molecular weight based on the anticipated monomer 
composition. B. Representative 1H NMR spectra (CDCl3) and (c) GPC traces (THF) 

of RHP1 and intermediates during synthesis. Residual GPC solvent peak (THF) is shown at 
22.5 min. 
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Figure 5.4 | RHP composition during RAFT polymerization and purifications. The 

percentage represents molar percent composition, and the error bars represent deviation 
from three independent RHP synthesis batches. The simulation results represent averaged 

composition of 100,000 simulated individual chains. The compositions of living chains 
were calculated from at least nine depolymerization experiments. 

 

 
Figure 5.5 | DEPT-135 13C, A. 1H–13C HSQC, B. and quantitative 13C NMR, C. of 

purified RHP1 (CDCl3). 
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We observed distinct impacts of pentane precipitation and dialysis on the RHP1–
4 ensembles. GPC analysis shows that pentane precipitation eliminated chains 
from RHP1, 3, and 4 (Figs. 5.3c, S5.9, S5.10). Conversely, dialysis against water removed 
chains from more hydrophilic RHP1–2 (Figs. S5.7, S5.8), with minimal observable e?ects on 
less hydrophilic RHP3–4. These observations support our hypothesis that the post-
polymerization purification processes can eliminate RHP chains, contingent on their 
apparent hydrophobicity. 

Quantifying the compositions of eliminated RHP chains in precipitation supernatants 
and dialysate solutions was challenging because their signals were generally low in the NMR 
spectra and obscured by the residual monomers (Figs. 5.3b, S5.4-5.6). To better quantify the 
impacts of purification process, we compared the compositions of raw and purified RHPs. 
Considering the peak broadening of polymers in 1H NMR, we used DEPT-135 13C and 1H–13C 
HSQC NMR experiments to identify the characteristic 13C signals of each monomer in 
purified RHPs, followed by studies using quantitative 13C NMR (Figs. 5.5, Table S5.3). 
Comparing raw and purified RHPs, there was a minimal shift in composition (<4%), with the 
MMA fraction of RHP1 exhibiting the largest shift (7%) (Fig. 5.4). These observations were 
consistent with GPC analysis, which showed that only a minor fraction of RHP chains were 
removed during purification. Within the systematic errors in quantitative NMR 
analysis,48 these findings imply that despite the removal of partial RHP chains during the 
purification, the overall composition and sequence heterogeneity remain largely una?ected. 

To examine the statistical control obtained in the four-monomer RHP RAFT 
copolymerization, a further assessment of the composition of RHP living chains was done 
(reported in detail by Yu et al).49 We found that the molar percent of MMA in RHP living chains 
was 7–9% lower compared to the corresponding purified RHPs (Fig. 5.4, Table S5.4). These 
results indicate that the dead chains within RHP1–4 are more MMA-rich compared with the 
living chains. In a recent study, Zhang revealed that a larger fraction of dead chains was 
generated at the early lower conversion stages of RAFT polymerization due to the higher 
abundance of primary free radicals at the initial stages of the reaction.50,51 Likewise, as 
monomer conversion and chain length increase, a significant reduction in the termination 
rate coe?icient, exceeding 3 orders of magnitude, was observed in the radical 
polymerization of MMA.52,53 Furthermore, prior work has reported that the termination rate 
coe?icient of MMA in radical polymerization is 1 order of magnitude higher than that of 
methacrylates with longer side chains such as butyl and dodecyl methacrylate.53,54 In light 
of these results, the higher fraction of MMA in RHP dead chains can be ascribed to (1) the 
majority of RHP dead chains being formed during the early stages of polymerization, (2) 
during which RHP chains with a higher fraction of MMA are generated as suggested by 
stochastic simulation (Fig. S5.11), due to their high reactivity (rnon-MMA monomer/MMA < 1, Fig. 5.1b), 
and (3) the susceptibility of MMA-terminated chains to termination. Collectively, these 
findings represent an initial proof that the living and dead chains in RHPs may exhibit 
di?erent composition distributions. For future e?orts in synthesizing block heteropolymers 
through chain-end extension, we advocate for a thorough composition analysis that 
considers the compositional di?erences between the living and dead chains when analyzing 
the final products.  
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5.4 RHPapp 2.0: a RAFT heteropolymer kinetics and sequence simulator 

The preceeding section demonstrated the importance of molecular weight 
distribution of chains, including the molecular weight and composition split between living-
dead population species. It also highlighted discrepancies between in silico modeling and 
experimental results determined by NMR, in which the RHPapp predicted monomer 
conversion within a 10% error margin.49 This is despite using improved reactivity ratio 
measurements and considering the subpopulation selecting e?ects of monomer 
evaporation and post-synthesis purification. We hypothesized that the prediction error 
originated from the lack of modeling of RDRP polymerization kinetics in sequence 
simulation, in particular termination reactions and living versus dead chain distribution 
di?erentiation. Although there have been studies showing that copolymer sequence 
distribution can be controlled by varying temperature, solvent, ionic strength, and locally 
available monomer concentration i.e., emulsions,55–58 a more fundamental understanding of 
the e?ects of RDRP polymerization kinetics on copolymerization is not well known. Most 
published RHP synthesis has been done by reversible addition−fragmentation chain transfer 
(RAFT) polymerization.1,59–61 However, RAFT kinetics are still not fully understood. Several 
competing models agree on the main RAFT mechanism, however, they di?er in explaining 
the characteristic slowing of propagation rate observed when increasing the concentration 
of the chain transfer agent. Rate retardation caused by intermediate radical termination with 
oligomers (IRTO) is a currently popular theory and o?ers a simple set of starting assumptions 
for kinetic modeling.62–64 

We hypothesized that incorporating RAFT kinetics into sequence simulation would 
increase sequence pattern accuracy. Here we developed the first simulator to give both 
accurate RAFT polymerization kinetics with full molecular weight distribution and explicit 
heteropolymer sequence prediction – the RHPapp 2.0 (Fig. 5.7). The IRTO model is assumed 
but the simulator is designed to allow for facile future model modification. Here we 
demonstrated the RHPapp 2.0 on binary copolymer and 4-monomer RHP systems, showing 
its utility as a tool for the fundamental study of how RAFT kinetics a?ects copolymer and 
heteropolymer sequences. Specifically, we showed relationships between rates 
(propagation, RAFT adduct fragmentation, termination) and sequence distributions to be 
system dependent. A binary styrene-glycidyl methacrylate system exhibited high sensitivity 
in sequence to propagation and termination constants, with low sensitivity to RAFT adduct 
fragmentation. A 4-monomer methacrylate-only RHP was much more stable to variance in 
termination parameters. A direct comparison between RHPapp1.0 and RHPapp2.0 
generated RHP sequences showed negligible di?erences, suggesting that reactivity ratios 
(propagation) alone dominated all other kinetic e?ects and the RHPapp 1.0 is a good 
approximation for the specifically explored 4-monomer methacrylate system. However, as 
shown by the binary system this does not generalize to all copolymer and heteropolymer 
systems, so the RHPapp2.0 is a prerequisite step to benchmark the sensitivity of a given 
polymeric system, prior to using the simpler “kinetic-free” approximation. Open-source, 
user-friendly code is provided for community use for reaction planning and sequence 
analysis, leveraging compatibility with the RHPapp 1.0 analytical frameworks. 
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Figure 5.7 | Schematic flow of RHPapp 2.0. 

 

The RHPapp 2.0 is a Monte Carlo kinetic simulator that follows the exact method 
developed by Gillespie (Scheme 5.2a).65 Substrate molecules, product molecules, a control 
volume, and the set of possible chemical transformations are explicitly initiated. At each 
time step the reaction rates for each unique chemical transformation are updated based on 
the concentration of substrates and user input kinetic constants. Time progresses iteratively 
with a single reaction occurring at each step, chosen by a reaction rate probability 
distribution weighted sampling, after which the reacting species counts, reaction rates, and 
the total estimated real-world elapsed reaction time are all updated. A detailed description 
of the core RAFT homopolymerization kinetic simulator algorithm as well as the choice of 
Julia as an ideal programming language were described by Pintos et al.16 In order to model 
explicit heteropolymer sequences, the system of reactions, algorithms and data structures 
presented by Pintos et al required radical expansion and overhauling. 

To accommodate the di?erent kinetics of each unique monomer in a 
heteropolymerization, when a reaction e.g., propagation is selected, a sub-reaction 
selection step was added. This creates complexity as 14 unique homopolymerization 
reactions expand to over 100 branching reactions for a 5-monomer heteropolymerization 
(Scheme 5.2b). As a result, iterative reaction rate probability distribution updating and 
sampling become more time expensive. The number of required kinetic constants also 
expands and reactivity ratios are required. Our goal was to build a user-friendly, accurate 
simulator with low memory requirement that can complete an in silico polymerization in a 
reasonable timescale i.e., executable on most polymer scientists’ personal computers in 
under 24 hours. Thus, designing for low memory requirement was the priority. 
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Scheme 5.2 | A. LHS showing 4-step Gillespie algorithm, B. RHS showing the full set of 
homopolymerization reactions modeled as well as the relevant kinetic parameters, and 
then zoom in on 3 sample reactions: propagation, core equilibrium fragmentation 1, and 

termination by combination, to show how the number of reactions expand either quadratic, 
linear or n(n+1)/2 for heteropolymerization with n monomers. 

 

System scale was the primary computational memory bottleneck for simulation. 
Viable stochastic simulation scale is lower bounded by the minimum number of polymer 
chains required for both molecular weight and sequence distributions to converge to the 
same stable values that match experimentally observed ground truth. When simulation 
scale is too small, low concentration species i.e., radical species that are explicitly 
represented (and thus integer valued) may go to zero. This would inhibit any further 
propagation, resulting in early termination and inaccurate kinetics. The minimum viable 
scale will vary depending on the specific polymerization simulated. Approximate 
polymerization and simulation scales are shown in Figure 5.8a. Most existing stochastic 
homopolymer simulators reduce the required computational memory by representing 
growing polymer chains implicitly i.e., a single array of integers where the value of each array 
position i represents the count of chains of length i. This allows simulators to achieve 
accuracy a?orded by higher system scales. However, this compressed representation 



 86 

cannot be used for heteropolymers, as equal length chains will have non-identical sequence 
patterns. Moreover, the explicit sequence patterns of all chains are a key desired output (Fig. 
5.8b). Thus, explicit sequencing is prohibitively memory expensive without further algorithm 
and data structure optimizations. Jayapurna et al. showed that when using the RHPapp 1.0 
to simulate a 4-monomer methacrylate heteropolymer system, approximately 10,000 
chains alone were su?icient to yield accurate sequence distributions, far less than the 
millions of chains required for accurate kinetic modeling (Fig. 5.8a).25 Leveraging this, the 
key algorithm-data-structure innovation for the RHPapp 2.0 was to implement a 2-tiered 
system scale selection. Simulate millions of growing heteropolymer chains that are 
implicitly tracked for accurate kinetics, but only explicitly track the molecular sequences for 
a couple thousand. Figure 5.8c shows an arbitrary example where the kinetics of the smaller 
explicitly tracked subset is representative of the total simulated chains. Complete algorithm, 
data structure design selections, optimizations and data analysis tools are described in our 
GitHub repository (https://github.com/ivanjayapurna). RHPapp 1.0 sequences used for 
comparison were generated as per methods previously described.25 

We used 2 model systems for demonstration. First, a binary copolymerization of 
styrene (S) with Glycidyl Methacrylate (G) was used to simplify data analysis by having less 
input variables and output sequence data complexity. This allowed us to better ascertain 
trends between RAFT kinetic parameters and resulting sequence patterns. The S-G system 
was specifically chosen as Tenorio-Lopez et al published a compiled a list of RAFT kinetic 
parameters, their own simulated results and experimental kinetic data for us to validate our 
simulated kinetics against and verify accuracy.19 Second, a 4-monomer random 
heteropolymer (M-O-E-N) system of methyl methacrylate (M), oligo(ethylene glycol) methyl 
ether methacrylate (O; average Mn ~ 500 Da), 2-ethylhexyl methacrylate (E), and methacrylic 
acid N-hydroxysuccinimide ester (N) from Yu et al was used to analyze trends in more 
complex heteropolymers and compare the results of RHPapp 2.0 versus RHPapp 1.0.49 Yu et 
al provided the reactivity ratios and experimental system inputs. All other kinetic constants 
were estimated from literature.54,66–72 Tables of complete simulation inputs for all systems 
used can be found in Tables S5.5 and S5.6. 

The accuracy of simulated sequences and kinetics will only be as accurate as the 
input kinetic parameters. Trustworthy kinetic values are obtainable from literature when 
using common reagents such as azobisisobutyronitrile (AIBN) or methyl methacrylate. 
However, accurate values will often not exist for exact system conditions (temperature, 
solvent, co-monomers, etc.) for less common reagents. These kinetic parameters can be 
challenging to experimentally measure or predict in silico e.g., RAFT addition and 
fragmentation rate constants. In these cases, the RHPapp 2.0 can be a useful tool to screen 
in silico, the e?ects of modulating each input parameter on resulting kinetics and sequences. 
An estimate of the sensitivity for each parameter of given polymerization systems can thus 
be obtained, allowing the polymer chemist to determine which parameters are crucial to 
accurately measure or predict, and which can be treated as pseudo-constants across 
monomers and/or reaction environments – reducing system input complexity. RHPapp 2.0 
allows for sensitivity testing of all kinetic parameters. Here to demonstrate, we focused on 
screening the kinetic constants suggested by literature to be most likely to significantly 

https://github.com/ivanjayapurna
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impact sequence distributions: monomer propagation (kp), RAFT equilibrium chain 
fragmentation (kf), and termination (kt).49,54,66–72 

 

 
Figure 5.8 | A. Comparing the scale of experimental and simulated polymerization. Scale 
for experimental polymerization estimated based on the synthesis of 1 gram of polymer 

with average degree of polymerization (DP) of 1000 from monomers with average monomer 
molecular weight of 100 Da. Routine characterization to infer polymer molecular weight 
distributions or global sequence compositions requires on the order of 1 mg of polymer. 
Number of chains required for accurate simulated kinetics and sequence approximated 

from previous works and the results herein.1,25,16 B. 20 explicitly simulated arbitrary 4-
monomer heteropolymer sequences generated using the RHPapp 2.0, where rows 

represent polymer chains and each colored square represents a unique monomer. C. 
Snapshot of chain-length (DP) distribution of an arbitrary 4-monomer heteropolymer 

comparing ~106 implicitly untracked sequences and ~104 explicitly tracked sequences. 
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For both the S-G and M-O-E-N systems, a series of test simulations were performed 
with varying simulation scales to find the minimum system size required for accurate kinetic 
and sequence distributions. The number of simulated initiators controls simulation scale. 
Kinetic convergence was determined by the average degree of polymerization at a chosen 
monomer conversion. Di?erent systems required di?erent simulation scales to achieve 
statistical kinetic convergence, with S-G and M-O-E-N converging at 5e6 and 5e5 simulated 
initiators respectively (Fig. 5.9a). Simulated S-G polymerization kinetics closely followed the 
experimental results of Tenorio-lopez et al up to 120 minutes and conversions of 20-80% 
depending on the STY-GMA ratio (Fig. 5.9b).19 This confirmed that our simulator had good 
kinetic fidelity with real experimental data. Sequence convergence for both systems were 
determined by each monomer composition at a given global composition. Again, di?erent 
systems required di?erent simulation scales to achieve statistical sequencing convergence, 
with S-G and M-O-E-N converging at 1e6 and 5e4 simulated initiators respectively (Figs. 5.9c 
and 5.9d). Based on these two example systems, larger scale is required to reach statistical 
kinetic convergence than sequence convergence. Thus, 5e6 and 5e5 initiators, 
corresponding to 5e9 and 5e8 total molecules were respectively used for all subsequent 
simulations of S-G and M-O-E-N systems. 

 

 

Figure 5.9 | A. Average degree of polymerization (DP) of STY-GMA and 4RHP systems as a 
function of the number of initiators simulated at fixed % conversion. Diamond indicates the 

chosen scale used for simulation at which statistical convergence is reached. B. Line 
curves of simulated STY-GMA global monomer conversion over time over scatter points of 
experimental data from Tenorio-Lopez et al,19 for varying feeding ratios of STY-GMA. Global 
chain composition of (C.) STY-GMA and (D.) 4RHP as a function of the number of initiators 

at fixed % conversion. Diamonds indicate the chosen scale used for simulation.  
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5.5 EGect of RAFT polymerization kinetics on binary copolymer sequences 

Two main visualizations of simulated data were used to study the e?ects of RAFT 
polymerization kinetics on resulting chain length and sequence distributions. To evaluate 
the sensitivity of stable polymerization kinetics to a kinetic parameter, we compare full chain 
length distributions at fixed conversions. Three batch-average plots were used to assess the 
impact varying a kinetic parameter will have on the resulting polymer sequence. Across the 
scaling range with which a kinetic parameter was varied we compared: monomer frequency, 
conditional probability, and dyad frequency. The conditional probability was determined by 
counting monomer frequency and dyad frequency, and then calculating according to Bayes’ 
law: P[Mn+1=Y, Mn=X] = P[M Mn+1=Y | Mn=X] P[Mn=X]. Here, P[Mn+1=Y, Mn=X] is the frequency of 
dyad XY, P[Mn=X] is the overall frequency of monomer X in the monomer pool, and P[Mn+1=Y | 
Mn=X] is the probability that monomer Y will follow monomer X. The y-axes of each of these 
plots show percent change relative to the standard kinetic parameters estimated from 
literature. 

RAFT control is lost when the rate constant of propagation for S-terminal chains (kp
S) 

increases, signified by the loss of a Gaussian chain length distribution (Fig 5.10). RAFT 
control is similarly lost when kp

S and kp
G are both increased, with the chain length distribution 

shifting from a Gaussian to an exponential decay. This is because propagation is too fast 
compared to RAFT equilibrium steps that are necessary to slow down and control 
propagation. When kp

S decreases, overall propagation is slower and eventually the system 
does not reach the targeted % conversion due to all radicals terminating or near-infinitely 
looping in RAFT equilibrium steps. When both kp

S and kp
G are decreased RAFT control is also 

reduced with extra short chain length population observed, as when total rate of propagation 
is too slow compared to termination, the population of terminated short chains increases. 

Increasing kp
S resulted in sequences with more S and less G, which was the expected 

result. The relative rate of homopropagation of S (S|S) and G (G|G) both increased while 
heteropropagation decreased (S|G and G|S). Because the reactivity ratios naturally prefer 
homopropagation over heteropropagation for both monomers, increasing kp

S just magnifies 
this e?ect. This interestingly suggests that when the rate of propagation is decreased relative 
to the rates of initiation, RAFT equilibrium, and termination, di?erences in co-monomer 
reactivity ratios can be “bu?ered” towards a more random distribution. To amplify 
di?erences in reactivity ratios, systems can be designed where kp is maximized and all other 
reactions are minimized. This can be done by using less chain transfer agent or less initiator, 
among other strategies. Each strategy will have its corresponding downside e.g., to reach the 
same target average chain length with a lower ratio of chain transfer agent relative to 
monomer will require lower monomer conversion, which is more material wasteful. This 
result suggests that the experimentally measured reactivity ratios for RAFT systems is likely 
dependent on the concentration/ratio of RAFT chain transfer agents relative to monomers 
and other factors. All the tunable inputs for RHP design are convoluted together and 
designing these convolved tradeo?s can be done with the RHPapp 1.0 synthesis planner and 
analytics modules.25  In comparison, there is negligible change to sequence when both kp

S 
and kp

G are increased or decreased up to 10x and 0.1x, which makes sense as what is 
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important for sequence is relative rates (Rp
S relative to Rp

G), an e?ect which is likely captured 
by the experimentally measured reactivity ratios. 

When the rate constant of fragmentation of living S-terminal chains from 
intermediate two-arm adducts (kf

S) increased, RAFT control (Gaussian chain length 
distribution) was maintained up to 10x but was lost at 100x. When kf

S decreased, the 
gaussian was rapidly is lost. Two-armed radicals are extremely short lived at the starting kf 
values, so as fragmentation slows down, two-armed radicals become more stable and begin 
to a?ect kinetics. Thus, fragmentation has near-zero e?ect on kinetics when fragmentation 
is fast and when kf for both monomers are within ~1.5 orders of magnitude. Interestingly, 
when both kf

S and kf
G increased or decreased even up to 100x and 0.01x, there was no change 

in chain length distribution. The e?ect of relative fragmentation on DP distributions can be 
understood when viewing RAFT-capped chains as dormancy traps. When a radical chain 
attacks a dormant RAFT-capped chain to form a two-armed radical, the probability 
distribution of which arm will then break to reform the active radical chain and dormant 
RAFT-capped chain is dictated by the relative fragmentation rate. If the T-M1 bond is much 
more likely to break than the T-M2 bond, then radical chains with terminal monomer M2 will 
get trapped in RAFT-capped dormancy. This collapses the pseudo-Gaussian that is 
associated with RAFT control, into the exponential distribution that is associated with free 
radical polymerization and poor kinetic control. 

Surprisingly, neither increasing or decreasing kf
S nor increasing or decreasing both kf

S 
and kf

G up to 100x and 0.01x had any impact on sequence distributions. This is likely because 
even when chains are trapped in dormancy, it does not shift their reactivity ratios i.e., once 
chains eventually come out of RAFT-capped dormancy they will propagate with the same 
probability distribution and thus result in the same statistical distribution, regardless of the 
long dormancy period. This result is useful because kf values are extremely di?icult to 
measure experimentally. Because kf exhibits extremely high stability to perturbations, for 
future simulations with similar systems for sequence generation purposes, we can use DFT 
simulated/estimated values that are not system specific, without too much concern that it 
will have an outsized impact on sequence fidelity.70 

Increasing the rate constant of termination by combination for S-terminal chains (ktc
S) 

did not change the shape, just shifted the Gaussian to slightly shorter chain lengths. When 
the total rate of termination (Rt) increases, the approximate steady state concentration of 
radicals decreases, so the overall rate of monomer consumption also slows down. Therefore, 
it takes longer to reach the target monomer conversion %, resulting in more time for initiators 
to fragment, thus producing more chains overall, and thus a lower average degree of 
polymerization. When ktc

S is pushed to its upper limits, the system is terminated before it can 
reach higher conversions. However, the Gaussians do not collapse because termination 
does not directly interfere with the core RAFT equilibrium. The observation of decreasing (ktc

S) 
shifted the gaussian chain length distribution to slightly longer chains can be understood by 
similar reasoning. 
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Figure 5.10 | S-G kinetics (top) and sequence (bottom) distributions resulting from 

screenings of varying kp, kf, and ktc (left to right). Top pair of kinetic and sequence 
distribution plots varied the kinetic parameters of only S. Bottom pair varied the kinetic 

parameters of both S and G. All data taken at 33% conversion. For kinetics plots: average 
degree of polymerization (DP) indicated by vertical lines and the maximum frequency of 
each distribution is set to 1. For sequence plots top sub-plot is monomer composition, 
middle sub-plot is conditional probability i.e., S|G is the probability that a S follows a G 

along the chain. Bottom sub-plot is dyad distribution. Legend for all plots is scaling factor 
that is multiplied to the kinetic parameter(s) being varied. Not all scaling factors run for all 

kinetic parameter screenings, omissions either due to too early termination or slow 
propagation resulting in insu?icient monomer conversion. 
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The impact that varying ktc
S has on resulting sequence is perplexing. There is no 

change in overall monomer composition when scaled by up to 10x and 0.01x (100x increase 
in ktc

S terminated too early to reach 33% conversion). However, despite the constant overall 
monomer composition, the conditional probability and dyad distributions shift with higher 
ktc

S to prefer homopropagation (S|S and G|G) rather than heteropropagation. This result is far 
more complicated than the impact of varying kp

S, in which the conditional probability shift 
can be explained as accompanying the shift in batch-average monomer composition. 
Varying both ktc

S and ktc
G had the exact same e?ect on both chain length and sequence 

distributions as was observed from just varying ktc
S. Termination is di?usion controlled and 

the unscaled S-termination (1.16e12) term dominates G-termination (7.02e11). However, 
when ktc

S is scaled down by 0.1x or 0.01x it should no longer be dominant. This suggests that 
increasing ktc

S does not shift conditional probability towards more homopropagation due to 
an increase in the number of “homo-terminating” (SS and/or GG) chain-ends. If increased 
homopropagation is caused by increased homo-terminations, we would expect the change 
to occur in the dead chain distribution only. At 33%, dead chains make up to between 3-20% 
of the total chain population, where a larger ktc leads to a larger dead chain % (Fig. S5.12). 
When we compared how the living and dead chains distributions varied with ktc

S, we found 
that although the dead chain distributions are noisier due to a lower number of chains to 
average over, similar shifts in conditional probability occurred in both distributions (Fig. 
5.11). Based on this result, we believe that ktc

S is indirectly a?ecting the in-simulation 
kinetics by a?ecting the steady state concentration of radicals. Identical screenings were 
done varying the rate constant of termination by disproportionation for S-terminal chains 
(ktd

S) as well as varying both ktd
S and ktd

G and the impact on sequence distribution was near 
identical to the impact of varying ktc

S. Although we have no definitive explanation, a possible 
hypothesis on how the rate constants of termination (kt) a?ect overall kinetics is that Rt is 
slow relative to the rates of RAFT equilibrium steps and propagation. We empirically found 
that between any two termination steps there are ~1000 propagation steps and ~1000 
equilibrium cycles. Thus, the set of living chains that are available for S+S, S+G, and G+G 
termination is completely di?erent between termination instances. A live chain with active 
S-terminal (available for S+S and S+G termination) at a previous or future time point may 
have either S-terminal or G-terminal, based on some probability distribution that is a 
function of the steady state S-/G-terminal living radical ratio. 
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Figure 5.11 | S-G kinetics (top) and sequence (bottom) distributions split between 

living and dead chain populations resulting from varying ktc of S. All data taken at 33% 
conversion. For kinetics plots: average degree of polymerization (DP) indicated by vertical 
lines and the maximum frequency of each distribution is set to 1. For sequence plots top 

sub-plot is monomer composition, middle sub-plot is conditional probability i.e., S|G is the 
probability that S follows G along the chain. Bottom sub-plot is dyad distribution. Legend 

for all plots is scaling factor that is multiplied with ktc 
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5.6 EGect of RAFT polymerization kinetics on heteropolymer sequences 

Insights from the simpler binary copolymerization system can be applied to analyze 
a more complex 4-monomer random heteropolymer system (M-O-E-N). The fragmentation 
rate constants (kf) in the S-G binary system showed remarkable stability against 
perturbations, not a?ecting sequence distributions. Consequently, in the M-O-E-N system, 
we prioritized examining the rate constants of propagation (kp) and termination by 
combination (ktc). Among the four monomers, we specifically varied the kinetics of OEGMA, 
because the kinetic parameters for MMA and EHMA are well-documented in the literature, 
whereas approximations were necessary for OEGMA and NHSMA. We selected OEGMA due 
to its higher initial concentration ratio (25%) compared to NHSMA (10%), hypothesizing that 
changes in its kinetic parameters would have a more significant impact. We conducted a 
screening where the kinetic parameters for both OEGMA and EHMA were adjusted. The 
combined feeding ratio of OEGMA and EHMA (approximately 67%) closely matches that of 
STY (60%) in the S-G system, allowing for comparisons of relative rate e?ects in a similar 
proportion of the system. Finally, we varied the kinetic parameters for all four monomers 
simultaneously to assess the impact of changes in total reaction rates (Fig. 5.12). 

The relative value of kp is crucial. As kp increases, the chain length distribution slightly 
broadened on both ends. When both kp

O and kp
E were increased, the broadening was more 

pronounced, and when all monomers were increased, the system experienced the most 
significant broadening on both ends. Increasing propagation relative to other rates reduces 
RAFT control, leading to greater polydispersity. The less control exerted by RAFT on the 
monomers, the worse the overall distribution becomes. Conversely, reducing kp does not 
a?ect the distribution's broadening or shrinking, but it does increase the formation of short 
chains (0 to 20 DP) due to relatively more dominant termination events. 

Analyzing the sequence distribution, we observe that as the propagation constant for 
O-terminal chains (kp

O) increased, the overall batch composition of O increased while other 
monomers decreased. This is expected because O-terminal chains propagate faster. The 
homopropagation of O (O|O) significantly increased, primarily at the expense of E|O and N|O. 
This suggests a significantly reduced probability of E or N following O. However, M|O is not 
as significantly a?ected. The reactivity ratio of M-M to M-O (RRM,O) is 0.9, indicating a 
preference for M to add to O. Both RRE,O and RRN,O are > 1 so there is a preference to add to 
themselves. Thus, just as in the binary system, an increase in kp amplified the existing 
reactivity ratios. In the binary S-G system, sequencing e?ects were negligible when the 
relative scale between monomers remained unchanged. However, in the M-O-E-N system, 
although overall monomer frequency is unchanged when all four kp are varied, conditional 
probabilities are non-negligibly altered. With increasing total rate there is a significant 
increase to the homopropagation of O and N, at the cost of heteropropagation between the 
same two monomers. This could be another instance of reactivity ratio amplification that 
resulted in blockier sequence segments for 2 of the 4 monomers at higher kp. 
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Figure 5.12 | M-O-E-N kinetics (left) and sequence (right) distributions resulting from 
screenings varying kp. Kinetic and sequence distribution plots varied kp of only O, both 

O+E, and all 4 monomers (from top to bottom). All data taken at 50% conversion. For 
kinetics plots: average degree of polymerization (DP) indicated by vertical lines and the 
maximum frequency of each distribution is set to 1. For sequence plots top sub-plot is 

monomer composition, middle sub-plot is conditional probability i.e., O|M is the 
probability that O follows M along the chain. Bottom sub-plot is dyad distribution. Legend 

for all plots is scaling factor that is multiplied with kp. Not all scaling factors run for all 
kinetic parameter screenings, omissions either due to too early termination or slow 

propagation resulting in insu?icient monomer conversion. 
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Altering the termination constant for O-terminal chains (ktc
O) for O had no significant 

e?ect on the kinetics, as it is di?usion-controlled and ktc
M is the dominant factor, meaning 

most termination events will involve MMA. ktc
E and ktc

M are 2x and 20x larger than ktc
O 

respectively. As the number of monomers with varied ktc increases, we start to see variations 
in the presence of short terminated dead chains within the 0-20 DP range, which constitutes 
the only noticeable change in kinetics. This pattern mirrors observations in the binary system, 
where termination does not disrupt the core RAFT equilibrium. The overall impact of 
termination on kinetics aligns with findings from the binary system. 

The macro trend observed for the impact of the kinetic parameter on sequencing in 
the M-O-E-N system mirrors that in the binary system, where changes in the monomer 
frequency across all ktc screenings are negligible. Minor fluctuations in overall monomer 
frequency are insignificant compared to changes in conditional probabilities. Examining 
these conditional probabilities, homopropagation increases with the total termination rate 
(Rt), though patterns within these probabilities are di?icult to distinguish. The probability of 
N|O paradoxically increases both when ktc

O is raised and lowered, suggesting more random 
noise than a discernible pattern. The ambiguity implies that a larger system scale might be 
required. The presence of four monomers makes interactions to convoluted for systematic 
analysis, it was a challenge to fully understand the e?ect of kt on sequencing even in the 
simpler binary system. Ultimately we can conclude that the 4-monomer RHP system (M-O-
E-N) used in Chapter 5.2 and 5.3 is quite robust to changes in kt. 

We (Yu et al) hypothesized that the lack of RAFT kinetic modeling, in particular 
termination kinetics may have been key to the ~10% error margin between experimentally 
measured and in silicon simulated sequences.49 Figure 5.14 compares batch-average 
monomer frequencies, conditional probabilities, and dyad distributions of RHP sequences 
simulated by RHPapp 1.0 and RHPapp 2.0. The distribution for RHPapp 2.0 is split into living 
and dead sequence populations, a feature unique to the newer model. Ultimately, although 
there is some disparity between the dead sequence population, the RHPapp 2.0 living 
sequences and RHPapp 1.0 sequences are near identical. At least for this system, the 
RHPapp 1.0 is a very good approximation using feeding ratios and reactivity ratios (Mayo-
Lewis) alone without any real kinetic modeling. This work inadvertently further supports the 
validity of the RHP sequence analyses published by the Xu Group thus far. 

Our model was able to accurately simulate the kinetic and global composition 
experimental data presented in Tenorio-Lopez et al and Yu et al respectively. Yu et al provided 
an experimental upper bound for RHP-4 dead chain population of 18%. Here we provide a 
theoretical ideal lower bound 15% dead chains, so the bound is reasonably tight. This 
suggests that radical loss via chain termination during RHP depolymerization was minimal 
and therefore, the method used was accurate for determining living chain global monomer 
compositions. 
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Figure 5.13 | M-O-E-N kinetics (left) and sequence (right) distributions resulting from 

screenings varying kt. Kinetic and sequence distribution plots varied kt of only O, both 
O+E, and all 4 monomers (from top to bottom). All data taken at 50% conversion. For 

kinetics plots: average degree of polymerization (DP) indicated by vertical lines and the 
maximum frequency of each distribution is set to 1. For sequence plots top sub-plot is 

monomer composition, middle sub-plot is conditional probability i.e., O|M is the 
probability that O follows M along the chain. Bottom sub-plot is dyad distribution. Legend 

for all plots is scaling factor that is multiplied with kt. Not all scaling factors run for all 
kinetic parameter screenings, omissions either due to too early termination or slow 

propagation resulting in insu?icient monomer conversion. 
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Figure 5.14 | M-O-E-N RHPapp 1.0 versus RHPapp 2.0 sequence comparison. Bar plots 

comparing the batch average monomer compositions (top), conditional probabilities 
(middle), and dyads (bottom) for the same batch of RHP simulated by RHPapp 1.0 and 

RHPapp 2.0. For RHPapp 2.0 living and dead populations were split. Legend includes 20 
example monomer sequences of each. 
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Most sequence analysis of copolymers today only consider feeding ratios and global 
compositional drift. The RHPapp 1.0 (Compositional Drift simulator module) used the 
simple Mayo-Lewis equation to generate sequences for downstream sequence pattern 
analysis. Yu et al (Chapters 5.2 and 5.3) showed the importance of experimentally measured 
reactivity ratios and accounting for composition evolution throughout reaction preparation 
and purification. To generate more accurate sequences in this work we built and presented 
a simulator that incorporates RAFT kinetics, the RHPapp 2.0. 

 In the process of demonstrating our unique dual kinetics and explicit sequence 
generating aspects of our simulator, we further explored its utility as a platform to shed 
fundamental insight into how RAFT kinetics do and do not a?ect copolymer and 
heteropolymer sequencing. We explored the impacts of the rate constants of propagation, 
two-arm adduct fragmentation, and termination on heteropolymer kinetics (molecular 
weight distributions at target % conversion) and sequence distributions. By exploring the 
sensitivity/stability of kinetic parameters to perturbations, we found that fragmentation rate 
constants are extremely stable and thus, these di?icult to measure parameters can be 
approximated from DFT simulated/estimated values that are not system specific without 
su?ering an outsized impact on sequence fidelity. 

We also demonstrated that when the rate of propagation is decreased relative to the 
rates of initiation, RAFT equilibrium, and termination, di?erences in co-monomer reactivity 
ratios can be “bu?ered” towards a more random distribution. To amplify di?erences in 
reactivity ratios, systems can be designed to maximize propagation. As was shown herein, 
this is a viable strategy to achieve selectively blockier sequence segments for 2 of 4 
monomers in a heteropolymer system. However, these strategies will leverage tunable RAFT 
synthesis inputs that are convoluted together, which is where the RHPapp can shine as an 
aide for reaction design. Future work could use the RHPapp 2.0 platform to investigate the 
e?ect and stability of initiator dissociation and two-arm adduct addition rates, among other 
relevant parameters, on heteropolymer sequences. 

We validated that for the 4-monomer methacrylate system used in prior works, Mayo-
Lewis had su?icient complexity to be accurate. However, this result may not be 
generalizable to all copolymer and heteropolymer systems, as perhaps methacrylates are 
an edge case due to the high backbone chemical similarity and thus kinetic parameters of 
all monomers. Indeed, the binary copolymer system investigated herein showed that the 
stability of the Mayo-Lewis approximation can be system dependent. Moreover, the e?ects 
of termination rate constants remain a mystery to be solved in future work. We acknowledge 
that there are several abstractions our simulator made - real e?ects that our model doesn’t 
capture – that if implemented, should further improve sequence fidelity to reality. These 
include considering a penultimate model, chain-length dependent kinetics, and non-ideal 
reactors. We open-sourced our code to encourage the community to co-implement these 
additions and more in the next generation simulator to come, perhaps the RHPapp 3.0. 
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5.7 Methods and materials 

Materials: All reagents were purchased from commercial suppliers and used as received 
unless otherwise stated. Azobisisobutyronitrile (AIBN) was recrystallized in methanol prior 
to use. Prior to polymerization, methyl methacrylate (MMA), 2-ethylhexyl methacrylate 
(EHMA), and ethylene glycol methyl ether methacrylate (OEGMA) were passed over a 
column of neutral alumina to remove inhibitors. 

Nuclear Magnetic Resonance (NMR) Spectroscopy: 1H and 13C NMR spectra (500 MHz 
and 150 MHz) were recorded at room temperature (298 K). Chemical shifts are reported in δ 
(ppm) referenced on residual solvent peaks. Coupling constants (J) are expressed in Hertz 
(Hz). Splitting patterns are designated as: s (singlet), d (doublet), t (triplet), and m (multiplet).  

Determining Composition of Raw RHP Products: The consumption of each monomer 
during RAFT copolymerization was estimated by comparing the NMR spectra of feedstock 
and post-polymerization aliquots (using DMF peak as internal standard). The initial 
feedstock NMR aliquot was taken before the degassing process. The analysis revealed that 
a decrease in the total peak integral between the feedstock and post- polymerization NMR 
spectra, indicating the loss of monomers during the freeze-pump-thaw degassing procedure. 
This can be attributed to the loss of volatile MMA during the degassing process. Therefore, 
we estimated the loss of MMA by comparing the NMR spectra of initial feedstock and post-
polymerization aliquots. We factored this loss into our calculations when determining the 
composition of the raw RHP. This calibration allows us to obtain an accurate estimation of 
the raw product composition.  

Determining Composition of Purified RHP Products: Quantitative 13C NMR was 
performed using an inverse-gated decoupling sequence (“zgig” on a Bruker Avance III 
instrument equipped with a 5 mm 1H/BB Prodigy cryo-probe) with a 60s relaxation delay (150 
MHz, CDCl3). RHPs monomer composition ratios were determined by integrating the peaks 
labeled with c (MMA), d (OEGMA), h (EHMA), p (NHSMA) and calculating the fraction for each 
monomer.  

Gel Permeation Chromatography (GPC): THF GPC data were collected via an instrument 
equipped with an isocratic pump (1260 Infinity II, Agilent) and a di?erential refractometer 
(dRI) detector. Size exclusion columns were maintained at a temperature of 40 oC using THF 
as the mobile phase. All sample solutions were filtered through a 0.45 μm PTFE filter before 
injection. The molecular weight of each polymer was determined based on a PMMA 
calibration curve. DMF GPC data were collected using a Malvern OmniSEC equipped with 
refractive index, light scattering, and intrinsic viscosity detectors calibrated with a single 
PMMA standard. Analysis was performed in dimethylformamide containing 0.2% lithium 
bromide running at 0.7 mL/min and 55 oC. All sample solutions were prepared at a 
concentration of 2 mg/ml and filtered through a 0.45 μm PTFE filter before injection.  

Spin Dialysis and Lyophilizing: Spin dialysis was performed using MilliporeSigma Amicon 
Ultra-15 Centrifugal Filter Units (Part number: UFC900324), diameter: 29.7 mm, MWCO: 
3,000 d, volume: 15 mL. After pentane precipitation, RHPs were dissolved in 10 mL DI water 
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and transferred to the filter unit. The mixture was centrifuged at 6000 rpm for 30 min until the 
remaining solution was around 2 mL. 10 mL DI water was then added to the remaining 
mixture and the centrifuge separation was repeated. A total of 30 mL dialysate was collected 
for each RHP, and no residual monomers were observed in the NMR analysis of the final 
products. After dialysis, the purified products were dissolved in water to make a 
concentrated solution and transferred into vial for lyophilizing (using a 8L LABCONCO 
FreeZone Freeze Dryers). The purified RHPs were then characterized by NMR and GPC and 
used in depolymerization experiments.  

High Performance Liquid Chromatography (HPLC): The monomer composition ratio after 
depolymerization were determined using a RP-HPLC (Agilent) on a C4 column (Viva 5 μm, 
200 mm x 4.6 mm). The flow rate was 1 ml/min. Elution was monitored with a diode array 
detector at wavelengths of 210 nm. When measuring the UV- vis spectra of the monomers 
(MMA, EHMA, OEGMA, and NHSMA), no significant absorbance was observed above 220 nm. 
The selection of a 210 nm detection wavelength was based on its high sensitivity to detect 
ester compounds.1 Elution gradient: 20 min 20%IPA/80%water plus 0.1% (v/v) TFA then a 30 
min linear AB gradient from 0% B to 50% B, where solvent A consisted of 20%IPA/80%water 
plus 0.1% (v/v) TFA and solvent B consisted of acetonitrile plus 0.1% (v/v) TFA.  

Composition and Sequence Simulation: Composition and sequence simulations of the 
synthesized RHPs were performed using the RHPapp.25 The simulation inputs (including the 
monomer composition, RAFT to initiator ratio, conversion fraction, and average degree of 
polymerization) were based on experimental design. A total of 100,000 RHP sequences were 
generated for each model RHP batch to ensure that there are su?icient chains to yield 
composition distributions for statistical analysis.  

Hydrophobicity Calculation and Statistical Analysis: The RHP chain hydrophobicity was 
calculated based on previously reported hydrophilic- lipophile balance (HLB) scale 
estimated by considering the functional groups on the monomer side chains.3 The four 
monomers used in this experiment and simulation were each assigned a HLB index, where 
MMA was assigned a value of 8.45, EHMA a value of 5.125, OEGMA a value of 11.42, and 
NHSMA a value of 12.775.2,4,5 The hydrophobicity of each chain of the RHP and the 
distribution of that HLB value were calculated based on value assignment above.  

General Procedures of RAFT Polymerization: A 20 mL Schlenk tube was charged with MMA, 
OEGMA, EHMA, NHSMA, and 2.5 mL DMF. 

4-Cyano-4-[(dodecylsulfanylthiocarbonyl)sulfanyl]pentanoic acid, and AIBN were 
added, and the reaction mixture was degassed by three freeze-pump-thaw cycles. After 
stirring at 80 °C for a given time (RHP1-2: 2.5 hr; RHP3-4: 1.5 hr), the reaction mixture was 
cooled in liquid nitrogen and the polymer was precipitated by dropwise addition of the 
mixture into stirring pentane. The yellow precipitate was then dissolved in water and 
transferred to a 3000 MWCO dialysis bag. The polymer was dialyzed against water and 
lyophilized to yield the final product. The purified polymer was subsequently characterized 
using GPC, 1H-NMR, and 13C- NMR. 
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RHP-1: Yellow gel. Prepared using MMA (0.100 g, 1.0 mmol), OEGMA (2,236 g, 4.5 mmol), 
EHMA (0.396 g, 2.0 mmol), NHSMA (0.457 g, 2.5 mmol), 4-Cyano-4- 
[(dodecylsulfanylthiocarbonyl)sulfanyl]pentanoic acid (40 mg, 0.1 mmol), AIBN (3 mg, 0.02 
mmol), and 2.5 mL DMF following the general RAFT polymerization procedures. Yield: 78 %.  

RHP-2: Yellow gel. Prepared using MMA (0.402 g, 4.0 mmol), OEGMA (1.987 g, 4.0 mmol), 
EHMA (0.198 g, 1.0 mmol), NHSMA (0.183 g, 1.0 mmol), 4-Cyano-4- 
[(dodecylsulfanylthiocarbonyl)sulfanyl]pentanoic acid (40 mg, 0.1 mmol), AIBN (3 mg, 0.02 
mmol), and 2.5 mL DMF following the general RAFT polymerization procedures. Yield: 62 %.  

RHP-3: Yellow gel. Prepared using MMA (0.502 g, 5.0 mmol), OEGMA (0.994 g, 2.0 mmol), 
EHMA (0.396 g, 2.0 mmol), NHSMA (0.183 g, 1.0 mmol), 4-Cyano-4- 
[(dodecylsulfanylthiocarbonyl)sulfanyl]pentanoic acid (40 mg, 0.1 mmol), AIBN (3 mg, 0.02 
mmol), and 2.0 mL DMF following the general RAFT polymerization procedures. Yield: 47 %.  

RHP-4: Yellow gel. Prepared using MMA (0.251 g, 2.5 mmol), OEGMA (1.242 g, 2.5 mmol), 
EHMA (0.791 g, 4.0 mmol), NHSMA (0.183 g, 1.0 mmol), 4-Cyano-4- 
[(dodecylsulfanylthiocarbonyl)sulfanyl]pentanoic acid (40 mg, 0.1 mmol), AIBN (3 mg, 0.02 
mmol), and 2.0 mL DMF following the general RAFT polymerization procedures. Yield: 45 %.  
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Chapter 6 

Deep learning driven heteropolymer design 

 

6.1 Learning the language of life, synthetically 

Proteins are essential for life. They perform many key functions from catalyzing 
crucial biochemical reactions, to transmitting chemical information, to providing nanoscale 
structure and more.1 Proteins are natural polymers – physical strings of amino acids. 
Computationally, protein sequences can be viewed as sentences with a word dictionary size 
of 20 amino acids. The “grammar” of proteins a?ects how they fold into structures and thus 
how they function. It can thus be said that if we learn the “language” of protein sequences 
we will have learned the language of life.2–7 

There has been growing interest in harnessing the power of proteins and 
recapitulating their function in engineered materials. Synthetic protein mimics lie on a 
sliding scale from most mimetic to most synthetic. An example of the most mimetic are 
proteins engineered via directed mutagenesis.8 In the middle of this spectrum are the de 
novo design of proteins and synthesized polypeptides with specific sequences.9 To be truly 
synthetic amino acids can be replaced as the polymeric building blocks with synthetic 
chemical monomer equivalents. These are synthetic heteropolymers and can range in 
statistical definition from fully sequence defined (as natural proteins are),10 to only 
statistically defined.11–15 Generally, the more synthetic a protein mimic is the more stable and 
compatible it is in commercial applications, better matching the timescales and length 
scales that humans demand. 

In the process of considering and designing systems of synthetic protein mimics we 
can ask some important biological questions: What is the smallest alphabet size required to 
synthetically recapitulate protein function? Nature landed on 20 natural amino acids as its 
alphabet size after billions of years of evolution. Why 20? Is this fully necessary or is there 
redundancy in the alphabet of life? Performing dimensionality reduction to reduce system 
complexity would be ideal to improve system designability and interpretability. Just as 
English language sentences can be clustered into lexemes (e.g., adjectives, nouns, verbs, 
and conjugations), protein sequences of amino acids can be clustered by groupings ranging 
from chemical properties (i.e., lipophilic, hydrophilic, negative, positive, and aromatic) to 
hydrophobicity to evolutionary relationships.16 Ideally, rather than using 20 building blocks a 
synthetic protein sequence would operate purely at a level of reduced dimensionality. In this 
chapter we use state-of-the-art deep learning techniques (i.e., deep learning and large 
language models) to investigate synthetic protein mimics. 
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6.2 A hybrid variational autoencoder for designing synthetic protein mimics3 

As it remains a challenge to synthesize read-write-able, sequence-specific polymers, 
progress has been made on developing biological mimics using statistically defined 
sequences only.11–15 Designing statistically random heteropolymers (RHP) is challenging 
because both the exact monomeric sequences and conformations of synthetic RHP chains 
are nondeterministic. Traditional protein design methods rely heavily on high-throughput 
sequencing data and 3D structures.8,9 Without exact sequences and structures, we are 
lacking in rational design principles for creating functional RHP chains. 

We believe the work presented, and literature cited in Chapters 4 and 5 cover the 
most up-to-date understanding of computational methods to generate and design RHP 
sequences. Moving forwards, just as the RHPapp took inspiration from bioinformatics to 
develop sequence analysis frameworks, we should leverage the state-of-the-art sequence 
analysis tools used in biology today - deep learning models. To our knowledge there is no 
prior literature using deep learning methods to model RHP sequences. The closest example 
used a hidden Markov model to characterize the functionality of proton transporting RHPs.17 
Looking to deep learning work on proteins for inspiration, variational autoencoder (VAE)-
based architectures were some of the first model classes used to identify latent 
representations for biological sequences, and are useful in downstream tasks like 
identifying mutation e?ects and designing novel functional proteins.18–21 However, a key 
di?erence is unlike how protein models take single chains as input, we need to instead 
model and analyze RHPs as an ensemble that is comprised of individual sequences.13,14 
Individual RHP chains are statistically, sequence-defined. They have di?erent monomeric 
sequences but are statistically similar at the segment level, making them an ideal platform 
to materialize the segmental information extracted from primary protein sequences.12–14 

 

 
Figure 6.1 | DeepRHP model architecture consisting of a classical VAE equipped with an 

additional feature-based VAE. 

 

 
3 Ch. 6.2 was done in collaboration with Shuni Li, Zhiyuan Ruan, and Prof. Haiyan Huang. 
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Here we developed DeepRHP, a modified variational autoencoder trained under a 
semi-supervised framework, for modeling general RHP sequence data and discovering RHP 
compositions for protein function (Fig. 6.1). DeepRHP learns interpretable, low-dimensional, 
latent representations for RHP sequences and provides a platform to parameterize and 
visualize both chemical characteristics and sequential arrangement at the segmental level 
using the autoencoder model and establish design rules to modulate RHPs’ similarity to 
proteins as an ensemble (Fig. 6.2). 

DeepRHP was trained on protein sequences collected from the UniprotKB 
database.22 Each sequence was first reduced into four types of pseudo-residue: hydrophilic, 
hydrophobic, very hydrophobic and charged, on the basis of the respective side-chain 
hydrophobicity of amino acids (Table S6.2).23 Initial sequence analysis was also tested using 
two or eight pseudo-residues (Tables S6.3 and S6.4). For each protein, the reassigned 
protein sequence was truncated into a collection of 50-mer segments for analysis (Fig. S6.1). 
The 50-residue interval was chosen because it captured most short- and long-range residue–
residue contacts in native protein conformation. The residue order and local hydrophobicity 
of each 50-mer were extracted and represented by a low-dimensional vector, which was 
projected onto a space comprising the first two principal components (PC1 and PC2) from a 
Principal Component Analysis (PCA).24,25 To a first approximation, the PC1 correlates with 
the apparent hydrophobicity of the 50-mer; the PC2 correlates with the sequential 
arrangement of di?erent blocks within the 50-mer. A library of hypothetical chains 
containing the same four blocks arranged in di?erent orders was analyzed for illustration and 
can be clearly di?erentiated based on the 2D sequence analysis (Fig. 6.2a). The PC1’s 
dependence on the PC2 further highlights the importance of considering the block sequence 
along a chain and its potential to modulate interchain interactions. 

The PCA analysis results e?ectively capture key sequence characteristics for known 
protein families (Fig. 6.2b). Membrane proteins have a subpopulation shifted along the PC1 
axis compared to that of globular proteins. Thus, the model captures the distinction between 
the two protein families through their 50-mer segmental hydrophobicity. The large spatial 
overlap between the two protein families reflects that common protein motifs are present in 
both protein families. The two protein families were indistinguishable along the PC2 axis, 
and both are more concentrated in the center region of PC2. It is reasonable to speculate 
that proteins with alternating short hydrophobic and hydrophilic segments are less prone to 
aggregation and are preferable through evolution. 

A library of RHP ensembles was designed to match the pseudo-residues used in the 
initial protein sequence analysis, using 2–4 out of six selected monomers including methyl 
methacrylate (MMA), 2-ethylhexyl methacrylate (2-EHMA), 3-sulfopropyl methacrylate 
potassium salt (3-SPMA), 2-(dimethylamino) ethyl methacrylate (DMAEMA) and oligo 
(ethylene glycol) methacrylate (OEGMA) with number-average molecular weight (Mn) of 300 
or 500 Da, respectively (Table S6.1). The MMA:EHMA molar ratio was varied in 5 or 10% 
increments to modulate the distribution of segmental hydrophobicity. For each RHP 
ensemble, 2,000 simulated RHP sequences were generated using the RHPapp 1.0.14 This 
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sample size is representative of the ensemble, because the occupied PCA space converged 
at roughly 1,500 chains (Fig. S6.2). The segment distribution from proteins and RHP1–7 was 
projected onto the same PCA space for similarity comparison (Fig. 6.2c). The occupied PCA 
space shifts along the PC1 axis, with some overlapping regions, as the monomer 
composition varies. RHP ensembles populating the left of the PCA space (lower PC1 value) 
have more hydrophobic segments than those to the right (Fig. S6.3). The PC2 distribution of 
RHP ensembles are similar to each other and comparable to those of both protein families. 
RHP ensembles can be designed to match the segmental diversity of both protein families. 
There is a sizeable overlap between four RHP ensembles, RHP1–4, with globular proteins; 
RHP1–7 have some overlap with membrane proteins. 

 

 
Figure 6.2 | A. Left: permutated sequences in descending order of PC2 value from top to 
bottom. Right: projection of 24 permutated sequences with RHP4 composition ratio and 

RHP4 ensemble onto the PCA space. B. 2D sequence analysis of proteins and 
heteropolymers to compare similarities in their chemical characteristics at the segmental 
level. 100 membrane protein sequences (green dot) and 100 globular protein sequences 

(orange cross) (both randomly selected) are shown for clarity. Each shaded area is a 
univariate distribution of an ensemble of 2,000 RHP chains using kernel density estimation. 
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Next, we demonstrated how DeepRHP can be used to accelerate RHP design by 
identifying promising monomer compositions. Aquaporins (Aqp) are membrane channel 
proteins that facilitate water transport between cells. Membrane proteins are unstable and 
prone to aggregation even under mild experimental conditions. Panganiban et al. 
successfully stabilized Aquaporin Z (AqpZ) and preserved its function in non-native 
environments with the presence of RHPs.11 The RHP system used had 70% hydrophobic 
monomers and 30% hydrophilic monomers, selected based on a crude protein surface 
analysis on four protein sequences. We first validated this distribution of monomer 
hydrophobicities using our model. The latent factors of the 2-monomer RHPs and natural 
proteins are projected onto a two-dimensional space using PCA (Fig. 6.3a). All 2-monomer 
RHPs are composed of one hydrophobic monomer (EHMA) and one hydrophilic monomer 
(OEGMA). The compositions of RHP A through RHP E were selected to su?iciently reflect this 
hydrophobicity range (Table S6.1). We observed that PC1 correlates with hydrophobicity as 
RHPs span left to right, least hydrophobic to being most hydrophobic respectively. Most 
membrane and globular proteins overlapped with RHP B and RHP C, suggesting these two 
RHP compositions are most similar to natural proteins. Most hydrophobic membrane 
proteins overlapped with RHP B (70% hydrophobic, 30% hydrophilic), confirming that 30:70 
is a good balance for the 2-monomer system. 

We then fine-tuned the performance of the 30:70 distribution of hydrophilic and 
hydrophobic monomers by increasing the number of monomers from two to four (Fig. 6.3b). 
A library of 4-monomer-based RHPs was designed by varying the MMA:EHMA ratio (Table 
S6.1). Each of RHP 1 through RHP 7 is still composed of 30% hydrophilic monomers (OEGMA, 
SPMA) and 70% hydrophobic monomers (MMA, EHMA). Panganiban et al. did not rationalize 
the choice of four monomers for their design of protein-like RHPs. Our approach explains 
why the two-monomer alphabet size is insu?icient. In Figure 6.3b, each of the RHP 
ensembles can be considered as a subset of RHP B and occupied a much more localized 
natural protein sequence space with smaller variance. We then projected AqpZ onto the 2-
monomer (Fig. 6.3c) and 4-monomer PCA spaces (Fig. 6.3d). In the 2-monomer setting, the 
RHP B space is much larger than the span of AqpZ. In the 4-monomer setting, the AqpZ 
projections cover the RHP 4 and RHP 5 spaces almost entirely. Therefore, we believe the 2- 
monomer sequence space is too broad with respect to proteins while the 4-monomer 
sequence space is more localized.  

In addition to providing heuristics regarding the number of monomers, DeepRHP 
sheds light on the choice of monomer compositions. In Figure 6.3d there is a large overlap 
between the projected proteins and the RHP 4 and RHP 5 contours. Panganiban et al. 
demonstrated that the optimal RHP has the same monomer ratio as that of RHP 4 and is 
capable of stabilizing AqpZ. Thus, the overlap between RHPs and AqpZ in the PCA space can 
modulate their sequence correlation and molecular interactions in the aqueous solution. 
This indicates that the latent embeddings discovered by DeepRHP are chemically 
meaningful and can play a key role in discovering functional RHPs. 

Overall, DeepRHP holds great promise for the future of integrating deep learning 
techniques, specifically VAEs, into RHP design. The hybrid VAE architecture of DeepRHP is 
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flexible and can be trained on any sequence family with variable sequence lengths and no 
multiple sequence alignment is needed. By exploring the low dimensional heteropolymer 
sequence representations learned by a semi-supervised framework, we provided 
fundamental insight on if the ‘language of life’ learned by models is transferable to synthetic 
protein mimics. We showed that a binary system was insu?icient to recapitulate a protein-
like latent space representation, but that 4 monomers was su?icient. 

 

 
Figure 6.3 | PCA projections of RHP and protein latent factors. A. and B. project 

membrane and globular proteins onto two and four-monomer RHP space, respectively. C. 
and D. project AqpZ onto the same two RHP spaces. 
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6.3 Transferability of protein language models to synthetic mimics 

The preceding section delved into the design of synthetic protein mimics through the 
utilization of a reduced alphabet set, shrinking from 20 amino acids to 8, 4, and 2. However, 
the approach employed by DeepRHP involved a semi-supervised learning framework, 
potentially leading to a bias towards overemphasizing the significance of hydrophobicity. In 
contrast, Ieremie et al. developed a fully unsupervised three-layer Bidirectional Long Short-
Term Memory (BiLSTM) protein language model (PLM).16 They trained this model on protein 
sequences that underwent conversion into a series of reduced amino acid alphabets (e.g., 
18, 17, 14, 12, 7, 5, and 4). Their investigation focused on elucidating the impact of 
diminishing protein sequence information on learned representations and downstream task 
performance. As anticipated, PLMs trained on reduced alphabets generally exhibited inferior 
performance compared to those trained on sequences encompassing the full 20 amino 
acids. Nevertheless, among the downstream prediction tasks (enzyme classification, 
homology detection, and three protein engineering datasets), certain PLMs trained on 
reduced alphabet sets demonstrated comparable performance to their full alphabet-trained 
counterparts. Promisingly, these findings suggesting that employing alphabet sets with 
reduced dimensionality could prove e?ective for protein mimics. However, unlike the 
outcomes observed in DeepRHP, PLMs trained on a reduced dataset of 4 representative 
amino acids exhibited exceedingly poor performance across all downstream tasks. A 
minimum alphabet size of 12 was necessary to attain moderately comparable performance 
to PLMs trained on the complete 20-amino acid alphabet. Furthermore, they highlighted that 
not all clustering schemes yield equivalent results. Simply clustering amino acids by 
hydrophobicity to 14 resulted in inferior downstream task performance compared to a more 
refined clustering scheme that had a smaller alphabet size of 12. 

In this study, we aimed to bridge the methods and results of previous studies. Both 
DeepRHP and the models utilized by Ieremie et al. are considered small by contemporary 
standards and are now outdated compared to the latest advancements, particularly 
transformers that leverage attention.26 Today, large-scale models are trained on billions of 
uncharacterized protein sequences. Using a fully unsupervised, state-of-the-art, large 
language transformer model should maximize the advance in our understanding of the 
applicability and transferability of protein language models to synthetic protein mimics. One 
of the most notable models in this domain is AlphaFold2.27 However, AlphaFold2 and similar 
models utilize evolutionary information from sequence alignments and genetic databases 
to augment and accelerate learning. This is undesirable for transferability to synthetic 
protein mimics, which lack evolutionary histories and databases. Consequently, we chose 
to build upon the work of ProtTrans,6  which provided six popular transformer architectures 
(BERT, Albert, Electra, T5, Transformer-XL, & XLNet), all pretrained solely on billions of raw 
protein sequences, without additional evolutionary data. Among the six ProtTrans models, 
we selected the T5 architecture as our starting point for experimentation as it had the best 
performance on every metric reported. 

We used the pre-trained ProtT5 model to encode curated adversarial, random 
polypeptide (RPP) sequences that were designed to test the robustness and transferability 
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of PLMs to synthetic protein mimics such as random heteropolymers (RHPs). Then similar 
to the method of the preceding section, we visualized the RPP latent space coordinates 
against those of known reference proteins from the SCOPe database.28 However, the top 2 
principal components resulting from a Principal Component Analysis (PCA) could only 
explain 7% and 6% respectively. This result supported our initial hypothesis that semi-
supervised learning with hydrophobicity as an input may be overemphasizing its learned 
importance. Thus, rather than PCA, t-SNE was used for visualization.29 

 RPPs sampled from a complete, uniform distribution of 20-amino acids (AAs) were 
barely in distribution (Fig. 6.4). This indicates the model can distinguish discriminate the 
random sequences from those of natural proteins - suggesting successfully learned protein 
grammar. Figure 6.4 further showed that when the number of AAs is incrementally reduced 
the RPP sequences shift further out of the natural protein distribution. These initial results 
are promising, as they provide preliminary validation for the use of t-SNE + SCOPe as a 
visualization platform and discriminatory evaluation metric. The fact that a uniform 
distribution does not fool our evaluation platform allows for more complex analysis exploring 
sequence distributions.  

 

 
Figure 6.4 | t-SNE of 1024-dim encodings of SCOPe proteins and length-100 RPPs sampled 

from uniform distributions of 20, 19 and 18 unique amino acids of all possible 
combinations. 

 

Shapes in t-SNE clusters are usually significant.29 The long lines seen in RPP 20, 19 
and 18 show that the absence or overabundance of some amino acids matters more others. 
Instead of using a non-biological uniform distribution, RPPs can be sampled from complete 
and reduced natural protein distributions of AAs. In other words, AAs that are more abundant 
in nature will be sampled at a higher frequency in RPPs. RPPs sampled from natural protein 
distributions blend in more with SCOPe proteins (Fig. 6.5). This trend continues as you 
reduce in AAs. Although the distribution of RPPs “peels o?” more and more as number of 
AAs reduces, unlike in the uniform distribution case, the natural distribution RPP 18 are also 
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able to pull several natural proteins into its cluster. We see this pulling e?ect continue but 
slowly dwindle until RPP 10 (Fig. S6.5). By RPP 7 there is extremely clear t-SNE cluster 
separation between RPPs and SCOPe proteins, with 1 RPP sequence exception that prefers 
to cluster with SCOPe proteins (Fig. 6.5). There are no longer any outliers or overlapping 
regions between RPP and SCOPe clusters when reducing to less than 7 AAs. To determine 
which subsets of AAs are managing to successfully fool the transformer, the most naive 
approach is to take the top N most common AAs for each RPP N. Unfortunately, this 
approach did not yield convergence between RPP and SCOPe sequences (Fig. S6.6).  

 

 
Figure 6.5 | t-SNE of 1024-dim encodings of SCOPe proteins and length-100 RPPs sampled 

from natural protein distributions of 20, 19,18 and 7 unique amino acids of all possible 
combinations. The left plots highlight the overall t-SNE, the right plots zoom in on only RPP 

sequences. For RPP7, a random subset of 700 sequences as sampled for visualization. 

 

A noteworthy, exploitable feature of the SCOPe distribution is that it is sub-divided 
into specific subsets by protein structure. For example, the subset “c” that lies prominently 
in the center of SCOPe t-SNE visualizations consists of alpha/beta proteins (a/b) that are 
composed of alternating alpha helices and beta sheets, in which the beta sheets are mostly 
parallel to one another. In comparison, the subset “g” that clusters well amongst itself 
separate from the rest of SCOPe proteins is composed of “small proteins”. We can plot and 
compare amino acid occurrence frequencies by sub-division (Fig. S6.7) and see that the a/b 
proteins (the center of SCOPe distribution on t-SNE) and our natural protein reference 
distribution from literature are very similar. However, the small proteins are both much 
shorter in average length (56 compared to ̃200) and have markedly di?erent amino acid 
distribution. Small proteins are significantly richer in disulfide bond forming cysteine. It is no 
wonder the model can accurately group small proteins in latent space more similarly to one 
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another, separately to the other SCOPe proteins. It was a plausible hypothesis that sampling 
RPP sequences from the small protein distribution would result in proximal locations in 
latent space and thus proximity in t-SNE visualization, however, the resulting shift in t-SNE 
clustering is negligible (Fig. S6.8). 

Instead of treating AAs as individual, independent alphabets, it would be more 
appropriate to think of them as words that share similarities to other words (AAs). We can 
reduce the alphabet size of RPPs not by random AA removal but by clustering AAs into 
several groups and then abstracting from the individual AA to the clustered-group level (Fig. 
6.6a). 7 groups were hand-curated based on chemical similarity and a representative AA was 
chosen for each group based on abundance in natural proteins. The number of groups was 
chosen to match the lowest-alphabet size RPP for which we had a sequence that clustered 
with SCOPe, 7 AAs. RPPs can then be sampled from a reduced 7 AA dictionary with 
probabilities corresponding to the group probabilities in Figure 6.6a. Figure 6.6b shows a 
very extreme separation with no overlap. Even when adding 3 more amino acids to increase 
complexity and chemical diversity the separation from SCOPe is more extreme than when 
randomly removing AAs from the natural distribution (Fig. 6.6c). However, it can be seen in 
Figure 6.6c that there are some rare edge cases where outlier RPPs will be grouped with 
natural proteins when we increase the number of sequences generated and visualized. 
These results indicate that the wrong AAs were selected to represent each group or that the 
hand-curated groupings are detrimental. 

Although it may visually appear that, performant outliers omitted, RPPs sampled from 
this group-distribution method results in strictly less-protein-like RPPs than those sampled 
from natural distributions and even uniform distributions, it should be noted that this is likely 
to be a t-SNE artifact. Spacing in t-SNE is often finicky.29 A likely explanation for a more 
extreme spacing rather than less-protein-like RPPs, is increased similarity between RPPs 
generated by sampling from the group-distribution. More similar sequences will cluster 
better with each other and yield a very isolated cluster on the t-SNE. With the natural 
distribution, due to the high variance between RPPs due to randomly sampling from 
randomly cut subsets of AAs, there will be a gradient of similarity to natural proteins that 
results in a smaller spacing. We can highlight a limitation of using t-SNE as our evaluation 
metric in full e?ect by comparing a single sequence of an “optimized” RPP sequence 
sampled from a natural distribution of 10 amino acids (RPP 10), to a homo- polypeptide of 
all “C”s (homoPP-C). The resulting t-SNE + SCOPe visualizations are negligibly di?erent with 
respect to distance in flattened latent space between RPP/homoPP-C and SCOPe proteins 
(Fig. 6.7). This shows we cannot use t-SNE + SCOPe as an evaluation metric in the case of a 
single RPP sequence. 

Given the limitations and skepticism in going any deeper into latent space analysis 
using t-SNE + SCOPe as the sole evaluation metric, a viable route to assessing the 
applicability of language models trained on protein sequences to RPPs and RHPs is to probe 
direct applicability to improving downstream prediction tasks. 
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Figure 6.6 | A. Distributions of amino acids in naturally occurring proteins and sub-classes 
of proteins by secondary structure, grouped into 7 hand-curated groups based on chemical 
similarity: positive, negative, polar, short, hydrophobic, aromatic and sulfide (left to right). 
Representative amino acids for each group is displayed below the bar, chosen by highest 

abundance in natural proteins. B. t-SNE of 1024-dim encodings of SCOPe proteins and 
length-100 RPPs sampled from distribution of 7 amino acids from (a). C. same as (b) but 

with the 2nd most abundant amino acid added from the polar, short and hydrophobic 
groups for RPP 10, with same group distribution. 

 

 

Figure 6.7 | t-SNE of 1024-dim encodings of SCOPe proteins and a single length-100 (left) 
RPP sampled from natural distribution of 10 unique amino acids and (right) homo–

polypeptide of all cysteine (C). 
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Tamasi et al did active learning as part of a high-throughput robotic design platform 
to optimize RHPs as chaperones to increase the thermal stability of proteins. Their work 
provided a small experimental dataset mapping RHP batch characteristics to protein 
thermostability. We used this dataset as a ground truth to validate our supervised top model 
performance to predict protein stability. Prediction tasks using synthetic macromolecular 
sequence information as input is largely novel, with only very few mentions in published 
literature.30 

We used ProtT5 outputted 1024-dim encodings of RHP-equivalent RPPs for inputs to 
a simple supervised regressor top model (Scheme S6.1). The results of varying input 
featurizations and model selections on 3 regression tasks are summarized in Table 6.1. No 
fine tuning or hyperparameter optimization was done for all input featurizations and models. 
The use of biologically rich sequence encodings over a simple batch-average characteristic 
feature vector as input slightly reduced RMSE for ridge regression - the best overall model for 
all 3 protein prediction tasks - and significantly improved Gaussian process regression (GPR) 
RMSE. The improvement in GPR is largely due to extreme outlier removal (Fig. S6.9). Finally, 
an ablation studies confirmed that the unsupervised-learned, biologically rich sequence 
information encoded in the 1024-dim input vector is what improved performance, and that 
it is not just an artifact of increasing the number of input features. 

In conclusion, here we probed the extent to which a state-of-the-art transformer 
model can learn the language of proteins, by evaluating the ability for the model to 
discriminate hand-crafted adversarial examples of synthetic sequences of amino acids, 
defined as random polypeptides (RPPs). We then used latent space encodings as input to 
improve the predictive performance of a supervised, simple top model regressor on 3 
protein-synthetic protein mimic hybrid function prediction tasks. 

 

Table 6.1 | RMSE results on top model protein stability tasks evaluated over 50 trials. Best 
results are in bold. 

Regression 
Task 

Random 
Sampling 

Mean 
Prediction 

Batch-
Ave + 

RidgeCV 

Batch-
Ave + 
GPR 

RPP-seq 
encodings 
+ RidgeCV 

RPP-seq 
encodings 

+ GPR 

HRP 1144 ± 42 577 19.5 ± 1.7 246 ± 158 17.8 ± 1.8 18.9 ± 2.1 

GOx 347 ± 12 174 11.0 ± 0.8 80 ± 77 9.9 ± 0.9 10.2 ± 1.1 

Lip 1050 ± 47 522 15.7 ± 1.1 164 ± 133 9.3 ± 1.0  9.7 ± 1.3 
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6.4 Future work 

The main bottleneck in the unsupervised latent space analysis portion of this work is 
the finicky and qualitative nature of tSNE as an evaluation tool. A more quantitative metric 
for evaluating how successfully “protein-like” a generated RPP sequence would be highly 
desirable. For example, a downstream top model classifier can be used to quantify the 
success of RPP adversarial attack. A similar quantitative downstream classifier would also 
improve DeepRHP as a synthetic protein mimic design tool. 

One of the main takeaways from this study is that despite rigorous analysis into 
amino acid distributions of natural proteins, the ProtT5 transformer model was 
sophisticated enough to not be fooled by synthetic RPPs that have the same distributions. 
This clearly suggests that much like in the English language, if you randomly string together 
words by frequency in daily use, you will most likely still yield a nonsensical sentence. 
Perhaps like in sentences, where key word patterns are imperative to natural sentence 
structure, there are key amino acid motifs in proteins that must be present to fool the model. 
Future work should identify these key motifs and embed them into RPPs, such that RPPs are 
no longer truly random. Connecting this to synthetic random heteropolymers, a similar non-
random sampling (i.e., intentional sequence motif patterning) can be achieved by using 
chemical monomers with non-unitary reactivity ratios as was discussed in Chapter 5. The 
goal of this project was centered around interpretability rather than performance, however, 
simple hyperparameter tuning could drastically improve top model performance for all 3 
model protein regression tasks. In particular, beyond regression hyperparameters, the 
conversion between synthetic monomers and biological amino acids was done based on 
chemical intuition. The amino acids selected to represent each monomer could be 
thoroughly explored and optimized - this would not only yield improved regression 
performance but also shed more light onto model interpretability and understanding how 
transformer models that claim to have learned the language of life can be used to better 
design synthetic protein mimics. 
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6.5 Methods 

DeepRHP data: The RHPapp 1.0 was used to generate 2,000-15,000 chains for each RHP 
ensemble (DP = 50, Table S6.1).14 To train the sequence autoencoder, 30,000 membrane 
protein sequences and 30,000 globular protein sequences with 50% identity threshold were 
collected from the UniProt database.22 Sequences with uncommon amino acids were 
discarded. Each protein was reduced into four monomer codes (Tables S6.2-6.4). For each 
protein sequence, a set of consecutive protein motifs were collected by moving a 50-residue 
long window over each sequence with 15-residue long step size, resulting in a total of 
1,046,845 training sequence motifs. 

DeepRHP model: an in-house latent variable model was developed to perform sequence 
dimensionality reduction and to learn protein/RHP sequence representations. The model 
was implemented based on a typical autoencoder architecture with an extra regression 
module to force the latent space to learn sequence hydrophilic-lipophilic balance (HLB) 
distributions (Fig. 6.1). Each protein sequence motif (in its RHP equivalent form) was first 
one-hot encoded and then passed through the encoder. The encoder embedded each 
sequence into a 16-dimensional latent vector, z, which was then fed into two parallel 
branches: the decoder and the regressor. The decoder intended to reconstruct the input 
sequence from z, whereas the regressor predicted the HLB values of an input sequence 
from z. The loss function was designed to be a weighted sum of the departure (for example, 
cross entropy) of the original and reconstructed sequence and the mean squared error of 
predicted and true HLB values. A meaningful low-dimensional latent space that captures 
both sequential features and HLB distributions was obtained by optimizing the 
reconstruction and regression loss together. 

Both the encoder and the decoder were implemented with simple multilayer 
perceptrons. Each had three fully connected layers with 256, 128 and 64 hidden units. The 
regression module had two fully connected layers with 16 hidden units. Rectified linear unit 
non-linear functions were used throughout the network, except a Sigmoid activation that 
was used in the output layer of the decoder. The model was trained using the ADAM optimizer 
with a learning rate of 0.001. A learning rate scheduler was used to reduce the learning rate 
when the validation loss stopped improving. All model hyperparameters were optimized with 
Weights and Biases.31 An LSTM-based autoencoder was also implemented, which 
demonstrated similar performance as the simpler autoencoder variant model. 

ProtT5 encoding pipeline: ProtT5 model has both encoder and decoder, for feature 
extraction we only load and use the encoder. Tokenizer and pre-trained model were loaded 
from Hugging Face.32 Raw amino acid sequences were run through a batch encoder and the 
output 1024-dim encodings were saved (www,github.com/ivanjayapurna/ProtTrans_RHP). 

Random polypeptide (RPP) sequence generation: RPP sequences were generated by 
mimicking random heteropolymer synthesis, where the next monomer in a growing 
sequence is randomly sampled based on a distribution. Here, we randomly sampled from 6 
amino acid distributions and assumed all amino acids have uniform reactivity ratios 
(probability of subsequent residue is independent of previous position residue): (1) 

https://github.com/ivanjayapurna/ProtTrans_RHP
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Complete 20-amino acid, uniform distribution, (2) Reduced, uniform distributions, (3) 
Complete 20-amino acid, natural protein distribution,33 (4) Reduced, natural protein 
distributions, (5) Complete 20-amino acid, specific natural protein subset distributions, and 
(6) Synthetic random heteropolymer reduced 4-amino acid distributions. 

Latent space exploration of model discrimination ability via tSNE: Proteins were 
downloaded and formatted from the SCOPe dataset (10,000 sequences) to use for 
visualization.28 SCOPe proteins were input to the ProtT5 encoding pipeline to generate 1024-
dim encodings. Outputs were visualized on PCA (2D and 3D) no good separation was found. 
The first 2 principal components only can explain 7% and 6% respectively. Outputs were thus 
visualized on t-SNE. Perplexity and iteration counts were tuned.29 SCOPe protein encodings 
and RPPs were co-visualized via t-SNE. RPP sequences were considered within natural 
protein distribution (i.e., model has been fooled into thinking it is a real protein) if it is 
proximal in latent space on the flattened 2D visualization to the SCOPe protein sequences.  

Protein-polymer hybrid top model training: Tamasi et al provided 624 random 
heteropolymer (RHP) batch-average characteristics (degree of polymerization and feeding 
monomer ratio) with labels for 3 di?erent protein stabilization (prediction) tasks.34 3 
regression models were trained to predict protein-RHP (synthetic protein mimic) stability for 
3 di?erent proteins with varying RHPs. Random sampling and mean prediction were used as 
trivial performance baselines. The same input features used in Tamasi et al. were used as a 
simple control model. Two models, ridge regression with cross validation (RidgeCV) and 
Gaussian process regression (GPR) were considered. RidgeCV is simple and often e?ective, 
and GPR is what was used in Tamasi et al. RHP input feature sets of batch-average 
characteristics were used to generate RPP sequences by a manually crafted conversion 
between synthetic chemistry monomers and natural amino acids (Fig. S6.4). RHP-
representative RPP sequences were passed through ProtT5 to generate 1024-dim encodings 
to correspond as input to each output label. RidgeCV and GPR were used as models. 
Predictive performance is compared across models by averaged RMSE over 50 random trials.  
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Supporting Information 

Ch 1. Biocatalysis under confinement: a molecular scale feedback loop 

 
Figure S1.1 | Di?erential scanning calorimetry (DSC) (a) and Young’s modulus from quasi-
static tensile testing (b) of ePCL and no enzyme control films pre and post 24 h incubation 

in 40 ºC humid air, indicating that lamellae thickening is independent of degradation. 

 

 
Figure S1.2 | Bromocresol green color change can be used to detect internal change of pH. 
a, UV-vis spectra, and visual color change of Bromocresol green at di?erent pH. b, Optical 
microscope (OM) and macroscopic image of PCL-BG-RHP films at di?erent pH. c, image 
showing pH change from 7 to 4 under the microscope as pH 4 bu?er spreads across the 
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film. d, OM overlayed with fluorescent microscopy image of tagged lipase enzymes shows 
co-localization of lipase and pH indicator. 

 

Figure S1.3 | Degradation time taken to reach ePCL films of varying percentage mass loss 
and the Young’s modulus films at these points as measured by quasi-static tensile testing. 
Ranges in mass loss with similar morphological features are grouped together by grey bars. 

 

 
Figure S1.4 | Scanning electron microscopy (SEM) images of cryofractured corss-sections 

of films. Smaller images show details of the surface (top) and magnified cross sections 
(bottom) of films. a, Surface degraded PCL films at 20% and 50% mass loss. b, ePCL films 

after 24h incubation at 99% RH. 

 



 149 

 
Figure S1.5 | Di?erential Scanning Calorimetry (DSC) profiles for films pre and post 

degradation. Data for soil and air are of 24h incubated samples and films degraded in PBS 
are of specified mass loss. 

 

 
Figure S1.6 | Image analysis of scanning electron microscopy (SEM) images of a 20% 

porous film. Pores (assumed to be elliptical) are manually determined and labeled in red 
using Adobe Illustrator in the above images. Ellipses were filled with color and exported as 

images, then processed using the analyze particle function of ImageJ to obtain the 
distribution of area. A distribution of pore diameters was determined from the calculated 

area and plotted in Figure 1.4d. 
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Figure S1.7 | a, UV-vis monitoring of oxytetracycline (360 nm) oxidation by functionalized 

films at 15 min intervals. b, rates of oxytetracycline oxidation for films characterized 
through deterioration of UV-vis signal. 

 

 
Figure S1.8 | Heat treatment of PCL films. a, temperature profile of PCL film undergoing 

heat treatment. b, Optical microscopy images of films pre and post heat treatment. 
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Supporting Information 

Ch 2. Enzyme degradation mechanisms on and in semi-crystalline substrates 

 

Table S2.1 | Key information on the 15 hydrolases used. Crystal structures for enzymes 
without PDB codes were generated via AlphaFold2. 

Code Protein Organism Kingdom PDB / 
UniProt 

Molecular 
Weight 

Metal 
Ion 

BC Lipase Burkholderia 
cepacia 

Bacteria 3LIP 33.13 Ca2+ 

PF Lipase Pseudomonas 
fluorescens 

Bacteria Q7WZT7 32.37 None 

AO Lipase Aspergillus oryzae Fungi 5XK2 31.36 None 

CA Lipase Candida 
antarctica 

Fungi 1TCA 33.02 None 

MM Lipase Rhizomucor 
(Mucor) miehei 

Fungi 1LGY 29.59 None 

RO Lipase Rhizopus oryzae Fungi 1LGY 29.59 None 

CR Lipase Candida rugosa Fungi 1CRL 57.1 None 

P-TA Protease 
(Proteinase K) 

Tritirachium 
album 

Fungi 2PRK 28.91 Ca2+ 
(2) 

P-BL Protease Bacillus 
Licheniformis 

Bacteria 1SCA 27.29 Ca2+ , 
Na+ 

P-SG Protease Streptomyces 
griseus 

Bacteria 4SGA 18.01 None 

C-BP Chymotrypsin Bovine Pancreas Animal 1ACB 25.67 None 

C-AO Cutinase Aspergillus oryzae Fungi 3GBS 20.64 None 

CV Lipase Chromobacterium 
viscosum 

Bacteria 1CVL 33.16 None 

AN Lipase Aspergillus niger Fungi 1UKC 56.89 None 

CC Lipase Candida 
cylindracea 

Fungi 1CLE 57.3 None 
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Figure S2.1 | UV-Vis absorbance to assess purity of commercially purchased lyophilized 
protein powder. Proteins made to 1 mg/mL solutions in water. To get A280 signal, BC was 

10x concentrated, PF was 5x concentrated, RO was 3x concentrated and CA was 2x 
concentrated. Full details for each abbreviated enzyme in Table S1, and the A320 baseline 

corrected A260/A280 are displayed in the legend in brackets for each enzyme. 

 

 
Figure S2.2 | SDS-PAGE of experimentally used proteins. Boxes indicate molecular weight 

corresponding to the protein crystal structure that was featurized and assumed to be 
representative of the active plastic degrading enzyme. 
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Figure S2.3 | Enzyme catalyzed 4-Nitrophenyl butyrate hydrolysis. Kinetic assay 

measuring 410nm product absorbance and taking the linear fit over initial slope as a proxy 
for enzyme activity rate on ester bond hydrolysis. 3-5 masses were screened for each 
enzyme and linear line of best fit is plotted. Interpolated mass required for rate of 0.8 
mAU/s was used for as a scaling factor for enzyme solution concentration for plastic 

degradation, to account for impurities in commercial enzyme blends. 

 

Table S2.2 | Normalized activity and masses for experimentally tested hydrolases with PCL 
degrading activity. *AO and CA surface hydrolysis rates and BCp embedded went to 100% 

degradation in under 24 hours so hydrolysis rate can only be provided as lower bounds. 
**MM and RO embedded mass losses were <2% and <1% respectively and are within 

experimental error so are likely innacurate. 

Code 4NPB 
Normalized 
Activity ratio  

Surface 
Degradation 
Enzyme (mg) 

Embed 
Degradation 
Enzyme (mg) 

24h Surface 
Hydrolysis Rate 

(gPCL s-1 genz
-1) 

24h Embed 
Hydrolysis Rate 

(gPCL s-1 genz
-1) 

BCp 1 0.00125 0.00125 121,000 169,000* 

BC 115 0.144 0.0125 1,220 2,590 

PF 278 0.348 0.0125 267 1,040 

AO 15 0.0188 0.0125 11,500* 5,010 

CA 840 1.05 0.0125 202* 2,250 

MM 195 0.244 0.0125 682 356** 

RO 600 0.750 0.0125 29 0** 
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Figure S2.4 | Polarized optical microscopy (POM) images of A. pure PCL and B. PCL with 

embedded 0.05wt% BC lipase and 1wt% random heteropolymer. 

 

 
Figure S2.5 | Transmission small angle x-ray scattering (SAXS) profiles (solid lines) with 

power law fit to low q and extrapolated to high q (dashed lines). A. As-cast PCL films 
degraded by enzymes (top-left to bottom-right): AO Round 1, MM, CA Round 1, CA Round 2 

Round 1 and Round 2 SAXS data were collected 4 months apart with di?erent beamline 
condition. B. Thermally annealed PCL films degraded by BCp. 
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Figure S2.6 | Enzymatic solution (surface) degradation product molecular weight 

distribution of Poly(caprolactone) (PCL), measured by gel permeation chromatography 
(GPC). All spectra are mass normalized by initial mass of films pre-degradation. 

 

 

 



 156 

 
Figure S2.7 | Ternary plots showing key binding pocket chemistry, geometry, and flexibility 
(secondary structure) features for 15 hydrolases. The size of label markers for chemistry, 

geometry and flexibility plots represent positive : negative charge ratio, volume, and 
molecular weight respectively. The % width, % depth and % length were calculated as % 

depth = depth / (length + width + depth), so a perfectly spherical enzyme or hemispherical 
binding pocket would have coordinates [0.33,0.33,0.33]. The depth, width and length for 

entire protein were chosen to match the axes used to define the binding pocket depth, 
width, and length. Enzymes are colored by A. Kingdom of source organism B. If random 

heteropolymer binding blocks the enzyme binding pocket or not. 
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Figure S2.8 | Crystallinity of embedded films is negligibly aGected by embedding 

nanoscopically dispersed commercial enzyme and RHP (<1wt%). A. Screenshots taken 
from full timelapse of PCL films with embedded enzymes (0.5wt%) and RHP (1wt%) 

starting from fully melted and recrystallized at 49°C for 24 hours. Full video can be found 
at: www.youtube.com/watch?v=KHf3uTg6Ups B. Manually measured spherulite radius 

distribution at various timepoints from (A). C. Starting crystallinity of as-cast films used in 
degradation trials for each enzyme with RHP. 

 

http://www.youtube.com/watch?v=KHf3uTg6Ups
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Figure S2.9 | Embedded enzyme degradation of Poly(caprolactone) (PCL) by 0.5wt% MM, 

0.5wt% CA, and 0.5wt% PF and 1wt% random heteropolymer (RHP) characterized by 
transmission small angle x-ray scattering (SAXS) profiles (solid lines) with power law fit to 

low q and extrapolated to high q (dashed lines) (A., B., C.) and gel permeation 
chromatography (D., E., F.). All spectra are mass normalized by initial mass of films pre-

degradation. 

 

 
Figure S2.10 | BCp-RHP Embedded degradation product molecular weight distribution 

of Poly(caprolactone) (PCL), measured by gel permeation chromatography (GPC). All 
spectra are mass normalized by initial mass of films pre-degradation. BCp 0.05wt% and 

RHP 1wt% loading. 
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Figure S2.11 | Molecular docking of polycaprolactone (PCL) dimers (green) onto crystal 
structures of PF, MM, CA, CR and PK. The top 3 poses are shown superimposed, and the 

top docking energy score is labeled. Catalytic triad, hydrophobic, polar, positive, and 
negative residues are colored yellow, grey, purple, red, and blue respectively. 

 

Figure S2.12 | Crystal structure of AO A. Original PDB file with lid (light blue) closed. B. 
Example of polycaprolactone (PCL) dimers (green) docked onto crystal structures from (A.) 

C. Manually removed lid structure used for docking in Figure 2.8b. Catalytic triad, 
hydrophobic, polar, positive, and negative residues are colored yellow, grey, purple, red, 

and blue respectively. 
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Figure S2.13 | Screening hyperparameters of a metadynamics simulation of PCL 4-mer 
chain slide through BC binding pocket. Optimization trials screening: A. Varying gaussian 

heights in water and octanol solvent boxes. Time to slide indicates the simulated time 
required to see binding interaction move from the head group of the 4-mer to an ester bond 
further down the chain. % Trials that slide is important as not all trials processively slid as 

there is a degree of stochasticity between each simulation. Trials that did not slide were not 
averaged for the time to slide bar plots. B. Varying simulated temperatures and gaussian 
hill heights in an octanol box. Grey points indicate mean time to slide, blue squares and 
orange triangles indicate individual simulated points, grey numbers at the top of the plot 

indicated the number of simulated trials in which no chain slide occurred. 
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Figure S2.14 | Images of films before and after enzymatic degradation: A. Solution (control 
= before) AO and CA were not imaged as it fully degraded, all negative controls not shown 
look like control, CR and PF. B. Embedded (0.5wt%) degradation with RHP (1wt%), top row 

is pre-, and bottom row is post-24 hours in 40°C PBS. BCp fully degraded so not shown. 
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Supporting Information 

Ch 3. Modulating protein stability and activity via intermolecular protectants 

 

 
Fig S3.1 | Thermostability in polymer melt experimental setup. Solid polymer pellets 

either go through A. Our experimental assay that is trying to mimic B. industrial melt 
extrusion process that does not involve organic solvents. 

 

Table S3.1 | Key information on the 6 plastics screened. Values in regular font were 
provided by the supplier, values in italics were taken from literature, values in bold were 

experimentally measured.  

 PLLA30 PLLA85 PLLA100 PMMA PCl PS 
Poly (…) L-lactic 

acid 
L-lactic 

acid 
L-lactic 

acid 
Methyl 

methacrylate 
Caprolactone Styrene 

~Mn (kDa) 32 85 86 500 80 260 
Crystallinity Semi Semi Semi Amorphous Semi Amorphous 

~Tg (oC) 58   105 -60 126 
~Tm (oC) 163-177   - 50-63 - 
Polarity Most Most Most More Less Least 
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Fig S3.2 | MgSO4 thermostabilized Proteinase K (PK). Non-As Cast (AC) normalized data 

for of Figure 3.1a. 

 

 
Fig S3.3 | UV-Vis of proteins. Representative spectra of triplicates of each protein shown. 

A260/A280 shown in brackets indicating very high purity for AO, BC, BL and PK, and 
reasonable purity for GFP and SG. A. PK B. BC C. AO D. BL. E. SG F. GFP. 
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Fig S3.4 | Enzyme surface featurization.  Ternary plots that compare enzyme surface: A. 
chemistry, where size corresponds to the ratio of positive : negative surface charges and 

color corresponds to metal ion presence. B. secondary structure, where size corresponds 
to molecular weight (Mw) and color corresponds to the type of enzyme. C. geometry, where 
each axis is the % of total dimension for example a perfectly spherical enzyme would be at 

coordinates [0.33,0.33,0.33], size corresponds to Mw and legend is what kingdom the 
enzyme’s original organism is from.  

 

 
Fig S3.5 | 155oC universal deactivation. Non-As cast (AC) normalized version of Figure 3.2 
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Fig S3.6 | 10wt% PK loading in various plastics. Protein thermostablity does not improve 

with increased % loading in polymer films. 

 

 
Fig S3.7 | Non-As-cast normalized version of Figures 3.3a and 3.3b. 

 

 
Fig S3.8 | Non-As-cast normalized version of Figures 3.4a and 3.4d. 
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Supporting Information 

Ch 4. Biocheminformatic Design of Biomimetic Heteropolymers 

Table S4.1 | Table of reactivity ratios (Row-Col reactivity) used in this work. Taken from 
the RHPapp online database. Tabulated reactivity values should be read as RRRowCol = 

kRowRow / kRowCol. All self-additions are assumed to be 1, therefore when RRRowCol < 1, 
for growing polymer chain where the row monomer is terminal, the column monomer is 

more likely to add on than another row monomer. 

 

 

 
Figure S4.1 | Example segment level sliding window analysis of RHP sequences. Sliding 

window of 3 varying window lengths applied to random sequences sampled from a 
simulated 4 monomer RHP of methyl methacrylate (MMA), polyethylene glycol average Mn 

500 (OEGMA500), 2-ethylhexyl methacrylate (EHMA) and 3-sulfopropyl methacrylate 
potassium salt (SPMA) of compositions: A. 10:25:60:5 B. 30:25:40:5 C. 60:25:10:5 
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Figure S4.2 | Example sequence-level sliding window analysis of RHP sequences. 

Sliding window of 3 varying window lengths applied to batches of simulated 4 monomer 
RHP of methyl methacrylate (MMA), polyethylene glycol average Mn 500 (OEGMA500), 2-

ethylhexyl methacrylate (EHMA) and 3-sulfopropyl methacrylate potassium salt (SPMA) of 
compositions: A. 10:25:60:5 B. 30:25:40:5 C. 60:25:10:5  

 

 
Figure S4.3 | Example of routine experimental characterization of RHPs designed by 

RHPapp. For a 4 monomer RHP of 50% methyl methacrylate (M), 25% polyethylene glycol 
average Mn 500 (O), 20% 2-ethylhexyl methacrylate (E) and 5% 3-sulfopropyl methacrylate 

potassium salt (S): A. Proton nuclear magnetic resonance spectroscopy (H-NMR) of the 
methacrylate monomer vinyl peaks pre- and post- reaction samples that can be integrated 

with respect to an internal standard to verify global conversion and in some cases 
monomer specific conversions to confirm an absence of compositional drift. B. Gel 
permeation chromatography (GPC) spectra of 3 RHPs of number average molecular 

weights (Mw) of 21, 26 and 29 kDa that confirm bounded polydispersity and achieved Mw 
targeted by RHPapp with respect to a polymethyl methacrylate or polyethylene glycol 

standard.  
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Figure S4.4 | Varying the number of chains (NC) simulated. Batch-level hydrophilic and 

hydrophobic segment distribution heterogeneities for a simulated 4 monomer RHPs of 50% 
methyl methacrylate (MMA), 25% polyethylene glycol average Mn 500 (OEGMA), 20% 2-

ethylhexyl methacrylate (EHMA) and 5% 3-sulfopropyl methacrylate potassium salt 
(SPMA), of varying NC.  

 

 
Figure S4.5 | Sequence level monomer distributions of Proteinase K (ProK) and Lipase 
from Burkholderia cepacia (BC- Lip) convolved into RHP sequence space, segmented to 

form a batch, and 2 batches of simulated 4 monomer RHPs of methyl methacrylate (MMA), 
polyethylene glycol average Mn 500 (OEGMA), 2-ethylhexyl methacrylate (EHMA) and 3- 
sulfopropyl methacrylate potassium salt (SPMA) of monomer feeding ratios 50:25:20:5 

(MMA-rich) and 20:25:50:5 (EHMA-rich). All sequences are of average degree of 
polymerization = 100.  
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Figure S4.6 | Protein sequences in RHP sequence space. The following proteins are 
segmented and translated to RHP sequence space, then binarized to hydrophobic and 

hydrophilic units: (A) AquaporinZ (B) PepTSo (C) BC-Lipase (D) Proteinase K 

  



 170 

Supporting Information 

Ch 5. Improving heteropolymer sequence fidelity 

 

 
Figure S5.1 | Random sequences sampled from simulated RHP2 using measured reactivity 

ratios and targeted monomer conversion. The RHP sequences shown at the bottom were 
binarized into hydrophobic and hydrophilic units to display the distributions of 

hydrophobic/hydrophilic segments.  
 

 

 

Figure S5.2 | Random sequences sampled from simulated RHP3 using measured reactivity 
ratios and targeted monomer conversion. The RHP sequences shown at the bottom were 

binarized into hydrophobic and hydrophilic units to display the distributions of 
hydrophobic/hydrophilic segments. 
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Figure S5.3 |  Random sequences sampled from simulated RHP4 using measured 
reactivity ratios and targeted monomer conversion. The RHP sequences shown at the 

bottom were binarized into hydrophobic and hydrophilic units to display the distributions 
of hydrophobic/hydrophilic segments. 
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Figure S5.4 | Comparison of 1H NMR spectrum of RHP-2, crude products, starting 
materials, and products removed during purification (500 MHz, CDCl3). 
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Figure S5.5 | Comparison of 1H NMR spectrum of RHP-3, crude products, starting 
materials, and products removed during purification (500 MHz, CDCl3). 
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Figure S5.6 | Comparison of 1H NMR spectrum of RHP-4, crude products, starting 
materials, and products removed during purification (500 MHz, CDCl3). 
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Figure S5.7 | GPC traces of RHP-1, crude products, starting materials, and products 
removed during purification. 

 

Figure S5.8 | GPC traces of RHP-2, crude products, starting materials, and products 
removed during purification. 
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Figure S5.9 | GPC traces of RHP-3, crude products, starting materials, and products 
removed during purification. 

 

Figure S5.10 | GPC traces of RHP-4, crude products, starting materials, and products 
removed during purification. 
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Figure S5.11 | Simulated composition drift during RAFT polymerization at different 
monomer conversions. Simulation results reflect the average composition of 50,000 

simulated individual chains. 
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Table S5.1 | Summary of composition ratio of raw RHPs calculated from pre/post-

polymerization aliquot NMR. (n = 3)21,22 

 

 

Table S5.2 | Summary of composition ratio of raw RHPs simulated using RHPapp. 

 

Table S5.3 | Summary of composition ratio of purified RHPs determined by quantitative 
13C NMR. (n = 3) 

 

Table S5.4 | Summary of composition ratio of RHPs living chains calculated from RHPs 
depolymerization experiments. (n = 9) 
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Table S5.5 | Poly(STY-co-GMA) system inputs. Total monomer (M), initiator (I), and chain 
transfer (RAFT) agent (T) concentrations were 8.1115, 0.008, and 0.0322 M respectively. The 
target average degree of polymerization (DP) was 252, resulting in total simulated M, I, and 

T of ~5e9, 5e6, and ~2e7. ~6000 chains were explicitly tracked out of ~2e7 total chains. 
Initiator fragmentation kinetic constants (kd, f) were 0.533696 and 0.6. 

 M1: STY M2: GMA 
Feeding concentration (M) 4.8669 3.2446 

Feeding Ratio 0.6 0.4 
kp (e6) 4.68 12.1 
ka (e9) 0.36 1.74 
kf (e7) 3.63 1.74 

kt (e11) 11.60 7.02 
STY Reactivity ratio (rrow/Column) 1 0.372 

GMA Reactivity ratio (rrow/Column) 0.683 1 
 

Table S5.6 | Poly(MMA-co-OEGMA-co-EHMA-co-NHSMA) system inputs. Total monomer 
(M), initiator (I), and chain transfer (RAFT) agent (T) concentrations were 2.2098, 0.005, and 
0.0238 M respectively. The target average degree of polymerization (DP) was 92.8, resulting 

in total simulated M, I, and T of ~2.2e8, 5e5, and ~2.38e6. ~6000 chains were explicitly 
tracked out of ~2.38e6 total chains. Initiator fragmentation kinetic constants (kd, f) were 

0.533696 and 0.6. 

 M1: MMA M2: OEGMA M3: EHMA M4: NHSMA 
Feeding 

concentration (M) 
0.428 0.595 0.952 0.238 

Feeding Ratio 0.1934 0.2689 0.4302 0.1075 
kp (e6) 4.79 6.78 5.83 8.64 
ka (e9) 3.6 3.6 3.6 3.6 
kf (e7) 2.43 2.43 2.43 2.43 

kt (e11) 3.2 0.16 0.64 0.16 
MMA Reactivity 
ratio (rrow/Column) 

1 0.9 1.3 0.5 

OEGMA Reactivity 
ratio (rrow/Column) 

0.7 1 0.4 0.6 

EHMA Reactivity 
ratio (rrow/Column) 

0.4 1.3 1 0.6 

NHSMA Reactivity 
ratio (rrow/Column) 

0.7 1.6 2.0 1 
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Figure S5.12 | S-G ktc screening. Fraction of living chains with increasing % monomer 

conversions and varying ktc 
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Supporting Information 

Ch 6. Deep learning driven heteropolymer design 

 

Table S6.1 | Compositions of 2- and 4-monomer random heteropolymers (RHPs). 

 
 

Table S6.2 | Conversion dictionary mapping amino acids to RHP monomers (n = 4) 

 
 

Table S6.3 | Conversion dictionary mapping amino acids to RHP monomers (n = 2) 
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Table S6.4 | Conversion dictionary mapping amino acids to RHP monomers (n = 8) 

 
 

 

Figure S6.1 | A. Each monomer was reassigned to one of two pseudo-monomers 
(hydrophobic vs. hydrophilic) based on monomer’s hydrophobicity. A block comprises 

consecutive monomers of a single type. B. Polymer chain truncated into a set of 50-mers. 
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Figure S6.2 | The segment distribution of each RHP ensemble as a function of the number 

of segments (N) per RHP ensemble. From top to bottom, N is 50, 100, 500, 1000, 1500, and 
2000, respectively. Visual inspection of each RHP ensemble shows that the segment 

distribution converges when N >= 1500 segments per RHP ensemble are analyzed. 

 

 
Figure S6.3 | The correlation between the relative abundance of di?erent segments and 

their distribution in PCA space. The hydrophilic, amphiphilic, and hydrophobic segments 
are highlighted in blue, grey, and pink, respectively. The segments along an RHP chain are 

shown for three representative RHP ensembles with five individual chains. 
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Figure S6.4 | Conversion between random heteropolymer (RHP) monomers and natural 

protein and random polypeptide (RPP) amino acids. 

 

 
Figure S6.5 | RPPs sampled from natural distribution of decreasing # of amino acids 
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Figure S6.6 | RPP sampled from top N most abundant amino acids of natural protein 
distribution, where N = 6,8,10 

 

 

Figure S6.7 | Amino acid occurrence frequencies in natural protein distribution and in 2 
structure subdivisions: ‘g’ = small proteins and ‘c’ = (a/b) proteins 

 
Figure S6.8 | Showing there is negligible di?erence when sampling from natural protein 

distribution (length-200) and small protein distribution (length-56) 
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Figure S6.9 | Representative prediction vs actual labels for Lip model: (top) Batch-Ave + 
RidgeCV (mid) Batch-Ave + GPR, note that y-axis has been truncated to ignore extreme 

outliers that exist at >600 REA % (bot) RPP-seq encodings + GPR 

 

 

Figure S6.10 | Random sampling (top) and mean prediction (bot) for 3 regression tasks 
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Scheme S6.1 | Flowcharts showing A. Optimized RHP design cycle for protein 

thermostabilization. B. RHP sequence generation. C. RHP sequence encoding using ProT5.  

 

 




