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SUMMARY  

Rapid advances in engineered biological circuits are motivating the design of new 

treatment and detection platforms for practical applications in programmable medicine. To 

date, the foundational paradigm behind synthetic biological circuits is "sense-and-

respond", which involves the creation of modular parts that employ Boolean logic to 

transduce, process, or output signals (i.e., therapeutic response). By contrast, applying 

biocircuits to diagnostic applications (i.e., inference) requires alternative forms of 

computing, such as probabilistic or analog-based information processing of complex 

biological states. Much of biology consists of dynamic processes that are largely driven by 

enzymes, including proteases. Proteases are a family of pleiotropic, promiscuous enzymes 

that specialize in the hydrolysis of peptide bonds and are drivers of complex processes in 

health (e.g., immunity, blood homeostasis) and disease (e.g., cancer, infectious disease). I 

envision that the next generation of medicine will comprise programmable, activity-based 

circuits, enabling autonomous therapies and diagnostics that operate on biological 

information in real-time. 

Accordingly, this thesis is focused on designing, modeling, and implementing 

circuits that are actuated by biological activity (e.g., enzymes, bacteria, etc.). Inspired by 

computational and statistical principles, we developed a unifying framework for using 

protease activity as the information carrier in both classical (i.e., Boolean, "sense-and-

respond") and probabilistic circuits. To establish the design principles behind this 

framework, this thesis pursues three distinct aims. (1) Defining biological activity as 

operable bits of information, which we apply to construct logic gates (e.g., analog-to-digital 



 xvii  

converter, comparator, etc.) that can autonomously count and kill bacterial populations. (2) 

Constructing therapeutic circuits with peptide-based prodrugs that are activated by 

bacterial proteases. (3) Constructing diagnostic circuits that employ compressed sensing to 

sample endogenous protease activity, which can be applied to imaging probes or point-of-

care diagnostics. Achieving these aims will broaden the potential applications of biological 

circuits and advance the paradigm of activity-based medicine. 
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CHAPTER 1. INTRODUCTION  

 

1.1 The role of proteases in human health 

Enzymes are biological catalysts that speed up biochemical reactions in living 

organisms and are grouped into six classes: oxioreductases, transferases, lyases, 

isomerases, ligases, and hydrolases/proteases1. Proteases are a major class of enzymes; 

more than 600 enzymes, comprising ~3% of the human genome2, are classified as proteases 

due to their ability to hydrolyze peptide bonds and degrade proteins (i.e., proteolysis). 

(Figure 1.1). While all proteases hydrolyze peptide bonds, these enzymes come in a wide 

range of sizes, physiological locations, and quaternary structures. For organization, 

proteases are grouped into five families according to the catalytic mechanism used to 

hydrolyze peptide bonds: aspartyl, cysteine, metallo-, serine, and threonine proteases3. 

Proteases are involved in important biological processes, including post-translational 

modification, protein degradation, and cell signaling4 (Figure 1.2, column 1). This protease 

activity drives important functions for maintaining healthy homeostasis (e.g., immunity, 

blood homeostasis), but is also involved in multiple disease pathologies (e.g., cancer, 

infectious disease). (Figure 1.2, columns 2ï3).  
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Figure 1.1 Protease hydrolysis of peptide substrates 

Schematic summarizing the steps of a protease hydrolyzing a peptide substrate. When one 

protease (grey pac man) and one peptide substrate (grey bar) form a complex at the protease 

active site, the protease will enzymatically hydrolyze the peptide substrate, forming a 

product (cleaved grey bar). 

 

Figure 1.2. Biological roles of proteases in human health 

Schematic summarizing the role of proteases in human health adapted from Gamboa et. 

al.5. Grey box shows the biological processes in which proteases are involved. Green box 

shows the potential functions for which proteases are responsible. Red box shows the 

potential disfunctions (i.e., diseases) that can result from dysregulated protease activity, as 

well as the example proteases driving each disease. 
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 Understanding the roles of proteases in human health is essential to improving our 

understanding of biology, and to developing new therapeutic and diagnostic strategies. For 

example, proteases are already a well-recognized class of targets for therapeutic inhibitors 

with at least 17 clinically used medications on the market. These medications generally 

work by inhibiting viral proteases essential to reproduction and have primarily been applied 

to treat HIV and Hepatitis C6. Of these, the inhibitor Ritonavir has recently been approved 

as part of a combination therapy to treat COVID-197 (Paxlovid, approved 12/21/2022). 

Further, proteases themselves are promising drug candidates, with at least 12 FDA 

approved therapies and several more in clinical development8.  

 

1.2 Methods for quantifying protease activity 

Due to the irreversible nature of proteolysis, protease activity is tightly regulated via 

mechanisms such as inhibitory prodomains, cofactor binding, and protein inhibitors3. 

Given this degree of posttranslational regulation, quantifying protease activity, rather than 

transcriptomic or proteomic read-outs, is often required to understand the biological roles 

of proteases9. This has motivated the development of activity-sensors ï probes that quantify 

protease activity ï which are used for early detection of disease10-15, biological imaging16-

18, and drug screening19, 20. The two primary compositions of activity-sensors are (1) 

substrates that produce a signal upon proteolysis (i.e., substrate-based sensors) and (2) 

probes that bind active proteases (i.e., binding-based sensors) 21. 

 Substrate-based sensors 
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Substrate-based sensors have two components: (1) a recognition peptide sequence 

that binds the active site of the target protease and (2) a reporter that produces a measurable 

signal when the recognition sequence is cleaved by the target protease3. To accelerate the 

design of recognition peptide sequences (i.e., substrate design), methods to generate and 

screen libraries of peptide sequences have been developed, including positional scanning 

libraries22-24, peptide microarrays25, 26, fluorogenic peptides27, 28, and other mixture-based 

peptide libraries29, 30. Further, high-throughput evolution-based methods display and 

iteratively screen randomized peptide sequences on the surface of bacteria (e.g., CLiPS)31, 

32 or bacteriophages (e.g., phage display)33, and have been extended to screening 

endogenous protease activity34, 35. Reporter modalities include color, such as fluorogenic36, 

bioluminescent37, and gold nanoparticle-linked38 sensors that emit light or change color 

upon cleavage, or mass-barcoded substrates that release unique reporters which are 

quantified by mass-spectrometry39. 

 Binding-based sensors 

Similar to substrate-based sensors, binding-based sensors also have (1) a recognition 

sequence and (2) a reporter; however, rather than cleaving the recognition sequence, 

proteases irreversibly attach to the sensor. Binding-based sensors bind only catalytically 

active proteases by forming a bond between an electrophile on the sensor and the active-

site nucleophile of the protease3. Reporter tags appended to the recognition sequence are 

typically fluorophores or antigens, which are detected using various platforms such as 

mass-spectrometry, SDS-PAGE, fluorescence microscopy, and in vivo imaging40, 41. 
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Figure 1.3 Strategies for quantifying protease activity 

Schematic summarizing the key features of substrate-based sensors vs. activity-based 

sensors. (top) Substrate-based sensors work by binding the target protease (grey pac man) 

to the recognition sequence (grey bar). Upon proteolytic cleavage of the recognition 

sequence, the reporter (blue star) is released and can be measured. (bottom) Binding-based 

sensors work by reacting a nucleophile (circle with minus sign) in the active site of the 

target protease (grey pac man) with an electrophile (circle with plus sign) on the 

recognition sequence (grey triangle). The product that can be measured via the reporter 

(blue star) is formed when a catalytically active protease irreversibly binds the recognition 

sequence. 

1.3 Strategies for actuating protease activity in biological circuits 

Cellular42-45 and molecular46-51 biological circuits integrate discrete components, 

such as molecular logic gates50 and genetic clocks52, 53, to produce high-level functions, 

including the ability to solve mathematical problems54, build autonomous robots55, and 

play interactive games56. To date, the majority of biocircuits are implemented in platforms 

that operate on the genetic circuit analogy57, which require genome or protein 

engineering58-61. By contrast, proteases present a promising strategy for designing 
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biological circuits due to their cell-free nature, fast turnover time (i.e., <10-4 s), and large 

number of available substrates (i.e., >1010 sequences for an 8-mer peptide)4. Given the 

ubiquity of proteases in human health and the number of available platforms for sensing 

protease activity, this has motivated the development of strategies for actuating protease 

activity into programmable biological circuits. 

 Protease-repressible proteases 

To design a construct where a protease, P, can be inactivated by another protease, 

R, Elowitz. et. al.62 incorporate antiparallel heterodimerizing leucine zipper domains to 

each half of a split protease to reconstitute its activity. Then, a cleavage site is inserted 

between the leucine zippers and protease P, such that cleavage by protease R disconnects 

the two halves of protease P. To enhance the ability of protease R to dock onto protease P 

and perform the deactivation, a leucine zipper complementary to one of the zippers on split 

protease P is conjugated to protease R (Figure 1.4A). 

 Protease-activatable proteases 

To design a construct where a protease, P, can be activated by another protease A, 

Stein & Alexandrov63 append a competitive inhibitor P to the C-terminus of protease P by 

connecting a peptide linker encoding a substrate for protease A flanked by glycine- and 

serine-rich sequences. Then, upon proteolytic cleavage of the linker substrate by protease 

A, the competitive inhibitor P is removed resulting in the activation of protease P (Figure 

1.4B). 

 Converting proteolysis to charged peptides 
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Tsien et. al.64, 65 design a hairpin peptide construct that can release charged peptides 

upon proteolytic cleavage of a peptide substrate. This hairpin peptide is comprised of 

cationic (polyarginine, R9) peptides in charge complexation with anionic peptide locks 

(polyglutamic acid, E13) by a linker peptide sequence specific for the target protease. Upon 

proteolytic cleavage of the linker, the cationic and anionic peptides unbind, becoming 

available for a biological function. For example, when released the cationic peptide can act 

as a cell penetrating peptide for in vivo imaging or to act as an antimicrobial peptide (AMP) 

(Figure 1.4C). 

 Converting proteolysis to other molecules 

Bossmann et. al.66 design a peptide caged liposome particle that can hold and 

release molecules upon proteolytic degradation of the peptide cage. Cholesterol-anchored 

polyacrylic acid polymers are embedded in the surface of the liposome. Then, the 

carboxylic acid functional groups on the polymers are crosslinked with free amines on a 

peptide substrate, which has a C-terminus lysine such that both termini have an amine 

group. Upon proteolytic degradation of the peptide cage and with the addition of lipase to 

break down the lipids in the particle wall, molecules (e.g., proteases, inhibitors, 

fluorophores, drugs, etc.) are released to become bioavailable (Figure 1.4D). 
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Figure 1.4 Strategies for actuating protease activity in biological circuits 

(A) Schematic of protease-repressible proteases. Protease P (grey pac man) is split in half 

and reconstituted via dimerized leucine zippers (dark and light blue zig zag) appended with 

substrates R (red circles). Protease R (red pac man) contains a leucine zipper (light blue 

zig zag) which complexes with a complementary leucine zipper (dark blue zig zag) on 

protease P. Then, protease R cleaves substrate R, deactivating protease P by splitting it into 

two separate pieces. (B) Schematic of protease-activatable proteases. Protease P (grey pac 

man) is auto-inhibited by inhibitor P (grey triangle) and the two components are connected 

by a peptide substrate A (red curved bar). Protease A (red pac man) recognizes and cleaves 

substrate A; upon cleavage, inhibitor P is removed from the active site of protease P, 

resulting in the activation of protease P. (C) Schematic showing how protease activity 

triggers the release of charged peptides. A protease (grey pac man) cleaves the linker 

substrate (grey curved bar) on a hairpin peptide comprising cationic (white bar with plus 

signs) and anionic (black bar with minus signs) peptides. Upon cleavage, the two charged 

peptides are released. (D) Schematic showing how protease activity triggers the release of 

other molecules. A protease (grey pac man) cleaves the peptide cage (grey bars) and lipase 

(orange rectangle) degrades the liposome particle wall. Upon degradation, molecules (blue 

star) contained within the liposome are released. 

1.4 Thesis Overview 

In this thesis, I develop activity-based molecular circuits that are actuated by 

protease activity to detect and respond to disease states. In Chapter 2, I demonstrate that 
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proteases can be integrated into digital or analog biocircuits to process biological 

information. I construct peptide-caged liposomes that treat protease activity as two-valued 

(i.e., signal is 0 or 1) operations to construct the biological equivalent of Boolean logic 

gates, comparators and analog-to-digital converters.  I use these modules to assemble a 

cell-free biocircuit that can combine with bacteria-containing blood, quantify bacteria 

burden, and then calculate and unlock a selective drug dose. By contrast, I also show that 

in a shared resource environment comprising promiscuous proteases in competition for 

multiple target substrates that protease activity is partitioned between substrates. In this 

setting, I demonstrate that protease activity can be quantified as a multi-valued analog 

signal (i.e., signal ranges between 0 and 1) and operations can be performed on these analog 

values by manipulating substrate concentrations to alter how protease activity is partitioned 

between different target substrates. I combine these operations to solve the mathematical 

problem Learning Parity with Noise (LPN). These results show that protease activity can 

be used to process biological information by binary Boolean logic, or as multi-valued 

analog signals under conditions where substrate resources are shared.  

In Chapter 3, I construct a mathematical model of prodrug kinetics to predict rate-

dependent conditions under which bacteria escape prodrug treatment. From this model, I 

derive a dimensionless parameter, the Bacterial Advantage Heuristic (BAH), that predicts 

the transition between prodrug escape and successful treatment across a range of time 

scales (1ð104 hours), bacterial carrying capacities (5 x 104 ï 105 CFU/µL), and Michaelis 

constants (KM = 0.747 ï 7.47 mM). To verify these predictions in vitro, I use two models 

of bacteria-prodrug competition: (1) an antimicrobial peptide hairpin that is enzymatically 

activated by bacterial surface proteases and (2) a thiomaltose-conjugated trimethoprim that 
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is internalized by bacterial maltodextrin transporters and hydrolyzed by free thiols.  I 

observe that prodrug failure occurs at BAH values above the same critical threshold 

predicted by the model. Further, I demonstrate two examples of how failing prodrugs can 

be rescued by decreasing the BAH below the critical threshold via (1) substrate design and 

(2) nutrient control. I envision such dimensionless parameters serving as supportive 

pharmacokinetic quantities that guide the design and administration of prodrug 

therapeutics. 

In Chapter 4, I provide a computational method for estimating protease activities 

efficiently by reducing the number of substrates and clustering proteases with similar 

cleavage activities into families. I envision that this method will be used to extract 

meaningful diagnostic information from biological samples. In Chapter 5, I expand on this 

concept to introduce a method ï Substrate Li braries for Compressed sensing of Enzymes 

(SLICE) ï for selecting complementary sets of promiscuous substrates to compile libraries 

that classify complex protease samples (1) without requiring deconvolution of the 

compressed signals and (2) without the use of highly specific substrates. SLICE ranks 

substrate libraries according to two features: substrate orthogonality and proteases 

coverage. To quantify these features, I design a compression score that was predictive of 

classification accuracy across 140 in silico libraries (Pearson r = 0.71) and 55 in vitro 

libraries (Pearson r = 0.55) of protease substrates. Further, I demonstrate that a library 

comprising only two protease substrates selected with SLICE can accurately classify 

twenty complex mixtures of 11 enzymes with perfect accuracy. I envision that SLICE may 

be used to improve imaging and activity-based probes by enabling the selection of substrate 
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libraries that capture information from hundreds of enzymes while using fewer activity-

sensors. 
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CHAPTER 2. PROTEASE CIRCUITS FOR PROCESSING 

BIOLOGICAL INFORMATION  

The following chapter has been published in part as an original research paper: Holt, BA 

and Kwong GA. ñProtease circuits for processing biological informationò Nature Comm. 

11 (1), 1-12 (2020).  

2.1 Introduction    

 The forward engineering of cellular42-45 and molecular46-51 computing systems is 

driven by integrating elementary biological parts to produce high-level functions67, 68. The 

development of foundational components, such as molecular logic gates50 and genetic 

clocks52, 53, have enabled the design of biocircuits with increasing complexity, including 

the ability to solve mathematical problems54, build autonomous robots55, and play 

interactive games56. To date, the majority of biocircuits are implemented in platforms that 

operate on the genetic circuit analogy57, which require genome or protein engineering58-61. 

These genetic circuits process biological signals (e.g., pH, temperature, chemical 

concentrations, etc.) by receiving information via promoters that induce gene expression, 

and output information by expressing reporters (e.g., GFP) or effector molecules (e.g., 

therapeutics)58. Traditionally, genetic circuits digitize these molecular signals as two-

valued states (e.g., low vs. high concentration is represented as state 0 or 1 respectively) to 

allow operations to be carried out by Boolean logic (e.g., AND gates)42, 69, 70.  

By contrast, analog circuits are designed to represent variables using the entire 

range of continuous values (i.e., between 0 and 1) rather than two-valued integers (i.e., 
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either 0 or 1)67, 70, 71. Analog circuits are better suited for processing problems with 

uncertainty by implementing so-called "fuzzy logic", which assigns weights to each 

possible value that a variable can hold72. Several molecular analog circuits have been 

implemented, including genetic circuits that carry out mathematical functions73, 74 and 

DNA strand-displacement cascades to emulate neural networks75. Enzyme activity has also 

been used in analog biocircuits51, 76 by making use of promiscuity, which is an enzymeôs 

capacity to recognize and catalyze different substrates4, 63, 77-83. Enzyme promiscuity 

bolsters evolutionary fitness and increases biological efficiency by using fewer enzymes to 

carry out the same number of reactions83. Importantly, promiscuity creates a shared 

resource environment where enzymes and substrates are in competition for binding 

partners depending on resource scarcity. For instance, when strong promoters are used in 

synthetic gene circuits, transcriptional and translational machinery are diverted to express 

the synthetic circuit, creating a competition for RNA polymerases84 and ribosomes85-87. 

Consequently, the flow of biological information can be controlled by directing how 

resources are partitioned88. This control strategy is fundamental to the design of biological 

systems that implement analog operations such as stochastic biocircuits89, autonomous 

diagnostics68, and synthetic ribosomes that insulate genetic circuits90.   

 Building on these insights, we sought to construct biocircuits that use protease 

activity to process biological information under a digital or analog framework. We chose 

to use proteases because they are ubiquitous, comprise 2% of the human genome91, and 

have previously been used in genetic circuits to implement62 and control92 information-

processing computations. Under a digital framework, we construct peptide-caged 

liposomes that treat protease activity as two-valued operations depending on the level of 
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activity (i.e., 0 or 1 for low or high protease activity respectively) (Figure 2.1A left, B). 

We show a biological application by integrating these peptide-caged liposomes into an 

analog-to-digital converter for autonomous drug delivery. By contrast, we demonstrate in 

a shared resource environment that the activity of a promiscuous protease is partitioned 

when more than one peptide substrate is present (Figure 2.1A right, C ). We show that the 

fraction of substrates being cleaved can be quantified as a continuous analog signal (i.e., 

value ranges from 0 to 1) depending on the relative substrate concentration. We use these 

analog operations to design a biological circuit to solve the mathematical problem Learning 

Parity with Noise (LPN).  

 

Figure 2.1. Protease activity as digital or analog signals.  

(A) (left, top) A digital protease signal is exclusively two-valued (state 0 or state 1) 

(left, bottom) A digital protease signal in a state of either high or low protease activity, 

separated by an activity threshold (dotted line). (right, top) Analog signals are 

represented by a continuous value between two states (0 and 1) (dashed arrow). (right, 

bottom) An analog protease signal acting on two state substrates has two cleavage 

velocities (v0 and v1), which represent the fraction of the protease pool cleaving either 

substrate (state-0 or 1). (B) Experimental data of a digital, two-valued protease signal. 

Protease (C1r) activity assay against substrate (LQRIYK), at high and low activity, 
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which is controlled by the protease concentration. Activity threshold is used to 

separate state-1 (high activity) from state-0 (low activity). (C) Protease (Plasmin) 

activity assay against substrate state-0 (GLQRALEI) and state-1 (KYLGRSYKV). 

Relative velocities represent the fraction of the protease pool cutting in either state. 

f0 is the fraction of plasmin cleaving substrate 0 and f1 is the fraction of plasmin 

cleaving substrate 1. Line shading in both panels represents standard deviation (n = 

3). RFU stands for "Relative Fluorescence Unit", which represents the amount (i.e., 

moles) of cleaved substrate and is plotted as fold change (FC) from initial fluorescence 

at time = 0. 

2.2 Materials and Methods 

 Protease Cleavage Assays 

All protease cleavage assays were performed with a BioTek Cytation 5 Imaging Plate 

Reader, taking fluorescent measurements at 485/528 nm and 540/575 nm 

(excitation/emission) for read-outs measuring peptide substrates terminated with FITC 

(Fluorescein isothiocyanate) and 5-TAMRA (5-Carboxytetramethylrhodamine), 

respectively. Kinetic measurements were taken every minute over the course of 60 ï 120 

minutes at 37 C. West Nile Virus NS3 protease (WNVp) and Tobacco Etch Virus protease 

(TEVp), along with their substrates, inhibitors and buffers were obtained from Anaspec, 

Inc. (Fremont, CA). Phospholipase C (PLC), Phosphatidylinositol-Specific (from Bacillus 

cereus) was purchased from Thermo Fisher Scientific (Waltham, MA). Activity RFU 

measurements were normalized to time 0 measurement, and as such later time points (after 

time-0) represent fold change in signal. Granzyme B (GzmB) was purchased from 

PeproTech, Inc. (Rocky Hill, NJ). Thrombin and Factor XIa were purchased from 

Haematologic Technologies (Essex, VT). Outer Membrane Protease T (OmpT, Protease 7) 

was purchased from Lifespan Biosciences (Seattle, WA).  C1r was purchased from 

Millipore Sigma (Burlington, MA). GzmB, Thrombin, Factor XIa, and C1r fluorescent 



 16 

peptide substrates were custom ordered from CPC Scientific (Sunnyvale, CA). OmpT 

fluorescent peptide substrate was custom ordered from Genscript (Piscataway, NJ). See  

 

 

 

Table 2.1 and Table 2.2 for more information regarding proteases, substrates, peptides, 

and inhibitors.  

2.2.1.1 Figure 2.4B 

10 uL of liposomes (34 mM lipids) loaded with TEVp (1 ug protease/17 mmol liposome) 

were coincubated with 50 uL TEVp substrate in provided activity buffer (pH 7.5). 2 uL of 

PLC (100 units/mL) was added to the experimental group, and 2 uL of assay buffer was 

added to the control group.  

2.2.1.2 Figure 2.4C 

10 uL of liposomes (34 mM lipids) loaded with TEVp (1 ug protease/17 mmol liposome), 

embedded with 10 mol% CPAA and crosslinked at 0.1% efficiency with GzmB substrate 

were coincubated with 50 uL TEVp substrate in provided activity buffer (pH 7.5). 2 uL 

PLC (100 U/mL) was added to both the control and experimental group. 2 uL GzmB (0.1 

ug/uL) was added only to experimental group.  

2.2.1.3 Figure 2.4D 
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All amounts of protease, substrate, and inhibitor for WNVp and TEVp were added 

according to instructions from Anaspec WNVp and TEVp activity kit. All conditions 

incubated with WNVp inhibitor include protease of interest incubated with its primary 

substrate. GzmB was added at a working concentration of (0.01 mg/mL) to 2 uM of its 

peptide substrate. 

2.2.1.4 Figure 2.4E 

All 4 biocomparator levels (b0-b3, 50 mM lipids  each) were added together (10 uL each), 

and co-incubated with 13 uL of GzmB solution (concentration varies depending on 

condition), 2 uL of PLC (100 U/mL), 0.5 uL of WNVp substrate (after diluted 100X 

according to manufacturer's instructions), 0.5 uL of TEVp substrate (after diluted 100X 

according to manufacturer's instructions), and 4 uL of assay buffer. Biocomparator levels 

0-3 are referenced by peptide cage crosslinking efficiencies of 0, 0.01, 1 and 100%, 

respectively. Plotted values are taken at minute 30 and normalized to starting values (time 

0, or equivalently, the no protease control). Unpaired, one-way t-tests (n = 4) were 

performed between the condition with GzmB and the negative control (no GzmB) for each 

respective output (i.e., p0 or p1). 

2.2.1.5 Figure 2.7B 

For recombinant OmpT condition, 2 uL of OmpT (0.5 mg/mL) was added to 18 uL of 2 

uM OmpT substrate. For E. coli condition, 2 uL of E. coli (109 CFU/mL) was added to 18 

uL of 2 uM OmpT substrate. 2 uL of DI H2o was added to negative control, along with 18 

uL of OmpT substrate.  
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2.2.1.6 Figure 2.11A and B 

For Figure 4A, the protease Plasmin (250 nM) was incubated with substrate-A (5FAM-

KSVARTLLVK -(LysCPQ2)-C; concentration = 0.24 uM) in PBS. For 4B, the protease 

Plasmin (250 nM) was incubated with substrate-A (5FAM-KSVARTLLVK -(LysCPQ2)-

C; concentration = 0.24 uM) as well as substrate-B (DABCYL-GPAALKAG-EDANS-R; 

concentration = 0.2 uM) simultaneously in PBS. Experiments were read on Plate Reader 

at 37C with plate sealer and plastic plate cover. 

2.2.1.7 Figure 2.11C 

For panel I, the protease Thrombin (250 nM) was incubated with substrate-A (5FAM-

KTTGGRIYGG-(LysCPQ2)-C; concentration = 0.64 uM) in PBS. For panel II, the 

protease Thrombin (250 nM) was incubated with substrate-A (5FAM-KTTGGRIYGG-

(LysCPQ2)-C; concentration = 0.64 uM) as well as substrate-B (DABCYL-GPLGL-

(DAP)-ARG-EDANS-R; concentration = 6.75 uM) simultaneously in PBS. For panel III, 

the protease Thrombin (250 nM) was incubated with substrate-A (5FAM-KTTGGRIYGG-

(LysCPQ2)-C; concentration = 1.28 uM) as well as substrate-B (DABCYL-GPLGL-

(DAP)-ARG-EDANS-R; concentration = 6.75 uM) simultaneously in PBS. Experiments 

were read on Plate Reader at 37C with plate sealer and plastic plate cover. 

2.2.1.8 Figure 2.12B 

For panel I, the protease MMP7 (250 nM) was incubated with substrate-A (5FAM-

KYLGRSYKV-(LysCPQ2)-C; concentration = 2.53 uM) as well as substrate-B 

(DABCYL-GPAALKAG-EDANS-R; concentration = 29.90 uM) simultaneously in PBS. 
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The protease Plasmin (250 nM) was incubated with substrate-A (5FAM-KSVARTLLVK -

(LysCPQ2)-C; concentration = 0.24 uM) in PBS. For panel II, the protease MMP7 (250 

nM) was incubated with substrate-A (5FAM-KYLGRSYKV-(LysCPQ2)-C; concentration 

= 2.53 uM) as well as substrate-B (DABCYL-GPAALKAG-EDANS-R; concentration = 

149.50 uM) simultaneously in PBS. The protease Plasmin (250 nM) was incubated with 

substrate-A (5FAM-KSVARTLLVK -(LysCPQ2)-C; concentration = 0.24 uM) as well as 

substrate-B (DABCYL-GPAALKAG-EDANS-R; concentration = 74.75 uM) 

simultaneously in PBS. 

2.2.1.9 Figure 2.14A and B 

For Figure 2.14A, Oracle f(AB B), graph (1), the protease Thrombin (250 nM) was 

incubated with substrate-A (5FAM-KTTGGRIYGG-(LysCPQ2)-C; concentration = 0.64 

uM) in PBS. The protease MMP7 (250 nM) was incubated with substrate-A (5FAM-

KYLGRSYKV-(LysCPQ2)-C; concentration = 2.53 uM) in PBS. The protease Plasmin 

(250 nM) was incubated with substrate-A (5FAM-KSVARTLLVK -(LysCPQ2)-C; 

concentration = 0.24 uM) in PBS.  

For Figure 2.14A, Oracle f(AB B), graph (2), the protease Thrombin (250 nM) was 

incubated with substrate-A (5FAM-KTTGGRIYGG-(LysCPQ2)-C; concentration = 0.64 

uM) as well as substrate-B (DABCYL-GPLGL-(DAP)-ARG-EDANS-R; concentration = 

6.75 uM) simultaneously in PBS. The protease MMP7 (250 nM) was incubated with 

substrate-A (5FAM-KYLGRSYKV-(LysCPQ2)-C; concentration = 2.53 uM) as well as 

substrate-B (DABCYL-GPAALKAG-EDANS-R; concentration = 29.90 uM) 
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simultaneously in PBS. The protease Plasmin (250 nM) was incubated with substrate-A 

(5FAM-KSVARTLLVK -(LysCPQ2)-C; concentration = 0.24 uM) in PBS.  

For Figure 2.14A, Oracle f(AB B), graph (3), the protease Thrombin (250 nM) was 

incubated with substrate-A (5FAM-KTTGGRIYGG-(LysCPQ2)-C; concentration = 0.64 

uM) as well as substrate-B (DABCYL-GPLGL-(DAP)-ARG-EDANS-R; concentration = 

6.75 uM), plus an additional substrate-B for the Linker operation (DABCYL-

GPAALKAG-EDANS-R; concentration = 29.90 uM), simultaneously in PBS. The 

protease MMP7 (250 nM) was incubated with substrate-A (5FAM-KYLGRSYKV-

(LysCPQ2)-C; concentration = 2.53 uM) as well as substrate-B (DABCYL-GPAALKAG-

EDANS-R; concentration = 29.90 uM) plus an additional substrate-B for the Linker 

operation (DABCYL-GPAALKAG-EDANS-R; concentration = 119.60 uM), 

simultaneously in PBS. The protease Plasmin (250 nM) was incubated with substrate-A 

(5FAM-KSVARTLLVK -(LysCPQ2)-C; concentration = 0.24 uM) plus an additional 

substrate-B for the Linker operation (DABCYL-GPAALKAG-EDANS-R; concentration 

= 74.75 uM), in PBS.  

For Figure 2.14A, Oracle f(AB B), graph (4), the protease Thrombin (250 nM) was 

incubated with substrate-A (5FAM-KTTGGRIYGG-(LysCPQ2)-C; concentration = 1.28 

uM) as well as substrate-B (DABCYL-GPLGL-(DAP)-ARG-EDANS-R; concentration = 

6.75 uM), plus an additional substrate-B for the Linker operation (DABCYL-

GPAALKAG-EDANS-R; concentration = 29.90 uM), simultaneously in PBS. The 

protease MMP7 (250 nM) was incubated with substrate-A (5FAM-KYLGRSYKV-

(LysCPQ2)-C; concentration = 5.07 uM) as well as substrate-B (DABCYL-GPAALKAG-

EDANS-R; concentration = 29.90 uM) plus an additional substrate-B for the Linker 
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operation (DABCYL-GPAALKAG-EDANS-R; concentration = 119.60 uM), 

simultaneously in PBS. The protease Plasmin (250 nM) was incubated with substrate-A 

(5FAM-KSVARTLLVK -(LysCPQ2)-C; concentration = 0.48 uM) plus an additional 

substrate-B for the Linker operation (DABCYL-GPAALKAG-EDANS-R; concentration 

= 74.75 uM), in PBS. 

For Figure 2.14B, Oracle f(AA B) (i.e., graph 4), the protease Thrombin (250 nM) was 

incubated with substrate-A (5FAM-KTTGGRIYGG-(LysCPQ2)-C; concentration = 1.28 

uM) as well as substrate-B (DABCYL-GPLGL-(DAP)-ARG-EDANS-R; concentration = 

6.75 uM), plus an additional substrate-B for the Linker operation (DABCYL-

GPAALKAG-EDANS-R; concentration = 29.90 uM), simultaneously in PBS. The 

protease Complement protease C1s (250 nM) was incubated with substrate-A (5FAM- 

KYLGRSYKV -(LysCPQ2)-C; concentration = 0.24 uM) as well as substrate-B 

(DABCYL-GPAALKAG-EDANS-R; concentration = 29.90 uM) plus an additional 

substrate-B for the Linker operation (DABCYL-GPAALKAG-EDANS-R; concentration 

= 29.90 uM), simultaneously in PBS. The protease Plasmin (250 nM) was incubated with 

substrate-A (5FAM-KSVARTLLVK -(LysCPQ2)-C; concentration = 0.48 uM) plus an 

additional substrate-B for the Linker operation (DABCYL-GPAALKAG-EDANS-R; 

concentration = 74.75 uM), in PBS. 

For Figure 2.14B, Oracle f(BA B) (i.e., graph 4), the protease MMP7 (250 nM) was 

incubated with substrate-A (5FAM-KYLGRSYKV-(LysCPQ2)-C; concentration = 5.07 

uM) as well as substrate-B (DABCYL-GPAALKAG-EDANS-R; concentration = 29.90 

uM) plus an additional substrate-B for the Linker operation (DABCYL-GPAALKAG-

EDANS-R; concentration = 119.60 uM), simultaneously in PBS. The protease Thrombin 
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(250 nM) was incubated with substrate-A (5FAM-KTTGGRIYGG-(LysCPQ2)-C; 

concentration = 1.28 uM) as well as substrate-B (DABCYL-GPLGL-(DAP)-ARG-

EDANS-R; concentration = 6.75 uM), plus an additional substrate-B for the Linker 

operation (DABCYL-GPAALKAG-EDANS-R; concentration = 29.90 uM), 

simultaneously in PBS. The protease Plasmin (250 nM) was incubated with substrate-A 

(5FAM-KSVARTLLVK -(LysCPQ2)-C; concentration = 0.48 uM) plus an additional 

substrate-B for the Linker operation (DABCYL-GPAALKAG-EDANS-R; concentration 

= 74.75 uM), in PBS. 

For Figure 2.14B, Oracle f(BB B) (i.e., graph 4), the protease MMP7 (250 nM) was 

incubated with substrate-A (5FAM-KYLGRSYKV-(LysCPQ2)-C; concentration = 5.07 

uM) as well as substrate-B (DABCYL-GPAALKAG-EDANS-R; concentration = 29.90 

uM) plus an additional substrate-B for the Linker operation (DABCYL-GPAALKAG-

EDANS-R; concentration = 119.60 uM), simultaneously in PBS. The protease Cathepsin 

G (250 nM) was incubated with substrate-A (5FAM-KSVARTLLVK -(LysCPQ2)-C; 

concentration = 0.05 uM) as well as substrate-B (DABCYL-GPAALKAG-EDANS-R; 

concentration = 29.90 uM), plus an additional substrate-B for the Linker operation 

(DABCYL-GPAALKAG-EDANS-R; concentration = 29.90 uM), simultaneously in PBS. 

The protease Plasmin (250 nM) was incubated with substrate-A (5FAM-KSVARTLLVK -

(LysCPQ2)-C; concentration = 0.48 uM) plus an additional substrate-B for the Linker 

operation (DABCYL-GPAALKAG-EDANS-R; concentration = 74.75 uM), in PBS. 

 Liposome Synthesis and Characterization 
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Liposome synthesis kit, PIPES buffer, EDC*MeI, and spin filters (100 kDa m.w.c.o. filters) 

were purchased from Millipore Sigma (Burlington, MA). Cholesterol-anchored 

Polyacrylic Acid (4400 g/mol, 30-40 COOH groups/molecule, structure in Figure 2.3) was 

custom ordered from Nanocs (Boston, MA).  Float-a-lyzer dialysis tubes (100 kDa 

m.w.c.o., 1 mL) were purchased from Spectrum Labs (Rancho Dominguez, CA). Synthesis 

protocol is adapted from the methods used by Basel et. al. Liposomes were loaded with 

respective protease inhibitor cocktail amounts, and concentration was estimated via 

absorbance. Standard curve for estimating concentration of liposomes was used by 

correlating absorbance of liposome solution at 230 nm with known standard 

concentrations. CPAA was vortexed in warm water (< 10 mg/mL) and volume was added 

such that there was 10 mol% CPAA relative to the molarity of lipids in the liposome 

solution. Solution was incubated for 1 hour at room temperature, or overnight at 4 C. 

Excess polymer and materials were removed via centrifugation (spin filters, 3-5 times at 

4700 XG for 10 mins) or float-a-lyzer membranes (4C in spinning water overnight). 

EDC*MeI was dissolved into 10 mM PIPES buffer and volume was added such that 

EDC*MeI:CPAA ratio was 4:1. Solution was incubated for 20 minutes at room 

temperature. Excess EDC was filtered out via centrifugation or dialysis tubes. Peptide 

crosslinker was added at desired molar ratio and incubated for 1 hour at room temperature 

or overnight at 4 C. Excess peptide was filtered via centrifugation or dialysis tubes. Change 

in liposome hydrodynamic diameter was measured via DLS on a Zetasizer Nano ZS, 

Malvern Panalytical (Netherlands). Volumes loaded into biocomparators include 

concentrations of proteases and inhibitors as follows: b0 = empty; b1 = 20 uL WNVp (0.1 



 24 

mg/mL) + 80 uL DI H2O; b2 = 50 uL WNV inhibitor (1 uM) + 50 uL TEVp (0.04 mg/mL); 

b3 = 50 uL WNVp (0.1 mg/mL) + 50 uL TEVp (0.08 mg/mL).  

 Bacterial culture and cytotoxicity measurement 

DH5Ŭ Escherichia coli were a gift from Todd Sulchek's BioMEMS lab at Georgia Tech. 

E. coli were cultured in LB broth (Lennox) at 37 C and plated on LB agar (Lennox) plates. 

LB broth was purchased from Millipore Sigma (Burlington, MA) and LB agar was 

purchased from Invitrogen (Carlsbad, CA). AMP and locked AMP were custom ordered 

from Genscript (Piscataway, NJ). See  

 

 

 

Table 2.1 for more information. Bacteria were grown to a concentration of 109 CFU/mL 

before being used for experiments. Concentration was estimated by measuring the OD600 

of the bacterial suspension, where an OD600 of 1.000 corresponds to a concentration of 8 x 

108 CFU/mL. Bacterial cell viability was measured by making eight 10-fold serial 

dilutions, and plating three 10 uL spots on an LB agar plate. Plates were incubated 

overnight at 37C, and CFUs were counted. Untreated bacteria CFU counts served as control 

for 0% cytotoxicity, and bacteria + IPA (or 0 countable CFUs) served as control for 100% 

cytotoxicity.  

 RBC collection and hemolysis measurement 
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Healthy blood donors had abstained from aspirin in the last two weeks, and consent was 

obtained according to GT IRB H15258. Blood was drawn by median cubital venipuncture 

into sodium citrate (3.2%). The sample was subsequently centrifuged at 150 G for 15 min, 

and the resulting platelet rich plasma was discarded. Red blood cells were then washed 

three times with phosphate buffered saline (PBS). For each wash, 12 mL of PBS were 

added, the sample was centrifuged at 1000 RPM for 10 min, and the supernatant was 

discarded. Hemolysis was estimated by spinning down experimental RBC samples and 

measuring the absorbance of the supernatant at 450 nm. Absorbance values corresponding 

to 100% hemolysis came from incubating RBCs with 0.1% Tween-20. Absorbances 

corresponding to 0% hemolysis came from untreated RBCs. 

2.2.4.1 Figure 2.7C 

For bacterial cytotoxicity measurements, 25 uL of antimicrobial peptide (AMP) was added, 

pertaining to 7 concentrations ranging between 7.6 nM and 7.6 mM. 20 uL of bacteria (107 

CFU/mL) were added, and the sample was filled to 200 uL with LB broth in PCR tubes. 

Sample tubes were taped on a plate shaker (250 RPM) incubating at 37 C for 8 hours. For 

RBC hemolysis measurements, the same assay was performed, but used 20 uL of donor 

RBCs instead of bacteria solution. 

2.2.4.2 Figure 2.7D 

For bacteria only condition, 5 uL of bacteria (109 CFU/mL) were added to 95 uL LB broth. 

For bacteria + AMP p1, 58 uL of AMP p1 (1.7 mM) were added to 5 uL of bacteria (109 

CFU/mL), with the solution being filled to 100 uL with LB broth. For bacteria + protease 

+ locked AMP p1, 20 uL of TEVp (4 ug/mL) and 58 uL of AMP p1 (1.7 mM) were added 
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to 5 uL of bacteria (109 CFU/mL), with the solution being filled to 100 uL with LB broth. 

Samples in PCR tubes were taped to a plate shaker (250 RPM) incubating at 37 C for 1 

hour. Serial dilutions and plating were then performed to measure viable bacteria 

concentrations.  

2.2.4.3 Figure 2.7E 

Each condition includes 20 uL of the bioprogram (2 uL of PLC, 6 uL D1, 6 uL D2, 6 uL 

D3), 20 uL of bacteria, 10 uL of RBCs, 24 uL of locked peptide drug (9 uL of 1.7 mM AMP 

p1 and 15 uL of 0.53 mM AMP p0), and 126 uL PBS. The concentration of bacteria, and 

the presence of each biocomparator, depends on the experimental condition (Fig. 3E). 

Samples in PCR tubes were taped to a plate shaker (250 RPM) incubating at 37 C for 8 

hours, followed by dilutions/plating to estimate bacterial cytotoxicity. The remainder of 

the sample was spun down by centrifugation and used to estimate hemolysis.  

 Statistical Analysis 

Statistical analysis was performed using statistical packages included in GraphPad Prism 

6. To assess the significance of increase in signal due to protease cleavage, we used a two-

way ANOVA (without repeated measures) followed by Sidak's multiple comparisons test 

(Figure 2.4B, C, and 3B). To assess the accuracy of assigning the binary value 0 or 1 to 

the digits p0 and p1 as seen in Figure 2.4E, one-way unpaired t-tests were performed 

between the condition with GzmB and the negative control (no GzmB) for each respective 

output (i.e., p0 or p1). A one-way ANOVA followed by Dunnett's multiple comparisons 

test was used to compare experimental means to cells only control in Figure 2.7D. Two-
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way ANOVA followed by Sidak's multiple comparisons test used to compare experimental 

means to control for bacterial cytotoxicity and RBC hemolysis (Figure 2.7E).  

2.3 Results 

 A biological analog to digital converter   

A central function of complex circuits is the ability to store and manipulate digitized 

information; therefore, we first set out to construct a flash analog-to-digital converter 

(ADC) to convert biological signals into binary digits. An electronic ADC performs three 

major operations during signal conversion: voltage comparison, priority assignment, and 

digital encoding. An analog input voltage is first compared against a set of increasing 

reference voltages (V0ïV i) by individual comparators (d0ïdi) that allow current to pass if 

the input signal is greater than or equal to its reference value (Figure 2.2). During 

priority assignment, only the activated comparator with the highest reference voltage, dn, 

remains on while all other activated comparators, dn-1ïd0 are turned off. The prioritized 

signal is then fed into a digital encoder comprising OR gates to produce digital values. To 

design an ADC biocircuit using protease activity as the core signal, we constructed 

biological analogs of comparators by using liposomes locked by an outer peptide cage66, 

93  (Figure 2.3A, B; Figure 2.4A). With increasing peptide crosslinking densities, these 

biocomparators (b0ïbi) served to reference the level of input protease activity (GzmB) 

required to fully degrade the peptide cage (IEFDSGK,  
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Table 2.1) and expose the lipid core (Figure 2.3C), analogous to the reference 

voltages stored in electronic comparators. We used lipase94 as a Buffer gate to open all 

biocomparators with fully degraded cages (Figure 2.4B, C; Figure 2.5) and release a 

unique combination of inhibitors and signal proteases (WNV, TEV, and WNV inhibitor) 

that collectively act to assign priority to the highest activated biocomparator (bn) by 

inhibiting all signal proteases released from other biocomparators (b0ïbn-1). To encode the 

prioritized signal into digital values, we designed a set of OR gates using orthogonal 

quenched substrates (RTKR and ENLYFQG) specific for the signal proteases (WNV and 

TEV respectively; Figure 2.4D) to provide fluorescent two-signal readouts (p0ïpi; Figure 

2.6A). Fully integrated, our biological ADC converted input protease levels (GzmB) across 

four orders of magnitude into digital outputs (Figure 2.4E, F; Figure 2.6B).   

 

Figure 2.2 Inputs and outputs of a 4-2 bit ADC 
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(A) Circuit diagram of a flash ADC. (B) Truth table. Inputs activate continuous subsets of 

the biocomparators (d0 to d3). An input which activates a biocomparator produces a value 

of 1. To give this input (dn) priority, all biocomparators below (d0-dn-1) are turned off, 

signified by a value of x. Digital, two-valued output bits are colored blue and correspond 

to the 2-bit output of the ADC. (C) Logic circuit diagram for one example input/output 

case through a 4-2 bit ADC. As an example, input signal > V2 turns on d0ðd2, but priority 

is given to d2, which only turns on bit q1, producing the output 10. 

 

Figure 2.3 Peptide caged liposome synthesis and characterization 

(A) Graphic of cholesterol-anchored poly(acrylic acid) (CPAA) embedded in liposome 

membrane, crosslinked by amine terminated peptides. Carboxylic acid side groups on 

poly(acrylic acid) are activated by EDC*MeI. N-terminal amine and C-terminal amine 

(from lysine side chain) act as primary amines to react with activated CPAA side chains. 

(B) DLS size measurement of liposomes before and after peptide cage construction. 

Increase in average hydrodynamic radius from 264.0 nm (bare liposomes) to 344.3 nm 

(Liposomes + CPAA peptide). (C) Heat map showing concentration of GzmB required to 

unlock each level. Signal is measured via released protease cutting substrate, normalized 

to the negative control (0 ug/mL signal protease). RFU stands for "Relative Fluorescence 

Unit" and is plotted as fold change (FC) from initial fluorescence at time = 0. 
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Table 2.1 Proteases, substrates, and inhibitors 

Name Abbreviation  Substrate(s)* Inhibitor**  

Granzyme B 

Protease 

GzmB 5FAM -aIEFDSGK-

CPQ2-kkc 

NA 

West Nile 

Virus 

Protease 

WNVp 5TAMRA -RTKR-

QXL570 

undeca-D-Arg-NH2 

Tobacco 

Etch Virus 

Protease 

TEVp 5FAM -ENLYFQG-

QXL520 

NA 

Outer 

Membrane 

Protein T 

OmpT DABCYL -RRSRRVK-

5FAM  

NA 

 

*Lower-case letters symbolize d-amino acids 

*Bold strings are non-amino acid groups, as labeled below 

*5FAM  = 5 ï Carboxyfluorescein 

*DABCYL  = 4-((4-(dimethylamino)phenyl)azo)benzoic acid 

*QXL570, QXL520 = Proprietary quencher from Anaspec, Inc (Fremont, CA) 

*CPQ2 = Proprietary quencher from CPC, Scientific (Sunnyvale, CA) 

*5TAMRA  = 5-Carboxytetramethylrhodamine 

**  undeca-D-Arg-NH2 = 11 D-arginine motifs (i.e., rrrrrrrrrrr); NH2 = c-terminal 

amidation 
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Figure 2.4. A biological ADC coverts protease activity to a digital signal 

(A) Biocircuit diagram depicting the conversion of a biological input (protease activity) 

into a digital output with biocomparators, priority encoding, and OR gates. Circular arrow 

around grey protease represents enzyme activity. (B) Bare or (C) peptide-caged liposomes 

opened by lipase (orange) or GzmB (grey) activity, respectively, release TEV protease 

(red) that cleaves a quenched peptide substrate. In (C), liposomes (34 mM total lipid 

concentration) were loaded with TEV protease (1 ug protease/17 mmol lipids) and 

crosslinked with GzmB substrate peptide cage (peptide:liposome reaction ratio ~ 0.5 

ɛmol/g). Fluorescent reporter is cleaved only in the presence of GzmB to degrade the 

peptide cage. Standard deviation (n = 3) from samples represented by line shading in (B) 

and (C). (D) Protease orthogonality map measuring GzmB, WNV (blue), and TEV protease 

activity against respective substrates alone and in the presence of WNV protease inhibitor 

(blue triangle). (E) Increasing concentrations of GzmB across four orders of magnitude are 

input to the bioADC, and proteases p0 (WNV, blue) and p1 (TEV, red protease) are read out 

in a fluorescent assay using fluorescence-quenched substrates (RTKR and ENLYFQG). 

All data points are plotted as the slope of the best fit line to the cleavage velocities. 

Unpaired, one-way t-tests (n = 4) were performed between the condition with GzmB and 
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the negative control (no GzmB) for each respective output (i.e., p0 or p1). Biocomparator 

levels 0ï3 are referenced by peptide cage reaction ratios, 0.0, 0.05, 5, and 5 x 102 ɛmol/g 

(peptide:liposome), respectively. Dashed line represents activity threshold that separates 

an output of 1 (velocity > 10-4 min-1) from an output of 0 (velocity < 10-4 min-1).  (F) 

Digital, two-valued output as a function of input GzmB concentration. RFU stands for 

"Relative Fluorescence Unit", which represents the amount (i.e., moles) of cleaved 

substrate and is plotted as fold change (FC) from initial fluorescence at time = 0. Velocity 

is calculated as the difference in signal over time, or quantity of substrates cleaved per unit 

time (i.e., [time]-1).  n.s. = not significant, * < 0.05, ** < 0.01, *** < 0.001, and **** < 

0.0001. 

 

Figure 2.5 Lipase acts as a Buffer gate 

(A) Phospholipase C-triggered release of FITC contained in liposomes. Negative control 

contains FITC-loaded liposomes only and no lipase. (B) Phospholipase-C and signal 

protease GzmB triggered release of FITC from FITC-loaded, peptide-caged liposomes. 

Negative control contains lipase plus FITC-loaded, peptide-caged liposomes, but no signal 

protease GzmB. Line shading represents standard deviation and line represents mean (n = 

3). Released fluorophore (i.e., FITC) is quantified with units of RFU, which stands for 

"Relative Fluorescence Unit", and is plotted as fold change (FC) from initial fluorescence 

at time = 0. 
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Figure 2.6 Measuring all four possible outputs from biological ADC 

(A) Schematic of all 4 possible signal conversions in the biological four-two bit analog-to-

digital converter. The signal protease (grey, GzmB), cleaves the peptide cage surrounding 

biocomparators. Higher activity levels of GzmB result in more biocomparator levels being 

unlocked (b0 to b3). Lipase (orange rectangle) is co-incubated with the bioADC such that 

all exposed biocomparators are fully opened via degradation of liposome by phospholipase 

C. Released proteases and inhibitors interact to produce a two-valued, digital signal (i.e., 

00, 01, 10, 11). The resulting proteases interact with OR gates to produce "high", or 1, 

values for the correct two-valued outputs. (B) Kinetic fluorescence data from 4-to-2 bit 

biological ADC that is plotted in Fig. 2E. Blue dots represent signal from p0 substrate, and 

red dots represent signal from p1 substrate. Bold numbers represent the input concentration 

of GzmB in ug/mL, corresponding to the x-axis labels in Fig. 2E. Amount of substrates 

cleaved is quantified with units of RFU, which stands for "Relative Fluorescence Unit", 

and is plotted as fold change (FC) from initial fluorescence at time = 0. 

 An integrated bioADC to execute an antimicrobial program 
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To demonstrate a biological application, we next sought to interface our biological 

ADC with a living system for digital drug dosing. We rewired our ADC to autonomously 

quantify input bacterial activity and then output an anti-microbial drug dose to selectively 

clear red blood cells (RBCs) of bacteria (DH5Ŭ Escherichia coli) (Figure 2.7A). To 

construct biocomparators with the ability to prioritize input levels of bacterial activity, we 

synthesized liposomes with peptide cages using a substrate (RRSRRVK) specific for the 

E. Coli surface protease OmpT95, 96 (Figure 2.7B). We synthesized a series of 8 

biocomparators with increasing peptide densities (i.e., peptide:liposome reaction ratios 

spanning 0, 8.5 x 10-3, 8.5 x 10-2, 8.5 x 10-1, 8.5, 85, 170, 255, 340 ɛmol/g) and validated 

their ability to sense input bacterial concentrations across 8 log units (0ï108 CFU/ml) using 

a fluorescent reporter (Figure 2.8). To convert the release of signal proteases to a drug 

output, we designed protease-activatable prodrugs comprising cationic (polyarginine) anti-

microbial peptides (AMP) (Figure 2.7C; Table 2.2) in charge complexation with anionic 

peptide locks (polyglutamic acid)64 to block the activity of AMP. These drug-lock peptides 

were linked in tandem by OR gate peptides p0 and p1 (RTKR and ENLYFQG respectively) 

to allow signal proteases that directly cleave p0 or p1 to digitally control the output drug 

dose (Figure 2.4). We designed one-third and two-thirds of the total drug dose to be 

unlocked by cleavage of p0 and p1, respectively, such that binary values 00, 01, 10, and 11 

corresponded to 0/3, 1/3, 2/3, and 3/3 of the total drug dose (Figure 2.9).  

To confirm the therapeutic efficacy of our prodrug design, treatment of bacteria with 

locked drug had no significant cytolytic activity compared to untreated controls, but by 

contrast, treatment with protease-cleaved drug-lock complexes resulted in a significant 

reduction in bacterial colonies (Figure 2.7D). We observed similar levels of bacterial 
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cytotoxicity when AMP was directly loaded into liposomes, showing that charge 

complexation was required to fully block AMP activity (Figure 2.8B). In human RBCs 

mixed with E. coli at concentrations ranging from 100ï109 CFU/mL, samples containing a 

single biocomparator (b0) lacked the ability to eliminate bacteria as anticipated (output = 

00). By contrast, increasing the number of biocomparators in the samples (b0ïb3) allowed 

our program to autonomously increase the drug dose (output 01, 10, and 11) in response to 

higher bacterial loads to completely eliminate infection burdens across nine orders of 

magnitude up to 109 CFU/mL without significantly increasing hemolysis (Figure 2.7E; 

Figure 2.10). Our data showed that biocircuits can be constructed using protease activity 

as a digital signal to execute autonomous drug delivery programs under a broad range of 

conditions. 
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Figure 2.7. An integrated bioADC to execute an antimicrobial program 

(A) Biocircuit depicting the use of an ADC to quantify bacteria and autonomously unlock 

digital drug doses. Circular arrow represents enzyme activity. (B) Cleavage assay 

measuring recombinant OmpT and live E. coli culture cleavage of substrate (RRSRRV) (n 

= 3, two-way ANOVA & Sidak's multiple comparisons). (C) EC50 measurement for drug 

cytotoxicity and hemolysis against E. coli and RBCs, respectively. Grey shading represents 

therapeutic window with 100% cytotoxicity and no hemolysis. (D) Viability of bacteria 

after treatment with locked drug and locked drug + protease. (n = 4, one-way ANOVA & 

Dunnett's multiple comparisons to bacteria only control; scale bar = 4 mm). (E) Drug 

bacteria cytotoxicity and RBC hemolysis at five concentrations of bacteria with 4 different 

versions of the antimicrobial program each containing a different number of 

biocomparators (two-way ANOVA & Sidak's multiple comparisons; hemolysis n = 2, 

cytotoxicity n = 3). The four biocomparators, b0, b1, b2, and b3, were cross-linked at peptide 

cage reaction ratios, 0.0, 3.4 x 10-2, 3.4, and 340 ɛmol/g (peptide:liposome), respectively. 

Line shading and error bars are standard deviation. RFU stands for "Relative Fluorescence 

Unit", which represents the amount (i.e., moles) of cleaved substrate and is plotted as fold 

change (FC) from initial fluorescence at time = 0.  n.s. = not significant, * < 0.05, ** < 

0.01, *** < 0.001, and **** < 0.0001. 
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Figure 2.8 Biocomparator activation levels and examining the behavior of drug-

loaded biocomparators 

(A) Unlocking peptide caged liposomes (i.e., biocomparators) with increasing peptide 

crosslinking densities (levels 0 ï 8). Eight levels of increasing peptide cage crosslinking 

densities were used to determine the number of bacteria required to unlock each level. 

Increased concentration of input protease (OmpT, from E. coli) leads to more unlocked 

levels. (B) Bacterial cytotoxicity measurement of drug-loaded biocomparators. Conditions 

are moving from left to right: Bacteria only control, bacteria plus free drug, bacteria plus 

drug-loaded liposome without lipase, and bacteria plus drug-loaded liposome with lipase. 

Samples were incubated with bacteria at 37C for eight hours and plated. CFU were 

quantified to estimate bacteria viability. Error bars are plotted as standard deviation (n = 

3). RFU stands for "Relative Fluorescence Unit" and is plotted as fold change (FC) from 

initial fluorescence at time = 0. 

Table 2.2 Antimicrobial peptide sequences 

Name Peptide Sequence*  

Polyarginine cationic AMP RRRRRRRR 

Protease-activatable, Drug-

locked peptide, p0 

EEEEEEEEEEERKTRRRRRRRRR 

Protease-activatable, Drug-

locked peptide, p1 

EEEEEEEEENLYFQGRRRRRRRRR 

 

*All motifs are l-amino acids, without any N- or C- terminal modifications 
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Figure 2.9. All possible output drug doses from the biological ADC 

The OR gate linked to p0 (blue substrate) outputs 1/3 of the available AMP dose, whereas 

the OR gate linked to p1 (red substrate) outputs 2/3 of the available AMP dose. This 

translates each digital output to a drug dose increasing by units of 1/3 the total dose. For 

example, when only p0 is active (i.e., p0 = 1, p1 = 0), 1/3 of the maximum drug dose can be 

unlocked, whereas if only p1 is active (i.e., p0 = 0, p1 = 1), then 2/3 of the maximum drug 

dose can be unlocked. 
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Figure 2.10. Photos of bacterial plates post-incubation with biological ADC 

Photos of bacterial plates used for quantification of cytotoxicity in Fig 3E. C-1 indicates 

the single, empty comparator bioprogram control, which represents 100% cell viability, or 

0% cytotoxicity. No colony growth represents 0% cell viability, or 100% cytotoxicity. 

Plates are labeled C-n X, where n corresponds to the number of biocomparators p resent in 

the program combined with infected blood and X corresponds to the concentration of 

bacteria present. (10 = 100 CFU/mL, 9 = 101 CFU/mL, 8 = 102 CFU/mL, etc.). 

 Controlled partitioning of shared resources as analog operations 

We next sought to demonstrate that proteases in a shared resources environment 

can be used to build analog biocircuits. We first considered one pool of proteases (plasmin) 

cleaving one target peptide (substrate-A, blue) as representative of a non-shared resources 

environment (Figure 2.11A). This substrate (5FAM-KSVARTLLVK -(LysCPQ2)-C) 

contained a fluorophore-quencher pair (5FAM and LysCPQ2 respectively) to allow 

quantification of the substrate cleavage velocity, vA, by monitoring increases in sample 
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fluorescence over time. To construct a shared resource environment, we incubated plasmin 

with substrate-A and a second peptide, substrate-B (red), and observed that this caused 

total plasmin cleavage activity to be partitioned between substrate-A and substrate-B 

(Figure 2.11B). To assess the degree of partitioning, we quantified the fractional cleavage 

score f(X), which reflects the average fraction of the protease pool cleavage events 

resulting from substrate-X. Fractional cleavage is analogous to fractional occupancy that 

is commonly used in models of receptor-ligand binding kinetics97, 98. Here rather than 

measuring the fraction of receptors bound to a particular ligand, we measure the fraction 

of protease cleavage events bound to a particular substrate by quantifying the normalized 

cleavage velocities (Equation 2.1).  

Ὢὃ
ὴὶέὨόὧὸί ὪέὶάὩὨ Ὢὶέά ίόὦίὸὶὥὸὩ ὃ 

ὸέὸὥὰ ὴὶέὨόὧὸί ὪέὶάὩὨ

ὺ

ὺ ὺ
 

Equation 2.1 

This fractional cleavage score quantifies the degree of resource sharing since when values 

of f(X) approach 1, proteases are cleaving a single peptide (i.e., resource sharing is OFF). 

Conversely, when protease activity is uniformly partitioned between two substrates, the 

value of f(X) approaches 0.5 (i.e., uniform resource sharing = ON).  

To construct an operation capable of turning resource sharing ON and OFF, we 

developed the uniform (U) operation. The U operation is a two-step procedure (i.e., denoted 

by U1 and U2 respectively) that first takes as input a pool of proteases cleaving substrate-

A in a non-shared resource setting (Figure 2.11Ci) and outputs a state where protease 

activity is partitioned uniformly between substrate-A and substrate-B (i.e., f(A) = f(B) = 
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50%). This was done experimentally by adding substrate-B such that the fractional 

cleavage scores were equivalent (Figure 2.11Cii ). The second half of this operation (U2) 

functions to reverse, or turn resource sharing OFF. This was done by adding a large molar 

excess of substrate-A such that the fractional cleavage score for substrate-A would 

approach 100% (f(A) = 90%, n = 3) (Figure 2.11Ciii ). These results demonstrated that by 

controlling the available concentration of two substrates, resource sharing can be turned 

ON and OFF in a pool of proteases.  

 

Figure 2.11. Controlling substrate concentration to tune resource sharing 

(A) One protease (blue pac man, Plasmin) cleaving one substrate (A, blue; 5FAM-

KSVARTLLVK -(LysCPQ2)-C) represents a non-shared resource environment. The 

degree of substrate cleavage is quantified with cleavage velocity, vA, (change in rate of 

substrate cleavage). The amount (i.e., moles) of cleaved substrate and is plotted as fold 

change (FC) from initial fluorescence at time = 0. (B) One protease (blue pac man) cleaving 

two substrates (substrate-A = blue, substrate-B = red = DABCYL-GPAALKAG-EDANS-

R) represents a shared resource environment, as each substrate is competing for the same 
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pool of proteases. The degree of resource sharing is quantified by the fractional cleavage 

score, f(X), which estimates the fraction of cleavage events that resulted from substrate-X. 

This is calculated by normalizing the cleavage velocities for each substrate. (C) 

Implementation of the biological uniform operation on a two-state analog protease signal 

showing raw, kinetic fluorescence data over time (line graphs) used to calculate the 

fractional cleavage scores (bar graphs) A protease (Thrombin), first only exposed to the 

state-A substrate (5FAM-KTTGGRIYGG-(LysCPQ2)), is then exposed to the state-B 

substrate (i.e., U1, DABCYL-GPLGL-(DAP)-ARG-EDANS), resulting in equal fractions 

of the protease pool occupying either substrate state (~49% and 51% respectively, n=3) . 

A second U-operation (U2), performed by adding state-A substrate in large molar excess, 

reversed the operation to restore the protease pool to its original state, which is that nearly 

the entire protease pool is cleaving substrate-A (~90%, n=3). 

Next, we sought to build an operation with a 2-input/2-output format. Operations 

with multiple inputs and outputs are important because they enable the comparison or 

integration of different signals, such as a Half Adder circuit or 2-bit Synchronous counter. 

For our system, we designed an operation called the Linker operation that functions by 

matching the shared resources state for two input protease signals, named the reference and 

target signal, to a non-shared state. Here if the reference protease is in a state of shared 

resources, the Linker operation then matches (i.e., links) the fractional cleavage scores of 

the reference and target proteases to f(B) = 100% (Figure 2.12A). To demonstrate the L-

operation experimentally, we started with a reference protease pool (i.e., MMP7) initially 

in a state of shared resources (i.e., f(A) = f(B) = 50%) and a target protease pool (i.e., 

plasmin) in a state of non-shared resources (i.e., f(A) = 100%). Then, we applied the L-

operation to match the output states of the reference protease pool (i.e., MMP7) and the 

target protease pool (i.e., plasmin) by adding the state-B substrate (DABCYL -

GPAALKAG-EDANS-R). We observed that the output protease pools were both matched 

to a state of non-shared resources with fractional cleavage scores approaching 100% for 

substrate-B (i.e., reference f(B) = 97%, target f(B) = 98%) (Figure 2.12B). These results 
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demonstrated that by controlling the concentration of the state-B substrate, the degree of 

resource sharing can be matched between protease pools. 

 

Figure 2.12. Controlling substrate concentration to match two protease pools to the 

same state of shared resources - the linker operation 

(A) Schematic depicting the biological implementation of the L-operation. The state-B 

substrate (red) is added to two different protease signals (blue = control, red = target) at 

such a concentration that the output state-B substrate fractional cleavage (i.e., f(B)) 

approaches 100%. (B) Experimental example of the L-operation. The output states of 

control protease pool (MMP7, top row) and target protease pool (plasmin, bottom row) are 

matched by addition of the state-B substrate (DABCYL-GPAALKAG-EDANS-R) such 

that the output protease populations have a matched fractional cleavage close to 100% 

(97% & 98%, n = 3). The amount (i.e., moles) of cleaved substrate and is plotted as fold 

change (FC) from initial fluorescence at time = 0. 

 Solving a mathematical problem with proteases and shared resources 
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We designed the Uniform and Linker operations based on previously described 

analog operations that could be used to solve one type of oracle problem, the Learning 

Parity with Noise (LPN)99. Here an oracle contains a hidden string, a, of digits (Figure 

2.13A represents the case where the hidden string a = [01]) that is unknown to the user. To 

infer the value of the hidden string, the user can make "oracle queries" that cause the oracle 

to generate random strings, x, and return the dot product (i.e., the scalar product of two 

vectors) between the hidden string and the random string (i.e., ╪ẗ●) as an answer signal, 

▓. Conventionally, the possible hidden strings (i.e., [00], [01], [10], [11]) and answer 

signals (i.e., [0] or [1]) are concatenated to form a 3-valued joint-state (i.e., [hidden string, 

answer signal] = ░▒ ▓) that has eight possible permutations (i.e., [00 0], [00 1], é, [11 

1]). By querying the oracle and eliminating hidden strings that could not have produced 

the observed answer signal, the user can infer the value of the hidden string. For example, 

if on query number-1 the oracle generates the random string x = [00], then the user will see 

the answer signal = 0 (i.e., ╪ẗ● Ͻ ), which does not provide any 

information about the hidden string a, as it can take on any value. However, if on query 

number-2 the oracle generates the random string x = [01], then the user will observe that 

the answer signal = 1 (i.e., ╪ẗ● Ͻ ) and can determine that 1 is the second-

digit (i.e., ▒ ) (Fig. 6A). By repeating oracle queries, the user will be able to eventually 

infer the value of the hidden string. However, each query yields at most one additional 

piece of information. 

By contrast, rather than querying the oracle in a stepwise manner, analog circuits 

are designed to test multiple possible joint-states simultaneously by assigning each a 

relative weight (e.g., f(00 0), f(00 1), é, f(11 1)). This approach allows the user to learn 
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one or more piece of information after each operation. For example, a non-biological 

algorithm of the oracle problem99 starts by initializing all values in the joint-state to 0 (i.e., 

█░▒ ▓ █  Ϸ), and then simultaneously represents all possible hidden 

strings (i.e., █  █  █  █  Ϸ) (Figure 2.13B; steps 1 

and 2). Then, to solve the oracle, the user applies an analog operation to learn which digits 

in the hidden string are matched with the answer signal (i.e., positive selection) and then 

validates that the remaining digits in the hidden string are not matched with the answer 

signal (i.e., negative selection) (Figure 2.13B; steps 3 and 4 respectively). For example, in 

the case where the hidden string is [01], the correct joint-state is [01 1]. Therefore, after 

positive selection, the remaining joint-states [01 1] and [11 1] are equally weighted (i.e., 

█  █  Ϸ). After negative selection, the user is able to determine that 

the correct joint-state with the highest weight is [01 1] (i.e., █  Ϸ).  

  Based on this previously described analog algorithm, we next sought to show that 

proteases can be used to implement and solve the oracle problem. When a protease is in a 

shared resource environment with two substrates (i.e., blue and red; Figure 2.13C), its 

fractional cleavage scores f(A) and f(B) take on a value between 0 to 100%, which is 

analogous to relative weights. Therefore, if two proteases are designated to represent 

possible hidden string values (grey and blue) and one protease (red) to represent the answer 

signal, this system of three proteases can then represent all eight possible joint-states 

simultaneously. For example, in the setting where uniform resource sharing is ON for the 

two hidden string proteases (i.e., grey and blue protease each cleaving substrates A and B 

equally, or f(A) = f(B) = 50%) and resource sharing for the answer protease is OFF (i.e., 

red protease; f(A) = 100% and f(B) = 0%), then the weights for all eight possible joint-
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states (i.e., f(AA A), f(AB A), éf(BB B)) can be individually calculated by multiplying 

the fractional cleavage scores of the three proteases (e.g., f(AA A) = 25%) (Figure 2.13C). 

These analog weights for the joint-states would always total to 100%, and its values would 

depend on the extent of resource sharing for each of the three proteases.  

 

Figure 2.13. Proteases in shared resource environments represent joint-states in the 

oracle problem 

(A) Schematic of non-analog solution to oracle problem. The oracle problem is a general 

inference problem where an oracle (i.e., grey box) is hiding a string of digits (i.e., hidden 

string, a = [ij ]). The goal is to infer the value of the hidden string. To accomplish this, the 

user can make oracle queries, which cause the oracle to (1) generate a random string (red 

text, x) and (2) take the dot product (i.e., scalar product of two vectors) of the hidden and 

random strings to produce the answer signal, k. (B) Schematic showing conceptually how 

to solve the oracle with proteases. To set up the problem, (1) the user first initializes all 

variables to 0 (i.e., [ij k] = [00 0], f(00 0) = 100%). (2) Then, the user represents all hidden 

strings simultaneously (i.e., f(00 0) = f(01 0) = f(10 0) = f(11 0) = 25%). (3) The user 

applies analog operations to learn which digit(s) in the hidden string is/are matched to the 

answer signal (i.e., positive selection). (4) The user validates that the remaining digit(s) in 

the hidden string is/are not matched to the answer signal (i.e., negative selection). (C) 

Schematic demonstrating how the weights for all eight joint-states are calculated using the 

fractional cleavage scores of individual protease pools. Here, uniform resource sharing is 

ON (i.e., cleaving substrates A and B equally, or f(A) = f(B) = 50%) for the two hidden 

string proteases (grey and blue proteases) and resource sharing is OFF (i.e., f(A) = 100% 
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and f(B) = 0%) for the answer protease (red protease). The weights for all eight possible 

joint-states (i.e., f(AA A), f(AB A), éf(BB B)) are calculated by multiplying the fractional 

cleavage scores for each of the three individual protease pools (e.g., f(AA A) = 25%), and 

these weights will collectively add up to 100%. 

Based on the non-biological implementation of the oracle problem99, we designed 

analog biocircuits using a combination of Uniform (i.e., U1 and U2) and Linker operations 

to solve the oracle for the particular joint-state f(AB B) (Figure 2.14A; Figure 2.15). All 

proteases were initialized to cleaving substrate-A (i.e., joint-state █══ ═ Ϸ)). 

Then to represent all hidden strings simultaneously (i.e., answer signal, ▓ ═; █══ ═

█═║ ═ █║═ ═ █║║ ═ Ϸ)), we applied U1 Uniform operations to 

protease pools 1 and 2 to create a state of shared resources within each pool (Figure 2.14A; 

steps 1 and 2). Then, we applied L-operation(s) to reveal which protease pools in the 

hidden string were matched with the answer signal (i.e., positive selection) by outputting 

matched proteases to the same state of shared resources (i.e., pool-2 █║ Ϸ, pool-

3 █║ Ϸ) (Figure 2.14A; step 3). Lastly, we validated that the remaining protease 

pool (i.e., pool-1) was not matched with the answer signal (i.e., negative selection) by 

applying three U2 Uniform operations, which reversed pool-1 to a state of non-shared 

resources cleaving substrate-A (i.e., pool-1 █═ Ϸ) (Figure 2.14A; step 4). 

Experimentally, we found that this protease-based, shared resources solution yielded the 

correct joint-state with the highest weight (f(AB B) = 80%, n = 3) when compared to the 

seven other possible joint-states (each other answer < 12%, n = 3) (Figure 2.14A). To 

further support these results, we solved the remaining three implementations of the oracle 

problem (proteases and substrates in Table 2.3), which were f(AA B), f(BA B), and f(BB 

B). In each of these three configurations, the protease-based solution outputted the correct 

joint-state with the highest weight (Figure 2.14B).  
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Figure 2.14. Using shared resources to represent a mathematical solution to the oracle 

problem 

(A) (top) Schematic representing the order in which the U1, U2, and L gates are applied to 

each of the three protease pools (pool-1 Grey = Thrombin, pool-2 Blue = MMP7 and pool-

3 Red = Plasmin). Each line is specific to one protease, and the arrow indicates the order 

in which each gate was applied. (bottom) Tables show the experimental data of the 

fractional cleavage values (i.e., f(A) and f(B)) for each pool of proteases (grey, blue, red) 

(n = 3). Bar graphs represent the relative weights of each joint-state after each round of 

substrate operations (steps 1ð4), which were calculated using the fractional cleavage data 

in the corresponding table below.  (B) Experimental data (bar graphs) showing the 

remaining three implementations of the oracle problem (i.e., f(AA B), f(AB B), f(BA B), 

and f(BB B)). Schematics to the left of the bar graphs are the schematics representing the 

order in which the U1, U2, and L gates were applied for each problem. Bar graphs represent 

the relative weight for each of the eight possible output joint-states. Red bar indicates the 

correct joint-state with the highest weight. 
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Figure 2.15. Example of ideal solution for oracle problem 

Table depicting fractional cleavage outputs of the three signals (i.e., i, j, and k) that 

constitute the joint-state (i.e., joint-state = [ij k]) after each operation. Each column 

represents the fractional cleavage values for the given signal after the operation for the 

column is applied. Correct final joint-state is f(ij k) = f(AB B), i = A, k = B, and k = B.  

Oracle Pool Protease Substrate-A Substrate-B 

f(AA B)  

Pool-1 Thrombin 5FAM -KTTGGRIYGG-(LysCPQ2)-C DABCYL -GPLGL-(DAP)-ARG-EDANS-R 

Pool-2 C1s 5FAM - KYLGRSYKV -(LysCPQ2)-C DABCYL -GPAALKAG-EDANS-R 

Pool-3 Plasmin 5FAM -KSVARTLLVK -(LysCPQ2)-C DABCYL -GPAALKAG-EDANS-R 

f(AB B) 

Pool-1 Thrombin 5FAM -KTTGGRIYGG-(LysCPQ2)-C DABCYL -GPLGL-(DAP)-ARG-EDANS-R 

Pool-2 MMP7 5FAM -KYLGRSYKV-(LysCPQ2)-C DABCYL -GPAALKAG-EDANS-R 

Pool-3 Plasmin 5FAM -KSVARTLLVK -(LysCPQ2)-C DABCYL -GPAALKAG-EDANS-R 

f(BA B) 

Pool-1 MMP7 5FAM -KYLGRSYKV-(LysCPQ2)-C DABCYL -GPAALKAG-EDANS-R 

Pool-2 Thrombin 5FAM -KTTGGRIYGG-(LysCPQ2)-C DABCYL -GPLGL-(DAP)-ARG-EDANS-R 

Pool-3 Plasmin 5FAM -KSVARTLLVK -(LysCPQ2)-C DABCYL -GPAALKAG-EDANS-R 

f(BB B) 

Pool-1 MMP7 5FAM -KYLGRSYKV-(LysCPQ2)-C DABCYL -GPAALKAG-EDANS-R 

Pool-2 Cathepsin G 5FAM -KSVARTLLVK -(LysCPQ2)-C DABCYL -GPAALKAG-EDANS-R 

Pool-3 Plasmin 5FAM -KSVARTLLVK -(LysCPQ2)-C DABCYL -GPAALKAG-EDANS-R 
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Table 2.3. Legend to identify the proteases and substrates used in all four oracle 

problems 

Non-bold, capital letters represent single-letter amino acid codes. Bold letters represent 

other functional groups: DABCYL  = 4-(dimethylaminoazo)benzene-4-carboxylic acid; 

EDANS = (5-((2-Aminoethyl)amino)naphthalene-1-sulfonic acid); LysCPQ2 = lysine-

conjugated quencher (CPC Scientific); DAP = 2-3, diaminopropionic acid. 

2.4 Discussion 

By interpreting protease activity as carrying digital or analog information, we 

demonstrated the use of proteases in molecular biocircuits. We used two-valued protease 

operations carried out by Boolean logic gates to construct an analog-to-digital converter 

(ADC) as an autonomous drug delivery biocircuit to clear blood of bacteria across nine 

orders magnitude in concentration. To construct our biological ADC, we designed 

biocomparators using peptide-caged liposomes because these materials are well-tolerated 

and biologically compatible100, 101. Our molecular approach is distinct from existing 

synthetic protein63 and genetic circuit62, 102 methods that require protein or organismal 

engineering to control signaling, including the non-trivial OFF state for proteases which 

has required insertion strategies59-61 artificial autoinhibitors63, or dimerizing leucine 

zippers62 to control. Parallel to our use of liposome-based particles to control protease 

activity, liposomes have also been used in past studies such as synthetic minimal cells to 

control the expression of genetic circuits by liposome fusion92, 103. Our approach may be 

amenable to integration with these genetic approaches, if for example, these circuits were 

redesigned to input or output (i.e., express) proteases. 
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In addition to manipulating exclusively two-valued protease operations, we 

demonstrated the use of proteases in a shared resources environment to represent analog 

operations. Analog biocircuits70, 104 have been demonstrated in systems including gene 

circuits, DNA strand displacement cascades, and restriction enzymes73-75, 89. Many of these 

circuits69, 104-106 primarily process continuous signals via summing, thresholding, and 

binning using comparators74 or linear threshold circuits75 (i.e., multi-input comparator). A 

few studies have used analog biocircuits to represent and operate on multiple states 

simultaneously by assigning a weight to each state (i.e., fuzzy logic). As an example, a 

pool of restriction enzymes, FokI, was partitioned between different DNA substrates to 

represent two output states with a weight (i.e., 0Ą100%) calculated by the relative 

abundance of each DNA product (i.e., 16 versus 17 nt-long product bands)89. By 

comparison, we used promiscuous proteases to create a shared resources environment 

where one protease is partitioned between cleaving two peptide substrates. In the context 

of the oracle problem, we used three pools of proteases in a state of shared resources to 

represent eight output states simultaneously. The strategy of representing multiple states 

simultaneously enables problems that typically require an iterative approach (i.e., each 

possible answer is tested sequentially) to be solved more efficiently, which has been 

demonstrated using strand displacement cascades to solve combinatorial math problems54. 

Looking forward, this strategy may have advantages for implementing biological problems 

that require a type of iterative approach, such as the decryption of gene circuits107. 
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CHAPTER 3. DIMENSIONLESS PARAMETER PREDICTS 

BACTERIAL PRODRUG SUCCESS 

The following chapter has been published in part as an original research paper: Holt BA, 

Tuttle M, Xu Y, Su M, Røise JJ, Wang X, Murthy N, Kwong GA. Dimensionless parameter 

predicts bacterial prodrug success. Mol. Sys. Bio. 2022. 

3.1 Introduction  

The rise of multidrug-resistant bacteria coupled with the lack of newly developed 

antibiotic treatment strategies has created a serious public health threat 108, 109. Antibiotic 

success is markedly improved by proper titration of drugs, as overdosing leads to off-target 

toxicity and underdosing increases the likelihood of pathogens developing resistance 110. 

However, optimal drug doses are difficult to achieve over the course of treatment because 

infection burden changes dynamically over time, creating a moving target 110, 111. Prodrugs, 

which represent ~10% of all FDA-approved drugs in the last decade 112, are a promising 

solution because they present multiple strategies for reviving existing or previously 

discarded antibiotics 113; these strategies include increasing bioavailability and solubility, 

reducing off-target effects, or targeting bacteria-specific enzymes. For example, a prodrug 

of ciprofloxacin was developed that reduced off-target toxicity while selectively targeting 

bacteria expressing ß-lactamase (i.e., a resistance enzyme that degrades ß-lactam 

antibiotics) 114. Prodrug forms of Triclosan 115, Carvacrol 116, and multiple nucleoside 

derivatives 117 were developed which increased solubility while maintaining antimicrobial 

efficacy. In this work we focus specifically on antibiotic prodrugs, a subset of prodrugs 
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that includes compounds such as ganciclovir 118 and isoniazid 119, which are administered 

as biologically inactive forms and are enzymatically activated into their parent form by the 

pathogen. 

Despite their growing importance, prodrugs are critically understudied in the 

context of potential failure mechanisms that may arise during treatment. Currently, failure 

mechanisms fall into three distinct categories ï resistance, persistence, and tolerance ï 

which are characterized by the change in drug concentration and exposure time required to 

kill bacteria. For example, resistance is characterized by genetic mutations or phenotypic 

changes which result in bacteria requiring significantly higher concentrations of antibiotic 

(minimum inhibitory concentration, MIC) to be lethal. By contrast, bacteria exhibiting 

tolerance or persistence require increased drug exposure time (minimum duration for 

killing, MDK) 120. However, prodrug activation introduces an additional reaction step; this 

two-step 121 mechanism (i.e., activation + killing) creates variability in the concentration 

and duration required for killing, which suggests that classification metrics such as MIC 

and MDK may not map directly from parent to prodrugs. Computational studies have 

shown that the prodrug activation step results in distinct differences in kinetics between 

parent and prodrug forms of the same compound 122-124. For example, agent-based 

simulations revealed that the rate of prodrug activation (i.e., catalytic efficiency, 
Ὧ

ὑ ) 

had a strong effect on the MIC of each compound 123. Further, empirical studies have found 

there to be differences in MIC between parent and prodrug forms, as well as higher variance 

in prodrug MIC across bacterial strains, relative to the parent drug 114, 125, 126.  
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 Here, we develop a mathematical model of bacteria-prodrug systems to probe 

failure mechanisms and identify a prodrug-specific metric distinct from MIC to classify 

failure. We apply our model to two in vitro systems: (1) a prodrug of a cationic 

antimicrobial peptide (AMP) polyarginine (R9) targeting DH5a E. coli and (2) a prodrug 

of trimethoprim (TMP) targeting UTI89 E. coli. The polyarginine AMP is formulated as a 

prodrug by charge complexation with anionic peptides connected by a modular protease-

cleavable linker substrate 64, 65, 127. We design the linker substrate to be cleaved by E. coli 

protease OmpT, such that increasing concentrations of bacteria activate higher 

concentrations of free AMP. The trimethoprim prodrug comprises thiomaltose conjugated 

to trimethoprim via a self-immolative disulfide linker, which releases TMP-OH upon 

cleavage by free thiols inside bacterial cells without affecting the toxicity of the drug 126. 

Free TMP-OH then kills bacteria by inhibiting tetrahydrofolic acid synthesis, which is a 

necessary cofactor for thymidine, purine, and bacterial DNA synthesis 128. 

In both prodrug systems, we observe experimental conditions where (1) bacteria 

proliferate in the presence of active drug by consistently outpacing prodrug activation at 

all stages of growth (i.e., log phase, stationary phase) as well as (2) conditions where 

bacteria are successfully treated. To create a metric that predicts the transition between 

these treatment outcomes we identify a dimensionless parameter, the Bacterial Advantage 

Heuristic (BAH).  Dimensionless parameters characterize physical systems across a wide 

range of scales (e.g., time, length, temperature, etc.); for example, the dimensionless 

Reynolds number (Re) predicts the transition from laminar (low Re) to turbulent (high Re) 

fluid flow 129. Similarly, we show that the BAH predicts the transition from successful 

treatment (low BAH) to prodrug escape (high BAH) with high accuracy (AUROC = 1.00, 
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n = 9) across a range of environmental conditions (e.g., temperatures, nutrient levels). We 

envision that such a dimensionless parameter may be useful for predicting prodrug success 

across a broad range of treatment conditions which may extend to clinical use cases. These 

quantitative insights may inform future drug design and treatment protocols for improving 

the impact of prodrugs in combatting antibiotic resistance.  

3.2 Materials and Methods 

 Protease Cleavage Assays 

All protease cleavage assays were performed with a BioTek Cytation 5 Imaging Plate 

Reader, taking fluorescent measurements at 485/528 nm (excitation/emission) for read-

outs measuring peptide substrates terminated with FITC (Fluorescein isothiocyanate). 

Kinetic measurements were taken every minute over the course of 60 ï 120 minutes at 37 

ęC. Tobacco etch virus protease (TEVp), along with its substrate and buffer was obtained 

from Anaspec, Inc. (Fremont, CA). Activity RFU measurements were normalized to time 

0 measurement, and as such represent fold change in signal. Outer Membrane Protease T 

(i.e., OmpT, Protease 7) was purchased from Lifespan Biosciences (Seattle, WA). OmpT 

fluorescent peptide substrate was custom ordered from Genscript (Piscataway, NJ). 

 Bacterial culture and cytotoxicity measurement 

DH5Ŭ Escherichia coli were a gift from Todd Sulchek's BioMEMS lab at Georgia Tech. 

E. coli were cultured in LB broth (Lennox) at 37 ęC and plated on LB agar (Lennox) plates. 

LB broth was purchased from Millipore Sigma (Burlington, MA) and LB agar was 

purchased from Invitrogen (Carlsbad, CA). AMP and locked AMP were custom ordered 
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from Genscript (Piscataway, NJ). See Table EV1 for more information. Bacteria were 

grown to a concentration of 109 CFU/mL before being used for experiments. Concentration 

was estimated by measuring the OD600 of the bacterial suspension, and assuming an OD600 

of 1.000 corresponds to a concentration of 8 x 108 CFU/mL. Bacterial cell viability was 

measured by making eight 10-fold serial dilutions, and plating three 10 µL spots on an LB 

agar plate. Plates were incubated overnight at 37 ęC, and CFUs were counted. Untreated 

bacteria CFU counts served as control for 0% cytotoxicity, and bacteria + IPA (or 0 

countable CFUs) served as control for 100% cytotoxicity.  

 Computational model 

The ODE modelling and solutions were performed in MATLAB 2020b. Code can be found 

in supplementary information and at https://github.com/brandon-holt/bacterial-advantage-

heuristic. 

 Statistical Analysis 

Statistical analysis was performed using statistical packages included in GraphPad Prism 

6. To assess the significance of increase in signal due to protease cleavage, we used a two-

way ANOVA (without repeated measures) followed by Sidak's multiple comparisons test. 

A one-way ANOVA followed by Dunnett's multiple comparisons test was used to compare 

experimental means to cells only control bacterial viability assays. Two-way ANOVA 

followed by Sidak's multiple comparisons test used to compare experimental means to 

control for bacterial cytotoxicity at multiple starting concentrations. 

3.3 Results 



 57 

 A computational model of bacteria-prodrug activation kinetics 

Models of parent drug kinetics 130-132 generally do not have feedback loops, 

meaning the drug population affects the bacterial population (i.e., bacterial death, green 

arrow), but the bacteria do not influence the drug population (Figure 3.1A). By 

comparison, models of prodrug kinetics do have a feedback loop as bacteria determine the 

growth of the drug population (i.e., activation, green arrow), which kills bacteria. We 

hypothesized that this feedback loop creates competition between the rate of prodrug 

activation and the rate of bacterial death (Figure 3.1B). Interestingly, this may enable 

possibilities where bacteria escape prodrug treatment; for example, when the activation 

rate is decreased to a near-zero value (i.e., activation, red arrow with "X"), then the rate of 

bacterial death is minimized, allowing the bacteria population to grow uncontrolled 

(Figure 3.1C). To quantitatively understand the rate-competition between bacteria and 

prodrugs, we built a mathematical compartment model using a system of nonlinear 

ordinary differential equations (ODE). In this system, the three dynamic populations were 

the Bacteria, B, the Locked drug (i.e., prodrug), L, and the Unlocked drug (i.e., parent 

drug), U, for which we formulated governing ODEs by considering the system parameters 

that affect population change over time. We modeled the bacteria population, B, as 

increasing the rate of prodrug conversion (i.e., L to U) and the unlocked drug population U 

as increasing the rate of bacterial death (Figure 3.1B). To account for the fact that bacterial 

growth rate, r, slows down as environmental resources become limiting (i.e., carrying 

capacity, Bmax), we used a logistic growth model 133, which produces an S-shaped curve 

and has been used extensively in biology to study population expansion134 and tumor 

growth 135. By contrast, we model the rate of bacterial death as proportional to the 
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concentration of unlocked drug, U, and the concentration of Bacteria, B, according to a 

proportionality-rate constant, a, which represents the bacterial death rate constant 

(Equation 3.1, Table 3.1). 

  ὶὄρ ὥὄὟ  

Equation 3.1 

To model the rate of activation of locked drugs, L, we applied Michaelis-Menten (MM) 

kinetics 136, where the rate of substrate activation is determined by the catalytic rate of the 

reaction, kcat, and the half-maximal substrate concentration, KM. Here, we modeled the 

locked drug as the substrate and the unlocked drug as the product; therefore, we modeled 

the bacteria as the enzymatic population because the bacteria convert locked drug (i.e., 

substrate) to unlocked drug (i.e., product) (Equation 3.2). To apply MM kinetics, we 

assumed our system constituted a well-mixed solution of freely diffusing substrates (i.e., 

locked drug) in large excess relative to the number of bacteria-enzymes, which were valid 

assumptions for our downstream studies since prodrugs were present at concentrations 

~102 micromolar in an aqueous environment relative to a maximum bacterial concentration 

of ~10-6 micromolar. Because the total amount of drug is conserved, we defined the MM 

activation rate of unlocked drug, U, as opposite of the degradation rate of locked drug L. 

We further included a term to account for the loss of unlocked drug according to a 

proportionality constant, b, which represents the drug decay rate constant (Equation 3.3, 

Table 3.1). 

 Ὧ ὄ   



 59 

Equation 3.2 

 Ὧ ὄ ὦὄὟ  

Equation 3.3 

We performed a linear stability analysis on this system of differential equations and found 

that there are two unique steady-state solutions. The analysis revealed that the solution that 

includes the result ὄȢȢ ὄ  is stable, whereas the other solution (i.e., ὄȢȢ π) is 

unstable (Appendix A.2). 

 

Figure 3.1 A computational model of bacteria-prodrug activation kinetics. 
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(A) Standard model of bacteria-drug kinetics (i.e., the parent drug model). (Top) General 

mass action schematic of bacteria population (blue box) versus the unlocked drug 

population (red box). The unlocked drug increases the rate of bacterial death (i.e., green 

arrow labeled "bacteria death"). (Bottom) Computational results of the parent drug model, 

plotting the living bacteria population over time. (B) Our model of bacteria-prodrug 

kinetics (i.e., the prodrug model). (Top) General mass action schematic of the locked drug 

(grey box), which is activated (green arrow labeled "activation") by the bacteria (blue box) 

and converted into the unlocked drug (red box). (Bottom) Computational results of the 

prodrug model, plotting the decay in the living bacteria population over time. (C) The 

model of prodrug escape, (Top) where the activation rate of the locked drug is lowered 

significantly (red arrow with "X"). (Bottom) Computational results of the prodrug escape 

model, plotting the growth in the number of living bacteria over time. In all plots, bacteria 

are plotted as number of cells (num., y-axis), and time is plotted in arbitrary units (a.u., x-

axis). 

 

Parameter Value Units Expanded Name 

r 0.1ð3 h-1 Bacterial growth rate 

kcat 0.7ð25e10 h-1 Enzyme catalytic turnover 

KM 10 µM Michaelis constant 

Bmax 5e5 CFU * ɛL-1 Maximum bacteria 

concentration 

a 1e-13 ɛL * h-1 Bacterial death rate constant 

b 2e-2 ɛL * h-1 Drug decay rate constant 

Table 3.1 Parameters used in DH5a + AMP prodrug model. 

Parameter symbol (first column from left), value or range of values used for each parameter 

(second column from left), parameter units (third column from left), and expanded name 

of parameter as used in manuscript text (fourth column from left) are shown in the table.  

 Predicting prodrug success with a dimensionless parameter  
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We hypothesized that the primary mechanism controlling prodrug success or escape is tied 

to the competition between bacterial growth and prodrug activation (Figure 3.1B, C). 

Therefore, we chose to focus our studies on a dimensionless parameter that represents the 

competing ratio of growth rate (r) divided by prodrug activation rate (kcat). We defined this 

dimensionless parameter as the Bacterial Advantage Heuristic (BAH) and we calculated 

the log of this quantity since bacterial quantities span across several orders of magnitude 

(Equation 3.4). 

 

ὄὃὌ ὰέὫ
ὶ

Ὧ
 

Equation 3.4 

In this form, the BAH is larger when the rate of bacterial growth (r) increases relative to 

the rate of prodrug activation (kcat); according to our hypothesis, conditions with larger 

BAH values would yield an increased probability of prodrug escape. To verify this 

computationally, we sought to determine the critical BAH value (BAHcrit) that distinguishes 

prodrug escape from prodrug success (Figure 3.2A). Using our mathematical model, we 

simulated >2500 prodrug treatment conditions covering a range of values for r (3 x 10-2ï

100 h-1), Bmax (5 x 104ï105 CFU/µL), kcat (2.5 x 109ï1011 h-1), and Km (0.747 ï 7.47 mM) 

each spanning at least an order of magnitude (Figure 3.2b). We fixed the bacteria death 

rate constant, a, and the drug decay rate constant, b, because these parameters are closely 

linked to the identity of the bacterial strain and prodrug formulation, meaning that changing 

these values would reflect an entirely different treatment scenario altogether (i.e., different 

bacteria species and/or drug). We plotted the number of surviving bacteria at various time 
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points divided by the bacterial carrying capacity of the system to normalize against 

different Bmax values. We observed that at early time points (i.e., t < 24 hours) conditions 

with smaller BAH certainly reached a final value of 0, whereas conditions with larger BAH 

resulted in a distribution between 0 and 1 (Figure 3.2CðE). However, the model showed 

that as the system moves toward steady state (i.e., t > 24 hours), conditions with high BAH 

approach a final value of 1, revealing a critical value of BAH (BAHcrit ~ -11.37) (Figure 

3.2FðH). In other words, the model predicts that for any environmental condition that 

produces a BAH > BAHcrit, the bacteria will ultimately escape the prodrug treatment, and 

for BAH < BAHcrit, the bacteria will die (i.e., prodrug success). These dimensionless 

parameters may be important for guiding the successful design and administration of 

prodrug therapies, which can be improved by optimizing fundamental pharmacokinetic 

parameters. 
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Figure 3.2 Predicting prodrug success with a dimensionless parameter. 

(A) (Top) Schematic of general mass action model of bacteria-activated prodrug therapies. 

Each arrow represents a biological process and is labeled with the system parameters 

related to that process. Solid black arrows represent growth or decay expressions, and green 

arrows represent when one population influences the growth or decay expression of another 

population (e.g., bacteria activate locked drug population). (Bottom) Schematic plot of 

predicted relationship between BAH value and final number of living bacteria (normalized 

by Bmax). Conditions where bacteria numbers reach carrying capacity (blue line) are called 

prodrug escape conditions. Conditions where bacteria numbers reach 0 (red line) are called 

prodrug success conditions. The vertical dashed line represents the critical BAH value (i.e., 

BAHcrit), the point at which the condition switches from prodrug success to prodrug escape. 

Blue ovals with grey pac-mans represent bacteria either surviving (whole), or dying 

(fragmented). (B) Legend showing the range of parameters used in the computational 

simulations. The range of each parameter is calculated by multiplying a constant base value 

(top number) with logarithmically spaced values between two powers of 10 (left and right 

values). The units are displayed below in brackets. (CðH) Scatter plots showing the 

number of bacteria surviving (No. Bacteria) at a particular time point (time point in graph 

title), normalized by the carrying capacity (Bmax) (y-axis), vs. the BAH value for that system 

(x-axis). Horizontal dashed lines represent upper and lower limits to bacteria number (i.e., 

0 = all bacteria dead, 1 = bacteria reached carrying capacity). Vertical dashed line 

represents computationally derived critical BAH value (i.e., BAHcrit) at which systems 

switch prodrug success (0) to prodrug escape (1). 

 A bacteria-activatable AMP prodrug targets E. coli protease OmpT  

To validate the predictions of our mathematical model with an in vitro bacteria-activated 

prodrug system, we synthesized a protease-activated AMP prodrug. This AMP prodrug 

comprised cationic (polyarginine, R9) antimicrobial peptides (AMP) in charge 

complexation with anionic peptide locks (polyglutamic acid, E13) by a linker peptide 

(RRS|RRV) specific for the ubiquitous bacterial protease OmpT 64, 137. Upon proteolytic 

cleavage of the linker, the hairpin prodrug is unlocked to release free AMP (Figure 3.3A). 

To measure OmpT activity, we synthesized an activity probe 12, 14, 78, 80, 81, 96, 138 with free 

linker peptides containing a fluorophore-quencher pair, which produced an increase in 

fluorescence upon proteolytic cleavage. To demonstrate linker specificity for OmpT, we 

incubated the activity probe with OmpT genetic knockout bacteria, as well as the parent 
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background strain (E. coli K-12 BW25113), and only observed activity in samples 

incubated with the parent strain (i.e., OmpT-positive) (Figure 3.3B). We also observed no 

activity in samples containing the serine protease inhibitor, Aprotinin, which inhibits 

OmpT when present in micromolar concentrations 139, confirming the linker specificity for 

OmpT (Figure 3.3C). We observed similar cleavage activity using this linker substrate 

when fully integrated into hairpin AMP drug-lock complexes, confirming that linker 

presentation within a constrained conformational state did not significantly affect cleavage 

activity by OmpT (Figure 3.3D). To measure the cytotoxicity of the unlocked drug, we 

dosed bacteria with free AMP and observed significant reduction in colonies compared to 

untreated controls (blue bars) (Figure 3.3E, F). To confirm prodrug specificity, we 

synthesized AMP drug-lock complexes using linker peptides specific for OmpT or tobacco 

etch virus (TEV) protease, which exhibits orthogonal protease specificity 140. We observed 

elimination of bacteria only in samples containing OmpT-specific AMP prodrug (grey 

bars) or samples treated with both TEV and TEV-specific AMP prodrug (red bars). All 

control samples containing either TEV-specific prodrug alone or Aprotinin inhibitor did 

not significantly reduce bacteria load (Figure 3.3E, F, Table 3.2). These results showed 

that AMP drug-lock complexes are inert and lack cytotoxic activity until activation by 

protease activity. 
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Figure 3.3 A bacteria-activatable prodrug targets E. coli protease OmpT 

(A) A cationic AMP drug (R9, white rectangle) locked by an anionic peptide lock (E13, 

black rectangle) with a protease-cleavable linker (RRS|RRV, grey u-shape) is activated by 

OmpT protease (grey pacman) activity. (B) Cleavage assay measuring the activity of 

OmpT expressed on the surface of parent strain E. coli K-12 BW25113 (OmpT-positive; 

blue bacteria with grey pac mans, top) as well as OmpT genetic knockouts (OmpT-

negative; blue bacteria with red X's). Activity is measured using an activity probe, 

comprising a linear peptide substrate (grey bar) with a fluorophore (blue/grey star) and 

quencher (black circle) on either end. (C) Cleavage assay using activity probes to measure 

the activity of recombinant OmpT (grey protease) (left) and OmpT expressed on the surface 

of E. coli bacteria (right), plotted as the blue lines on the graph. Negative control samples 

contain the inhibitor aprotinin (black triangle) or linker substrates alone (i.e., no proteases 

added), which are plotted as black and grey lines, respectively. (D) Cleavage assay 

measuring the activity of recombinant OmpT (left) or OmpT expressed on the surface of 

E. coli (right) against fluorescently labeled hairpin prodrugs (blue lines) or hairpin prodrugs 

only control (grey lines). (E) Bacteria viability assay quantifying drug toxicity relative to 

untreated bacteria control (blue bar). Positive control for AMP toxicity (black bar). 

Negative control for locked AMP or TEV protease alone (tan bars). Positive control for 

TEV protease (red pac man) with locked AMP (substrate: ENLYFQ|G, specific to TEV 

protease) (red bar). Negative control for locked AMP (substrate: RRSRRV, specific to 
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OmpT) with OmpT inhibitor, aprotinin (grey bar). Experimental condition of bacteria 

treated with locked AMP activated by natively expressed OmpT (far right bar). All values 

normalized and compared to bacteria only control via one-way ANOVA, and are plotted 

as fraction of bacteria only control (y-axis, fraction). Error bars represent standard 

deviation (n = 3ð4 biological replicates). ****P < 0.0001. (F) Representative images of 

bacterial plates used to quantify viability with schematic legend (scale bar = 4 mm). Data 

information: For all line graphs, shaded regions represent standard deviation (n = 3 

biological replicates). All cleavage assays (i.e., line graphs) plotted as fold change (FC) in 

relative fluorescence units (RFU) from initial time point. 

Name Peptide Sequence 

Locked AMP 

(linker 1) 

EEEEEEEEEEEEERRSRRVRRRRRRRRR 

Locked AMP 

(linker 2) 

EEEEEEEEEEERKTRRRRRRRRR 

Locked AMP 

(linker 3) 

EEEEEEEEENLYFQGRRRRRRRRR 

Locked AMP 

Probe 

[DABCYL] -EEEEEEEEEEEEERRSRRVRRRRRRRRR[Lys(5-FAM)]  

OmpT Probe [DABCYL] -RRSRRV-[Lys(5-FAM)] 

Table 3.2 Peptide sequences for bacteria prodrug study 

Name of peptide sample (first column from left) referenced in manuscript and amino acid 

sequence (second column from left) of corresponding sample. All uppercase letters are 

single-letter amino acid codes. All motifs in square brackets represent either a quencher 

compound (e.g., [DABCYL]) or a fluorophore compound (e.g., [Lys(5-FAM)]). Linker 1 
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is the default locked AMP peptide sequence used if not specified. OmpT Probe is used in 

all cleavage assays to measure OmpT activity. 

[DABCYL] = 4-((4-(dimethylamino)phenyl)azo)benzoic acid 

[Lys(5-FAM)] = Lysine, 5 ï Carboxyfluorescein 

 Validating the model and predicting prodrug success with an AMP Prodrug and 

DH5Ŭ E. coli 

We sought to fit our computational model to this experimental bacteria-prodrug 

system (AMP prodrug + DH5Ŭ E.coli) (Figure 3.4A) and demonstrate that the 

dimensionless parameter BAH can predict which conditions are favorable to prodrug 

success. Rather than using global parameter fitting method after the final system was tested 

(i.e., bacteria + prodrugs), we individually measured the values for each of the relevant 

parameters experimentally, including enzymatic efficiency (e.g., kcat, KM), bacterial growth 

(e.g., r, Bmax), and prodrug activity (e.g., a, b) in isolated systems (e.g., bacteria alone, 

enzymes alone, bacteria + activity-probe, etc.) (Figure 3.5, Figure 3.6, Figure 3.7, Table 

3.3, Table 3.4). This allowed us to more rigorously test the model by predicting bacteria-

prodrug response curves across nine distinct combinations of kcat and r values before 

performing the physical experiments. We experimentally controlled the nine distinct 

combinations of kcat and r values by altering the ambient temperature and concentration of 

broth (conditions labeled A1ï3, B1ï3, and C1ï3; Table 3.4). We affected the enzymatic 

activation rate of the prodrug, kcat, by changing temperature as described by the Arrhenius 

equation 141. Our model anticipated two possible steady-state outcomes to prodrug 

treatment; bacteria were predicted to be either susceptible to the prodrug and die or to 

escape prodrug treatment and proliferate to saturating levels (Figure 3.3). To 

experimentally validate this, we incubated bacteria with AMP prodrug under the defined 
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nine conditions and quantified the number of living bacteria longitudinally over the course 

of a 24-hour treatment window. Quantified bacterial counts taken during treatment closely 

matched the values predicted by our model (red and blue dots; Figure 3.4B, C, Figure 

3.8). Further, our model predicted that the dimensionless parameter, BAH, would separate 

prodrug success conditions from prodrug failure conditions. We calculated the BAH values 

for each of the nine conditions (Table 3.4) and plotted against the final bacteria number 

(normalized by Bmax), which revealed that a critical BAH (BAHcrit) clearly predicted the 

conditions where prodrug treatment was favorable (Figure 3.4D). By receiver-operating-

characteristic (ROC) analysis, BAHcrit perfectly predicted the conditions where prodrug 

treatment succeeded (AUROC = 1.00, n = 9) with 100% specificity and sensitivity. By 

comparison, the unlocked drug control (i.e., free polyarginine) successfully treated bacteria 

in all nine conditions tested (Figure 3.8). We next sought to demonstrate an experimental 

example of how the BAHcrit could be used to guide successful prodrug treatment. Our 

model results predicted that changing key system parameters to decrease the BAH below 

the critical threshold will result in successful treatment of bacteria. To demonstrate this, 

we took three different AMP prodrugs with distinct linker sequences (Table 3.3), which 

served to increase kcat values for OmpT, thereby decreasing the BAH value below BAHcrit. 

By treating the same population of bacteria with a prodrug that has a slightly faster 

activation rate, we were able to successfully treat bacteria which previously escaped 

prodrug treatment (Figure 3.9). Collectively, these experiments demonstrate that when E. 

coli are exposed to the AMP prodrug, our model can be used to predict bacterial growth 

kinetics that closely match experimental observation. Further, the BAH is a robust predictor 

of high-level outcomes (i.e., success or failure) across the treatment conditions tested. 
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Figure 3.4 Validating the model and predicting prodrug success with E. coli DH5a 

and AMP Prodrug. 

(A) Graphical representation of the activation of an AMP prodrug (black and white U-

shape) by a membrane protease (grey pac man, OmpT) on a bacteria (blue). The AMP 

prodrug first (step 1) complexes with a membrane-bound protease. The protease 

enzymatically cleaves the AMP prodrug, thereby, activating the prodrug (step 2). The freed 

AMP kills the bacteria by intercalating with the membrane causing fatal damage (step 3).  

(B) Validating the model with serial CFU measurements (red and blue dots; n = 3 biological 

replicates, error bars SEM) and ODE model simulations of nine conditions (A1ï3, B1ï3, 

C1ï3) given extracted growth rate and enzyme kinetics parameter values. Standard error 

(SE) represents the difference between model predictions and experimental observation. 

(C) Agar plates taken at endpoint plotting the resulting bacterial growth for nine 

environmental conditions (A1ïC3, scale bar = 4 mm). (D) Plotting the resulting endpoint 

bacterial growth for each of the nine conditions (plotted as number of bacteria normalized 
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by carrying capacity Bmax) versus the calculated BAH number (blue dots). This is compared 

against the values predicted by the model (black dots). The critical BAH value that 

separates prodrug success conditions from prodrug failure conditions is represented by the 

vertical dashed line (i.e., BAHcrit = -11.37). 

 

Figure 3.5 Measuring kinetic parameters for the AMP Prodrug model. 

(A) Drug dosing experiment plotting percent of bacteria surviving (CFU count divided by 

number of CFUs in no drug control) versus the concentration of the parent drug (i.e., free 

AMP, polyarginine). Experiment was taken at a short time interval (t < 10 mins) so we 

could calculate the number of bacteria and drug copies consumed in each killing reaction. 

This calculation helps us to estimate the parameters (1) bacterial death rate, a, and (2) drug 

decay rate, b for the AMP prodrug system. (B) Michaelis-Menten experiment with 

recombinant OmpT and the AMP prodrug linker substrate. At various concentrations of 

substrate, we measured the initial velocity (substrates cleaved over time) of the reaction 

(black dots). Then, we fit the Michaelis-Menten equation to these results (black line) to 

calculate the kcat and KM values for this enzyme-substrate pair. Data information: Error bars 

are plotted as standard deviation, n = 3 biological replicates.  
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Figure 3.6 Calculating bacterial growth rate and enzymatic activity in the AMP 

prodrug system. 

(A) Schematic of the simplified model that only includes bacteria and a substrate-probe, 

which was used to quantify r and kcat from bacterial cleavage assays. (B) Bacterial cleavage 

assays (blue line) where we are measuring the increase in fluorescence from the cleavage 

of the fluor-quencher substrate probe over time. Bacteria and fluor-quencher probe are 

incubated together for 12 hours. Then, we fit a simplified model to the results, which is 

plotted as the dashed line. Each panel is labeled with the environmental condition as 

described in Table EV3 and correlating with Figure 4. 

 

 

Figure 3.7 Bacterial carrying capacity measurements for all conditions in the AMP 

prodrug system. 

Extended kinetic survey of bacterial concentrations at various media conditions to 

determine effect of temperature and media concentration on this strain of DH5a E. coli. 

Each dot represents the mean bacteria concentration (n = 3 biological replicates, CFU/µL, 

y-axis, log10 axis) at a specific temperature and media concentration (see legend) over time 

(hours, x-axis). Dashed line represents the Bmax concentration used in the model (y = 5 x 

105 CFU/µL). Error bars are plotted as standard deviation. 
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Figure 3.8 Parent drug control for all conditions in AMP prodrug system. 

Parent drug (R9, polyarginine) controls for conditions testing different media conditions 

and temperatures in the AMP prodrug studies. Free peptide was incubated with bacteria 

under the appropriate conditions for 24 hours and serial CFU measurements were taken at 

0, 2, 4, and 24 hours post-incubation (red or blue dots; n = 3 biological replicates, error 

bars SEM) and ODE model simulations (red or blue dashed lines) of nine conditions (A1ï

3, B1ï3, C1ï3), Standard error (SE) represents the difference between model predictions 

and experimental observation and is displayed in the top right corner of each panel.  

Incubation Time (hours)

B
a

c
te

ri
a

 (
C

F
U

 /
 ɛ

L
 x

 1
0

3
)

0 0 0

0 0 0

0 0 0

0.6

0.6

0.6

24 24 24

24 24 24

24 24 24

A1 A2 A3

B1 B2 B3

C1 C2 C3

model data SE = Std. Error (x 103)

SE = .101 SE = .097 SE = .052

SE = .053 SE = .054 SE = .053

SE = .080 SE = .033 SE = .054



 73 

 

Figure 3.9 Manipulating the BAH by changing the linker sequence on AMP prodrugs.  

(A) Bacteria viability assay post 24 hour incubation with drug unlocked by various 

substrates. Bacterial growth (y-axis) was equal to 1 if saturating colonies were present after 

plating (i.e., biofilm), and bacterial growth = 0 if there were no colonies present (blue, 

green, red dots; n = 3). Bacterial growth rates were held constant, and therefore BAH values 

(x-axis) were calculated using the different kcat values associated with each linker. Solid 

black line represents the values predicted by the model as seen in Figure 4. (B) Bacteria 

growth kinetics (green line, red line, blue line) predicted by the model, simulating 24 hours 

for each of the three linkers. Substrate sequences: Linker 1 = RRSRRV, Linker 2 = RKTR, 

Linker 3 = ENLYFQG. 

Parameter Value Units Expanded Name 

r 0.1ð3 h-1 Bacterial growth rate 

kcat 0.7ð25e10 h-1 Enzyme catalytic turnover 

KM 10 µM Michaelis constant 

Bmax 5e5 CFU * ɛL-1 Maximum bacteria 

concentration 
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a 1e-13 ɛL * h-1 Bacterial death rate constant 

b 2e-2 ɛL * h-1 Drug decay rate constant 

Table 3.3 Parameters used in DH5a + AMP prodrug model. 

Parameter symbol (first column from left), value or range of values used for each parameter 

(second column from left), parameter units (third column from left), and expanded name 

of parameter as used in manuscript text (fourth column from left) are shown in the table.  

Condition 

Label 

Temperature LB Broth 

Concentration 

r (h-1) kcat (h-1) x 

1010 

BAH 

A1 37 ęC 0% 0.1 25 -12.39 

A2 30 ęC 2% 0.14 13.6 -11.98 

A3 37 ęC 2% 0.3 22 -11.86 

B1 37 ęC 4% 0.5 15 -11.47 

B2 37 ęC 6% 0.85 13.6 -11.20 

B3 37 ęC 20% 2.2 1 -9.65 

C1 30 ęC 20% 1.4 5.2 -10.56 
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C2 30 ęC 66% 1.6 4 -10.39 

C3 37 ęC 66% 3 6 -10.30 

Table 3.4 Additional information for experimental conditions. 

Table shows specific experimental values for each condition label (first column from left) 

in validation study for DH5a and AMP prodrug. This information includes incubation 

temperature (second column from left), the concentration of LB broth by volume (third 

column from left), growth rate, r (fourth column from left), enzyme catalytic turnover, kcat 

(fifth column from left), and the bacterial advantage heuristic, BAH (sixth column from 

left). 

 Validating the model and predicting prodrug success with TM-TMP and UTI89 E. 

coli. 

We next sought to validate our model with an orthogonal bacteria-prodrug pair, for 

which we used the strain UTI89 E. coli, which has been used in mouse models of urinary 

tract infections 142, 143, in combination with a thiomaltose (TM) conjugated prodrug of the 

common antibiotic trimethoprim (TMP) 144, 145, known as TM-TMP 126.  Conjugating 

thiomaltose to trimethoprim has been shown to increase the water solubility of TMP by 

100-fold, while being stable to serum enzymes and maintaining activity against urinary 

tract infections in mice 126. In this formulation, thiomaltose serves as a targeting ligand by 

complexing the prodrug with maltodextrin transporters, which are exclusively expressed 

by bacteria, relative to mammalian cells (Figure 3.10A, step 1) 126. Then, thiomaltose is 

conjugated to TMP via a self-immolative disulfide linker that releases TMP-OH, which is 

as active as TMP, upon disulfide cleavage by free thiols (Figure 3.10A, step 2; Figure 

3.11), resulting in the killing of bacteria (Figure 3.10A, step 3). When comparing the 
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relative bacterial toxicity of TMP (parent drug) and TM-TMP (prodrug) under one set of 

environmental conditions (i.e., 37 ęC, 75% broth), we found that the parent drug was 

significantly more efficient at killing UTI89 bacteria (Figure 3.10B; minimum inhibitory 

concentration (MIC), MICTMP = 3.2 ɛM vs. MICTM-TMP = 50 ɛM; n = 3), which closely 

matched results from a separate study126. We hypothesized that the prodrug was less 

effective because the BAH value in this experiment was above the critical threshold, 

indicating conditions favorable to prodrug escape. To test this, we calculated the BAH for 

this experiment (Figure 3.10B, BAH = -10.7) and found that it was indeed higher than the 

critical threshold (Figure 3.12, BAHcrit = -11.3), suggesting that prodrug would succeed if 

the bacterial growth rate was decreased by at least an order of magnitude. To verify this 

experimentally, we examined the same conditions (e.g., TMP vs. TM-TMP) at one drug 

concentration (10 ɛM), but decreased the broth concentration to significantly reduce the 

bacterial growth rate, r, (i.e., approximately 1.23 orders of magnitude; r75% = 1.7 s-1 vs. r0% 

= 0.1 s-1) which decreased the BAH value. We observed that by decreasing the BAH value 

below BAHcrit (i.e., BAH75% = -10.8 vs. BAH0% = -12), the efficacy of the prodrug was 

significantly increased and the parent drug (TMP) and the prodrug (TM-TMP) performed 

more similarly (Figure 3.10C). To verify this with a second experiment, we also decreased 

the BAH via changing the activation rate of the prodrug, kcat, by spiking in glutathione 

(GSH), which rapidly hydrolyzes TM-TMP 126. We found that by adding in GSH (5 mM 

GSH condition), the number of bacteria killed by TM-TMP (prodrug) was significantly 

increased, whereas the bacterial counts did not significantly change in either the TMP 

(parent drug) condition or negative control (no drug) (Figure 3.10D). These results 

demonstrated that using the BAH as a guiding parameter enabled us to predict the 
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conditions most conducive to prodrug success. Next, we sought to determine whether the 

computational model associated with the BAH (Figure 3.1) closely matched the kinetics 

of bacterial growth with this new bacteria-prodrug pair. To validate the model, we started 

by testing the bacteria population only (negative control) and then built up to the full model 

by adding in the unlocked drug and the locked drug populations in a stepwise manner (i.e., 

(1) no drug, (2) TMP = unlocked drug, and (3) TM-TMP = locked drug) (Figure 3.10E, 

top row). For each version of the model (i.e., each column), we tested both a high bacterial 

growth rate, r, (Figure 3.10E, middle row) and a low bacterial growth rate (Figure 3.10E, 

bottom row), which we controlled by changing the broth concentration. First, by measuring 

the kinetics of the bacteria population alone, we were able to measure key system 

parameters (e.g., bacterial growth rate, r, and bacterial carrying capacity, Bmax), which 

resulted in a close match between experimental and computational results (Figure 3.10E, 

left column). Just as with our earlier experiments, we measured (1) the number of bacteria 

and (2) the number of drug molecules consumed in each killing reaction to calculate the 

parameters a and b, respectively (Figure 3.13). Using these parameter values, we used the 

computational model to predict bacteria population kinetics at high and low growth rates 

when dosed with TMP (parent drug), which closely matched our experimental results 

(Figure 3.10E, middle column). Finally, both the model and the BAH value correctly 

predicted whether the TM-TMP (prodrug) would successfully treat bacteria (i.e., 

population decays over time) or whether the bacteria would escape treatment (i.e., 

population grows over time; Figure 3.10E, right column). These results confirm that our 

model matches experimental kinetics and that the BAH parameter can be used to predict 

conditions that favor prodrug success. 
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Figure 3.10 Validating the model and predicting prodrug success with TM-TMP and 

UTI89 E. coli. 

(A) Schematic of the activation mechanism for the prodrug TM-TMP with the bacteria 

UTI89 E. coli. The thiomaltose (TM, grey) subcomponent first complexes with 
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maltodextrin transporters (blue) on the surface of bacteria (tan) (step 1). The disulfide self-

immolative linkage connecting TM to trimethoprim (TMP, red) is cleaved by thiols, 

releasing free TMP-OH and thus activating the drug (step 2). Free TMP-OH kills the 

bacteria (step 3). (B) Measuring the toxicity of free TMP (red) and prodrug TM-TMP 

(grey) against UTI89, when compared to no treatment (blue). A range of drug 

concentrations are incubated with bacteria and the final concentration of living bacteria is 

measured (n = 3 biological replicates; bar height = mean, error bars = standard deviation; 

one-way ANOVA + Dunnettôs multiple comparisons test). (C) Measuring the number of 

surviving bacteria under different growth conditions (i.e., high, 75%, or low, 0%, broth 

concentration). Bacteria plus no drug (blue), free drug (i.e., TMP, red) and prodrug (i.e., 

TM-TMP, grey) are incubated in 0% broth (i.e., PBS) or 75% broth (n = 3 biological 

replicates; bar height = mean, error bars = standard deviation; one-way ANOVA + Tukeyôs 

multiple comparisons test). (D) Measuring the number of surviving bacteria under different 

drug activation rates (i.e., presence or absence of glutathione, GSH). Bacteria plus no drug 

(blue), free drug (i.e., TMP, red) and prodrug (i.e., TM-TMP, grey) are incubated with no 

GSH, or 5 mM GSH, which increases the activation rate of the prodrug. (E) Plotting 

longitudinal measurements of living bacteria over time under different drug treatment 

conditions. Each column represents the drug treatment (no drug = blue, TMP = red, and 

TM-TMP = grey), as labeled in the title. Each row represents the environmental condition 

affecting growth rate (top row, low growth rate = 0% broth; bottom row, high growth rate 

= 75% broth). Each plot shows the concentration of bacteria (CFU/mL) over time. Circles 

with error bars (standard deviation) are experimental measurements (n = 3 biological 

replicates) and dashed lines are predicted by the computational model. Data information: 

All conditions in (c) and (d) are compared using one-way ANOVA with multiple 

comparisons test. All comparisons are made in reference to the bacteria only control (blue 

bars) **P < 0.01, ***P < 0.001, and ****P < 0.0001. 

 

Figure 3.11 Proposed cleavage of TM-TMP in the presence of exogenous thiols. 

Schematic adapted from Wang et. al. Bioconjug Chem, 2018. TM-TMP is inactive 

(prodrug) when conjugated, but TMP-OH (active drug) is released upon cleavage by thiols.  



 80 

 

Figure 3.12 Predicting the BAH value for the model TM-TMP system. 

Computational simulation results of the TM-TMP system. Each panel represents 

simulation results from >2500 iterations, where kcat, KM, r, and Bmax were varied (blue dots). 

Each panel represents the results after a certain amount of simulated time (Title: time = x 

hours). For each simulation (blue dot), a BAH  (x-axis) was calculated using kcat and r, and 

an outcome was plotted as the number of bacteria divided by Bmax (y-axis). The horizontal 

dashed lines at y = 0 and y = 1 represent the upper and lower limits, and the vertical dashed 

line represents the estimated BAHcrit. 
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Figure 3.13 Measuring kinetic parameters for the TM-TMP Prodrug model. 

Drug dosing experiment plotting the quantity of bacteria surviving after treatment (plotted 

as CFU, y-axis) versus the concentration of the parent drug (i.e., TMP; x-axis). Experiment 

was taken at short time interval (t < 10 mins) so we could calculate the number of bacteria 

and drug copies consumed in each killing reaction. This calculation helps us to estimate 

the parameters (1) bacterial death rate, a, and (2) drug decay rate, b for the TM-TMP 

prodrug system. (n = 3 biological replicates). 
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Figure 3.14 Simulating the dependence of BAHcrit on a and b. 

Using the computational model, we generated 5 linearly spaced values for parameter a 

between 5 x 10-15 µL/h and 5 x 10-11 µL/h and for parameter b between 5 x 10-5 µL/h and 

5 x 10-1 µL/h. For all permutations of these values for a and b, we calculated the BAHcrit 

value by varying all other system parameters (e.g., r, Bmax, kcat, KM) and finding the point 

at which the steady state switches from 0 to Bmax. We then plotted the base-10 log of the 

ratio between a and b (x-axis) against the BAHcrit (y-axis) for each iteration. 
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Figure 3.15 Evaluating the predictive power of a modified BAH 

Simulated experiments comparing the predictive power of the default BAH (top six plots) 

against a modified BAH (bottom six plots). Bacterial growth rate, enzymatic turnover rate, 

Michaelis constant, bacterial death rate constant, and the drug decay rate were varied over 

a finite range (two orders of magnitude). Final bacterial population numbers (y-axis, 
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normalized by carrying capacity) generated by individual simulations using all 

permutations of the variables are plotted against the respective BAH values (x-axis). The 

top six plots are the results from the simulations using the default BAH, and the bottom six 

plots are from the simulations using the modified BAH. The title of each individual plot 

denotes the time (in hours) at which the values were recorded. 

 

Parameter Value Units Expanded Name 

r 0.1ð0.7 h-1 Bacterial growth rate 

kcat 1e11 h-1 Enzyme catalytic turnover 

KM 16 µM Michaelis constant 

Bmax 1.5e9 CFU * mL-1 Max bacteria concentration in 

tube 

a 3e-16 mL * h-1 Bacterial death rate constant 

b 1e-5 mL * h-1 Drug decay rate constant 

Table 3.5 Parameters used in UTI89 + TM-TMP prodrug model. 

Parameter symbol (first column from left), value or range of values used for each parameter 

(second column from left), parameter units (third column from left), and expanded name 

of parameter as used in manuscript text (fourth column from left) are shown in the table.  
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3.4 Discussion 

The advantages of prodrugs (e.g., increased solubility, pathogen targeting, etc.) are 

becoming more widely recognized in contemporary drug design 146. While there have been 

many studies on bacterial resistance strategies that affect traditional antibiotics (i.e., parent 

drug), comparatively little attention has been given to studying success/failure conditions 

specific to prodrugs. To study success and failure conditions in prodrugs, we developed a 

mathematical model of the competition between bacterial growth and prodrug activation 

rates. We found that our general model fit the experimental observations from both in vitro 

prodrug-bacteria systems well, while only modifying parameter values between systems. 

However, future work may improve the model by testing systems with distinct structures 

such as multi-step activation mechanisms, multiple bacterial phenotypes, or dynamic 

parameter values. While this work held parameters a and b constant within each system 

(Table 3.3, Table 3.5), the model predictions could be further improved by measuring 

these constants under all environmental conditions. Further, subsequent iterations may also 

incorporate different models for drug killing (e.g., Emax) 147 or bacterial growth 148. 

From our model, we derived a dimensionless parameter, BAH, that predicted the 

transition between prodrug escape and successful treatment. We found that these prodrugs 

failed in conditions where bacterial growth outpaced the rate of prodrug activation, as 

predicted by our computational results. This feedback (i.e., feedback loop; Figure 3.1B) 

between bacterial density and drug concentration is similar to the feedback between 

bacterial density and antibiotics in the inoculum effect 149, or the feedback between drug-

insensitive cells and drug-sensitive cells in multi-drug adaptive therapies for cancer 150. We 

demonstrated that both environmental (e.g., temperature, available nutrients) and 
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pharmacokinetic (e.g., activation rate kcat) parameters can be tuned to engineer successful 

prodrug therapies. These findings may reveal opportunities for improvement in prodrug 

design; for example, this information could be leveraged to improve the efficacy of existing 

prodrugs by tuning the rate of prodrug decay (i.e., biological half-life), which influences 

the BAHcrit transition value (Figure 3.14). Alternatively, the catalytic efficiency of the 

prodrug substrate could be tuned to increase the probability of success, which has been 

previously demonstrated by engineering prodrug substrates with higher affinity for the 

enzymatic target 151, 152. Importantly, the BAH provides a quantitative target for such design 

modifications and is specific to the nature of prodrugs. 

By comparison, previous studies which focused solely on bacterial resistance to the 

parent form of antibiotics yielded parameters that may not apply to prodrug forms. For 

example, the minimum inhibitory concentration (MIC) is commonly used as a parameter 

for resistance 120, yet the MIC of the parent and pro-forms of the same drug can differ, as 

seen with both model prodrugs used in this study as well as others from the literature 114, 

125, 126. Using existing MIC classifications, these prodrugs could have been labeled 

ineffective yet our experiments showed that different environmental conditions or, in the 

case of AMP prodrugs, linker sequences, may result in success. One possible reason for 

the discrepancy in MIC in our studies is that there are kinetic parameters (e.g., drug 

activation rate) which do not apply to the parent drug, but are key driving factors in 

determining the outcome of prodrug treatment. Future iterations of this work and the BAH 

may result in a standardized quantitative design criteria that is specific to prodrugs. This is 

supported by the fact that even with non-prodrugs, metrics such as the single-cell MIC 153 
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and others based on bacterial temporal dynamics 154 have been developed for predicting 

treatment outcomes where MIC fails. 

Dimensionless parameters like the BAH are commonly used in engineering to create 

metrics that are consistent across unit-systems (e.g., metric vs. imperial) and scales (i.e., 

the relative size of the variables). In the AMP prodrug system, we found that the transition 

between prodrug escape and successful treatment occurred sharply at one value (i.e., 

BAHcrit = -11.3). By comparison, in the TM-TMP system this transition occurred across a 

range of values (i.e., -11.5 < BAHcrit < -11.1), which mirrors the example of pipe flow 

where the transition from laminar to turbulent flow occurs across a range of Reynolds 

numbers (i.e., 2300 < Re < 4000). Interestingly, both the BAHcrit values (-11.3 vs. -11.5 to 

-11.1) and the ratios of a to b (.5 x 10-11 vs. 3 x 10-11; Table 3.3, Table 3.5) were similar 

between systems, which is consistent with our simulations predicting the dependence of 

the BAHcrit value on the ratio a to b (Figure 3.14). Further, dimensionless parameters 

measured in model systems can be used to make predictions about scaled-up versions of 

the same system (i.e., similitude). Analogously, future work may show that the BAH could 

be used to predict which prodrugs are most likely to succeed in clinical settings based on 

smaller-scale preliminary studies. 

Future iterations of the BAH may improve the predictive power of this class of 

dimensionless parameters. For example, this can be achieved by incorporating more 

variables from the bacteria-prodrug system into the dimensionless number. We 

demonstrated that a modified BAH which includes two additional parameters (i.e., a and 

b) had increased predictive power when compared against the default BAH used in this 

work with a series of simulations (Figure 3.15). However, incorporating additional 
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parameters in the BAH comes at the cost of requiring more measurements and tests in a 

translational setting.  

In clinical settings, prodrug failure could potentially be caused by environmental 

perturbations (e.g., temperature, pH, etc.) as demonstrated in this work, or by genetic 

mutations that affect pathogen growth rates 155 or enzymatic activity 156, 157. We predict that 

mutations affecting the prodrug-activating enzyme (i.e., kcat) are the more likely cause of 

prodrug failure because these mutations are localized to one protein, rather than a cascade 

of events as in the case of growth rate (r) 155. Based on protein expression numbers alone 

158 the range of effective kcat values is at least one to two orders of magnitude higher on 

average than the range of potential growth rate values 159, 160, which means mutations 

affecting enzyme activity can have a larger impact on the BAH value. Further, there are 

multiple examples of clinical prodrugs with known bacterial resistance mechanisms linked 

to enzyme mutations. For example, the nitroimidazole class of antibiotics (e.g., 

metronidazole, dimetridazole, tinidazole, etc.), which is used to treat anaerobic bacteria 

(e.g., Enterococcus species, Clostridium species, Helicobacter pylori, etc.) represent 

prodrugs that are activated by bacterial reductases 161. Genetic studies have revealed that 

bacterial resistance to nitroimidazole antibiotics is caused by either partial or complete 

reduction in expression of genes (e.g., rdxA, frxA, etc.) encoding the reductases that 

activate the prodrug 162-164. As another example, the major cause of resistance to nitrofuran 

prodrugs are mutations to nfsA and nfsB, which are the enzymes responsible for activating 

the nitrofuran compound 165. 

Here, we quantitatively studied the driving parameters that predict the transition 

between prodrug escape and successful treatment. We envision that this body of work will 
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improve the process of prodrug development by providing a quantitative metric for 

predicting success, ultimately helping to reduce the burden of antibiotic failure. 
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CHAPTER 4. DECONVOLVING MULTIPLEXED PROTEASE 

SIGNATURES WITH SUBSTRATE REDUCTION AND 

ACTIVITY CLUSTERING  

The following chapter has been published in part as an original research paper: Zhuang Q*, 

Holt BA*, Kwong GA**, Qiu P** (*,** = these authors contributed equally to this work). 

Deconvolving multiplexed protease signatures with substrate reduction and activity 

clustering. PLoS Comp. Bio. 15 (9), e1006909. 2019. 

4.1 Introduction  

Proteases are multifunctional enzymes that hydrolyze peptide bonds and are 

responsible for maintaining health in processes ranging from immunity to blood 

homeostasis, but are also drivers of diseases, including cancer and sepsis 3, 4, 91, 166-172. The 

ability to quantify the activity of proteases ï of which there are >550 ï in humans on a 

larger scale may provide valuable biological information, leading to improved diagnostic 

and therapeutic technologies. While Next Generation Sequencing technologies provide the 

ability to rapidly assess mRNA transcript levels of proteases, previous studies have shown 

a lack of correlation between expression and enzyme activity 173-175. For this reason, 

countless platforms have been developed to sense and modulate protease activity both in 

vivo and in vitro, with the potential to extract useful physiological information 3, 12, 36, 40, 63, 

77-79, 81, 176-183. However, to completely resolve an individual's protease landscape (i.e., >550 

proteases) with current technology would require a library of equal size, assuming all 

substrates are orthogonal (i.e., each protease hydrolyzes a unique substrate), which is 
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impractical at this scale (i.e., on the order of 102). Further, current activity probes require 

experimental knowledge of protease-substrate specificity 184, which is difficult to 

completely map out because proteases are promiscuous 4, which means one protease is 

capable of hydrolyzing multiple different substrate sequences. Therefore, independent 

protease signatures become convolved when attempting to detect multiple proteases 

simultaneously, making it difficult to quantify the relative activity of each protease 80. 

Previous studies have successfully developed computational algorithms to parse these 

signatures 27, but these methods may become complicated when applied to proteases with 

similar signatures in terms of their activities against substrates. 

Here, to create a means for deconvolving protease signatures we develop a method, 

which requires limited prior knowledge of protease-substrate specificity. We demonstrate 

this method on a subset of blood proteases, including complement (e.g., C1r, MASP2, 

Factor D, etc.) and coagulation (e.g., Factor IIa, XIa, etc.) proteases, which display a high-

degree of promiscuity and are involved in a range of hematological and immune disorders 

(i.e., clotting disorders, complement deficiencies, etc.) 185, 186. To overcome the challenge 

of scaling to larger numbers of proteases, we use this method to improve experimental 

design by reducing the size of the substrate library. Furthermore, we cluster proteases with 

similar substrate activities into families, while maintaining high estimation accuracy. 

Under this framework, we lay the groundwork for understanding multiplexed protease-

substrate signatures on a large scale, which may enable the future use of Massively 

Multiplexed Activity (MMA) libraries. 

4.2 Materials and Methods  
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To improve experimental design for deconvolving protease composition of protease 

mixtures, we developed pipelines for estimating kinetic parameters from real experimental 

data, and simulating in silico experimental data. In this Method section, we introduce the 

individual components of the pipeline (Methods 4.2.2-4.2.5). We then apply the pipeline 

to optimize the selection of substrates and cluster proteases into families (Method 4.2.6). 

The overall strategy for the deconvolution analysis consists of two optimization 

steps.  The first step consists of learning the cleavage dynamics of every combination of 

one protease and one substrate by optimizing kinetic parameters for a modified Michaelis-

Menten model 136, 187 (see details in Methods 4.2.2.2 and 4.2.4.1). We then apply the 

kinetic parameters learned in the first step to estimate the mixing coefficients, which 

represent the individual concentrations of proteases in a mixture (see details in Method 

4.2.4.2). In the case where a sufficient number of substrates are measured to deconvolve 

all individual proteases in a mixture, we screen for the optimal subset of substrates in order 

to reduce the required number of substrates. When highly correlated proteases exist in the 

mixture, which would require an impractically large number of substrates for 

deconvolution, we cluster the proteases into families via hierarchical clustering to enable 

deconvolution based on a reasonable number of substrates and achieve a higher accuracy 

at a lower resolution (Method 4.2.6).  

 Recombinant Protease Activity Assay 

We tested a total of seven recombinant proteases in the activity assays. Complement 

proteases C1r (purity >90%), C1s (purity >95%), Complement Factor D (purity >90%), 

and Complement Factor I (purity >90%) were purchased from Sigma Aldrich. Complement 
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protease MASP2 (purity >97%) was purchased from Biomatik. Coagulation proteases 

Factor IIa (purity >95%) and Factor XIa (purity >95%) were purchased from Haematologic 

Technologies. Initially, twenty peptide substrate sequences were curated from the 

literature, which represented discoveries from phage display screens as well as sequencing 

of physiological substrates 188-191. We performed an initial screen with complement 

proteases which cleave after an arginine residue to identify the seven sequences used in 

these experiments (Section 4.2.7, Figure 4.1). To obtain the recombinant protease activity 

data, we first conjugated seven different c-terminus cysteine synthetic peptide substrates 

to amine functionalized 2 ɛm magnetic microparticles with SIA (i.e., succinimidyl 

iodoacetate), an amine-thiol crosslinker. The n-terminus of the peptides each contains one 

of seven unique glu-fib mass barcodes (Table 4.1). We then incubated a cocktail of these 

seven substrates (> 50 nM) with each of the seven recombinant proteases individually at 

37°C on a spinner in PBS. At various time points between 0 and 400 minutes, we used a 

magnetic separator to remove the microparticles from the supernatant, which contained the 

hydrolyzed substrates plus mass barcodes. To provide a unique mass encoding for each of 

the seven substrates, we produced a family of mass reporters from Glu-fib with an isobaric 

mass-encoding strategy 192, 193. By this method, all mass tags share the same parent mass 

so that peptides can be efficiently collected (i.e., MS-1) during tandem mass spectrometry 

(MS/MS), but can be differentiated after ion fragmentation (i.e., MS-2). Due to the fact 

that Glu-fib fragments into C-terminal y-type ions, we made mass codes centered on the 

y6 ion (i.e., GFFSAR). For each of the mass barcodes, we enriched the GFFSAR region 

with heavy amino acids, which resulted in sequences that varied by 1 Da each. To cancel 

out the resulting mass shifts, we balanced the remaining region (i.e., EGVNDNEE) by 
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isotope enrichment. Mass spectrometry was performed by Syneos Health (Morrisville, NC) 

to quantify the amount of cleaved substrate at each time point. To summarize this method, 

100 ɛL of sample volume and 25 ɛL of internal standard solution were UV-treated for 2 

hours, using a UVP Analytik Jena UV Crosslinker CL-1000 oven.  Sample cleanup was 

achieved using Mixed-mode anion exchange solid phase extraction.  Chromatographic 

separation was achieved using a Waters XBridge C18 column, with the mobile phase 

composed of 0.1% formic acid in water and acetonitrile/trifluoroethanol.  A gradient of 5% 

to 60% organic content at 0.6 mL/min over 3 minutes was employed. Analytes were 

analyzed using an AB Sciex 6500+ triple quadrupole mass spectrometer monitoring in 

MRM mode with an electrospray source set to positive ion mode.  The total instrument run 

time was 5 minutes.  
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Figure 4.1. Heatmap of protease-substrate activity assay for 20 candidate peptide 

sequences and 5 recombinant complement proteases.  

Proteases in bold/italic were the sequences chosen to be used for the main activity studies 

in the manuscript.  

 

Substrate 

Name 

Peptide sequence (N terminus 

on left)* 

Modifications**  

CC01 

e(*aa)(*aa)ndneeGFFsAr(ANP)K(5-

FAM)GGLQRIYKC 1st *aa= Gly(13C2); 2nd *aa=Val(U13C5,15N) 
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CC02 

eG(*aa)ndneeGF(*aa)s(*aa)r(ANP)K(5-

FAM)GGKSVARTLLVKC 1st *aa= Val(U13C5,15N); 2nd *aa=Phe(15N); 3rd *aa=Ala(15N) 

CC03 

e(*aa)(*aa)ndneeGFFs(*aa)r(ANP)K(5-

FAM)GGQRQRIIGGC 

1st *aa= Gly(U13C2,15N); 2nd *aa=Val(15N); 3rd *aa=Ala 

(U13C3,15N) 

CC04 

e(*aa)Vndnee(*aa)FFs(*aa)r(ANP)K(5-

FAM)GGKYLGRSYKVC 1st *aa= Gly(13C2); 2nd *aa=Gly(13C2); 3rd *aa=Ala(U13C3,15N) 

CC05 

eGVndnee(*aa)(*aa)Fs(*aa)r(ANP)K(5-

FAM)GGGLQRALEIC 

1st *aa=Gly(U13C2,15N); 2nd *aa=Phe(15N); 3rd 

*aa=Ala(U13C3,15N) 

CC06 

e(*aa)(*aa)ndnee(*aa)(*aa)(*aa)s(*aa)r(ANP)K(5-

FAM)GGKTTGGRIYGGC 

1st *aa=Gly(13C2); 2nd *aa=Val(U13C5,15N); 3rd 

*aa=Gly(U13C2,15N); 4th *aa=Phe(15N); 5th *aa=Phe(15N); 6th 

*aa=Ala(15N); still include ANP and K5-FAM 

CC07 

eG(*aa)ndnee(*aa)(*aa)Fs(*aa)r(ANP)K(5-

FAM)GGQARGGSC 

1st *aa=Val(U13C5,15N); 2nd *aa=Gly(U13C2,15N); 3rd 

*aa=Phe(15N); 4th *aa=Ala(U13C3,15N) 

Table 4.1. Mass-barcoded peptide substrate sequences 

Table describing the sequences of the mass-barcoded peptide substrates along with their 

chemical modifications. ANP was used as a photocleavable linker to enable rapid 

detachment from the microparticles. 5-FAM was used for rapid quantification via 

fluorescence. Isotope enrichment modifications were used to distinguish mass barcodes for 

quantification with mass spectrometry. 

*ANP = Photocleavable linker 3-Amino-3-(2-nitrophenyl)propionic acid 

*5-FAM = 5 - Carboxyfluorescein 

**Modifications represent heavy amino acids (i.e., isotope enrichment) 

 Cleavage dynamics approximation model 

4.2.2.1 Michaelis-Menten kinetics as the approximation of cleavage dynamics 
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‌ὠ    

   Equation 4.1 

[S]: the remaining amount uncleaved substrate, [S]  ɴ[0,1], [S]t=0= 1 

V: the maximal rate of the reaction at the saturating substrate 

concentration 

K: the substrate concentration when the reaction rate reaches half of V 

n: the order of reaction 

[Ŭ]: concentration of a protease  

We use the Michaelis-Menten kinetics as the base model to approximate the cleavage 

dynamics 136, 187. We add the mixing coefficient [Ŭ] (i.e., the concentration of a protease) 

is added to the original Michaelis-Menten model. On the left-hand side (LHS) of Equation 

4.1, d[S]/dt represents the rate of change of the remaining uncleaved substrate.  At t=0, 

d[S]/dt is negative, which means that the substrate is being cleaved and [S] will decrease. 

As [S] decreases, the cleaving process slows down until [S] arrives at 0, where the reaction 

stops due to the depletion of the uncleaved substrates. However, in real experimental data, 

we noticed persistent non-zero saturation levels of uncleaved substrates, which motivated 

a modification of the model by adding a saturation term ɓ (see details in Method 4.2.2.2). 

4.2.2.2 Modified Michaelis-Menten kinetics with saturation 
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Equation 4.2 is the modified Michaelis-Menten model for approximating the changing 

rate of one uncleaved substrate species when reacting with one protease. ɓ is the saturation 

term representing the concentration of uncleaved substrate at which the reaction stops 

(when S = ɓ, the RHS becomes 0). In subsequent discussions, we refer to V, K, n, and ɓ as 

kinetic parameters, and [Ŭ] as the concentration mixing coefficient. 

ὨὛ

Ὠὸ
‌ὠ

Ὓ ‍

Ὓ ‍ ὑ
 

[S]  ɴ[ɓ,1], [S]t=0= 1. 

ɓ  ɴ[0,1] 

Equation 4.2 

To generalize Equation 4.2 for modeling the dynamics of substrate cleavage by mixtures 

of proteases, subscripts Ὥ and Ὦ are introduced in Equation 4.3, which models the changing 

rate of the uncleaved substrates when reacting with multiple proteases. 

ὨὛ

Ὠὸ
‌ὠ

Ὓ ‍ὭὮ

Ὓ ὑ
  

[Si], i = 1, 2, 3, é, M 

[Ŭj], j = 1, 2, 3, é, N,  ᶅj: [Ŭj] >= 0 

Equation 4.3 

[Si] is the amount of uncleaved substrates of the Ὥ  substrate in the substrate library. [Ŭj] 

is the concentration of Ὦ  protease in the mixture. Let ὓ be the number of substrates and 

ὔ be the number of proteases. Equation 4.3 assumes that no synergistic or antagonistic 
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effect is involved among various proteases within the protease mixture when cleaving 

substrates.  

 

 Simulating in silico experiments 

4.2.3.1 Simulating single-protease-single-substrate data 

Given [S]t=0 = 1, [Ŭ] = 1, and a set of specific kinetic parameter values (V, K, n, ɓ), the 

amount of remaining uncleaved substrate [S]t=tz at a specific time t = tz can be calculated 

by numerically solving Equation 4.2. The kinetic parameter values are either randomly 

generated or estimated from real experimental data under single-protease-single-substrate 

setting (Method 2.4.1). Let ὗ be the number of measurement time points, t = tz (z = 1, 2, 

é, Q). This simulation generates a ὗ ρ data vector representing the simulated amounts 

of the uncleaved substrate at ὗ time points for the single-protease-single-substrate 

scenario.  

4.2.3.2 Simulating data with multiple proteases  

Given a library of ὓ-substrates and a mixture of  ὔ-proteases, coefficient [Ŭj] as the 

concentration of Ὦ  protease in the mixture, and (Vij, Kij, nij, ɓij) as kinetic parameters for 

the reaction between the Ὥ  substrate and the Ὦ  protease, the amount of remaining 

uncleaved Ὥ  substrate [Si]t= tz at a specific time t = tz can be calculated by numerically 

integrating Equation 4.3. The values of the kinetic parameters and mixing coefficients are 

either randomly generated or estimated from real experimental data (Method 4.2.4.2). This 

simulation generates an ὓ ὗ matrix as the simulated data.  



 100 

 Estimating kinetic parameters and mixing coefficients  

4.2.4.1 Estimating kinetic parameters in the single-protease-single-substrate setting 

For each single-protease-single-substrate combination, we measure/simulate reaction 

products at Q time points after reaction starts, resulting in a data vector Y with dimension 

ὗ ρ. In addition to simulated in silico experiments (Method 4.2.3.1), Y can also be 

collected from real experiments under the single-protease-single-substrate setting. The 

problem of estimating the kinetic parameters can be formulated as the following 

optimization problem:   

minimize
ȟȟȟ

В ώ ρ ᷿ ὠ Ὠὸ    

Equation 4.4 

Using the ñactive-setò algorithm 194-196, this optimization problem leads to one set of kinetic 

parameters that can best fit the data Y of the specific protease-substrate combination 

(details see Section 4.2.8). For a collection of single-protease-single-substrate settings of 

ὓ substrates and ὔ proteases, optimization is performed for each of the ὓ ὔ 

combinations, resulting in kinetic parameter matrices (V, K, n, ɓ), each of which has a 

dimension of ὓ ὔ. 

4.2.4.2 Estimating mixing coefficients with multiple proteases 

Once kinetic parameters for all single-protease-single-substrate combinations have been 

estimated, we move to estimate the mixing coefficients of proteases in a protease mixture.  

Let ὓ be the number of substrates, ὔ be the number of proteases in the mixture, and ὗ be 
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the number of measurement times for the reaction between each substrate and the mixture. 

The problem of estimating the mixing coefficients can be formulated into an optimization 

problem as follows: 

minimize
ȟȣ

ώȟ ρ ‌ὠ
Ὓ ‍

Ὓ ‍ ὑ
Ὠὸ  

[Si], i = 1, 2, 3, é, M 

[Ŭj], j = 1, 2, 3, é, N,  ᶅj: [Ŭj] >= 0 

Equation 4.5 

Y is an ὓ ὗ data matrix either generated from in silico simulation (Method 4.2.3.2) or 

collected from real experiment under the multi-proteases setting. This optimization 

problem, solved by ñactive-setò algorithm 194-196, generates estimations of the mixing 

coefficients of proteases in the mixture (details see Section 4.2.8). 

 Quantifying estimation accuracy via Root-Mean-Square Error (RMSE)  

Once estimated mixing coefficients of a protease mixture have been obtained, the 

estimation accuracy is evaluated by the root-mean-square error (RMSE) metric. This 

metric is commonly used in machine learning to quantify accuracy for regression analysis 

197. An example of quantifying estimation error using RMSE is in Table 4.2.  
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Table 4.2. Example quantifying estimation error using RMSE 

The first row is true Ŭ in P mixtures, of which each has N proteases. The second row is 

estimated Ŭ. The RMSEs for individual proteases (R1, é, RN) are calculated in the third 

row, and the overall RMSE will be the average of all individual RMSEs.  In the simulation 

setting, P is the number of repetitions we applied. The repetition time is P = 200.  

 Evaluating deconvolution performance and optimizing substrate selection 

Given the kinetic parameter values of the reactions between a set of proteases and a set of 

substrates, we would like to evaluate whether we can accurately deconvolve mixtures of 

the proteases by measuring their cleaving activities against the substrates. We first 

simulate the in silico experimental data corresponding to the single-protease-single-

substrate scenario (Equation 4.2) and simulate the in silico experimental data for protease 

mixtures reacting with multiple substrates (Equation 4.3). We then estimate the kinetic 

parameter values based on the simulated single-protease-single-substrate data (Equation 

4.4). Finally, we estimate the mixing coefficients based on the estimated kinetic 
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parameters and the simulated experimental data for protease mixtures reacting with 

multiple substrates (Equation 4.5) and evaluate the deconvolution accuracy using RMSE. 

In this analysis pipeline, we choose to estimate the single-protease-single-substrate kinetic 

parameters because the true kinetic parameter values are often unavailable in practice. 

Using this pipeline, we can evaluate the expected deconvolution performance for a given 

set of proteases using a given set of substrates and then derive optimal experimental 

designs for choosing the most suitable substrates for deconvolving the protease mixtures.  

 Screening for Protease Substrates 

As mentioned in Method 4.2.1, we originally screened 20 candidate peptide substrates for 

proteases that cleave after an arginine residue. These substrates were found in the literature, 

either in the context of phage display studies or studies of the proteases' physiological 

substrate 188-191. For example, the sequences LQRIYKC and HRGRTLEIC were identified 

with phage display screens, whereas RALERGLQDC, GLQRALEIC, and SSTGRNGFKC 

were identified from the physiological substrate, complement protease C4. Additionally, 

the sequence KSVARTLLVKC was identified from the physiological C1 inhibitor and 

QRQRIIGGC was identified by analyzing the mechanism of C1r autocatalysis. Sequences 

LPSRSSKIC, HRGRTLEIC, and STGRNGFKC were identified from C3 and C4b 

precursor target substrates and QQKRKIVLC is a physiological substrate present on Factor 

B 188-191. The proteases tested include 5 of the complement proteases used in later activity 

assays. The sequences were modified on the N-terminus with the fluorophore 5-FAM, and 

synthesized with a c-terminal cysteine to be conjugated to amine-modified iron oxide 

nanoparticles by SIA (i.e., succinimidyl iodoacetate) reaction for efficient fluorophore self-

quenching. Upon proteolytic hydrolysis, the fluorophore was released and an increase in 
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signal was observed (i.e., fold-change in relative fluorescence units, FC RFU). All samples 

were incubated with a peptide concentration of 2 ɛ M and incubated at 37°C for 60 minutes. 

From these sequences, we chose 7 substrate sequences that in total would be hydrolyzed 

well by all candidate proteases (Figure 4.1). 

 Numerically optimizing parameter choices  

As mentioned in Method 4.2.4, the problem of estimating the kinetic parameters and 

mixing coefficients were formulated as optimization problems (4) and (5). We numerically 

solved these optimization problems using the nonlinear programming solver fmincon 194-

196 in Matlab. Two of the parameters required by fmincon are worth mentioning here. The 

first one was the optimization algorithm applied (where we chose ñactive-setò algorithm), 

and the second one was the set of upper/lower bounds for the optimization variables (i.e. 

kinetic parameters, saturation levels, and mixing coefficients here). 

4.2.8.1 Choice of optimization algorithm 

During our initial explorations in this study, we evaluated multiple well-established 

optimization algorithms, including active-set, interior-point and levenberg-marquardt. 

Although these algorithms use different optimization strategies (i.e., how to handle the 

parameter update directions, constraints and stopping criteria), their performance were 

highly similar. They all performed poorly in challenging cases (e.g. Figure 4.11a, c; 

Figure 4.12a), and achieved satisfactory performance in relatively easy cases (e.g. Figure 

4.11b, d; Figure 4.12b). We chose to present the results based on the ñactive-setò 

algorithm because it converged slightly faster than the other two algorithms in our 

optimization problems.   
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4.2.8.2 Upper/lower bounds for the optimization variables 

When estimating the kinetic parameters V, K, n, ɓ here from the single-protease-single-

substrate data, the kinetic variables V, K, were bounded in the range [e-10, e10], the kinetic 

order n was bounded in [1, e10], and the saturation level ɓ was bounded in the range [e-10, 

1]. These bounds were chosen because of the variables physical meanings: all kinetic 

parameters should be non-negative, and the saturation level is between 0 and 1. When 

estimating the mixing coefficients, the values for the mixing coefficients Ŭ were bounded 

in the range of [e-10, e5]. This was a generous range that allowed the algorithm to estimate 

mixtures that contained high concentrations of proteases. We used these upper/lower 

bounds in all the simulations and analyses presented in this study.  

4.3 Results 

 Recombinant Protease Substrate Specificity 

To obtain kinetic protease activity data we incubated 7 serum proteases from the 

complement and coagulation cascades with 7 protease substrates (Figure 4.2). These 

results showed that while each protease hydrolyzed the library of probes with different 

velocities, each signature was not necessarily linearly independent. Interestingly, certain 

proteases that showed similar activity toward the panel of substrates are involved in 

different physiological processes. For example, MASP2 and CFI showed similar activity 

signatures against this panel of substrates, although each are involved in different pathways 

of the complement system (e.g., MASP2 is in the lectin pathway, CFI is in the alternative 

pathway). In other words, this demonstrates that proteases may be related at the activity 
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level, but may be involved in different physiological processes. Additionally, each protease 

showed unique early saturation levels, which we characterized with the parameter ɓ. 

 

Figure 4.2. Recombinant protease cleavage assays of seven complement and 

coagulation cascade proteins. 

From left to right, top to bottom, abbreviations are: Complement proteins C1r and C1s, 

MASP2, Coagulation Factor IIa, Complement Factor D, Complement Factor I, and 

Coagulation Factor XIa. Each trace represents a different peptide substrate (CC01ð07).    

 Validating the RMSE for evaluating protease deconvolution 

To verify the efficacy of using root mean squared error (RMSE) to approximate estimation 

accuracy, we simulated a series of 2-protease mixtures with increasing levels of similarity 

between the two proteases, which represented deconvolution problems with an increasing 

level of difficulty. In the simulations, the number of observed time points Q was 2, which 

matched our experimental time points shown in Figure 4.2. More specifically, we first 

simulated two proteases (ὴ,  ὴ) by randomly generating their kinetic parameters against 

multiple substrates. Since the kinetic parameters were randomly generated, these two 
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proteases were independent of each other. We then generated a series of intermediate 

proteases by linearly combining the two sets of kinetic parameters: ὴ ‗ὴ ρ ‗ὴ, 

‗ πȟπȢπυȟπȢρȟπȢρυȟȣȟρȢ After that, we (1) simulated substrate cleavage data of protein 

mixtures of ὴ and ὴ defined by varying values for ‗, (2) performed optimizations to 

estimate the mixing coefficients of the mixtures, and (3) applied RMSE to evaluate the 

estimation accuracy. Intuitively, the estimation problem is more difficult for cases where 

the mixed proteases are highly correlated (‗ close to 1). In addition, we simulated cases 

with varying numbers of substrates (i.e., 2ð7 substrates) and, in general, the more 

substrates that were measured, the easier it was to deconvolve the protease mixtures. In 

these simulations, the RMSE is expected to be larger for more difficult cases, and smaller 

for relatively easier cases.  

In Figure 4.3, the horizontal axis represented the ‗ value for generating the protease 

ὴ, which meant that simulation cases from left to right had an increasing level of similarity 

between proteases ὴ and ὴ, and thus had an increasing level of difficulty for 

deconvolving protease mixtures of the two proteases. Each curve represented a different 

series of simulations with a particular number of substrates. In Figure 4.3, the simulation 

series with a larger number of substrates led to smaller RMSEs. Note that the 2- and 3-

substrates curves largely overlapped, and the 5-, 6-, and 7-substrates curves also largely 

overlapped.  In each simulated series with a specific number of substrates, the RMSE 

increased in general with respect to the horizontal axis that represented an increasing level 

of difficulty. In the 2- and 3-substrates curves, the changes of RMSE were not monotonic. 

This was mainly because, with a limited number of substrates in the simulation, ‗ around 

0.5 already represented quite difficult situations that led to very large RMSE with high 
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variance. For the subsequent larger ‗ values representing even more difficult situations, 

the slight decrease of the subsequent RMSEs was due to the high variance when the RMSE 

was large. Overall, the observed RMSEs showed expected trends with respect to the level 

of difficulty of the simulated cases, validating that the RMSE is a useful evaluation metric.  

  

Figure 4.3. RMSE reflected the level of difficulties in deconvolution of the simulated 

protease mixtures.  

The x-axis represents the similarity between the two proteases in the mixture. A higher 

similarity between proteases led to a higher correlation between their cleavage dynamics, 

and thus higher difficulty in deconvolution. The y-axis was the RMSE of the estimated 

mixing coefficients. For each substrates-proteases setting, repetition P = 200 was used to 

calculate the corresponding reported RMSE. Each curve represented a simulation series 

with a different number of substrates. A smaller number of substrates corresponded to more 

difficult situations for deconvolution analysis.  
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 Optimizing choices of substrates 

To demonstrate the feasibility of optimizing choices of substrates, we considered 3 

proteases and 7 substrates, with their single-protease-single-substrate kinetic parameters 

randomly generated. We first evaluated the accuracy for deconvolving mixtures of the 3 

proteases using all 7 substrates, which resulted in low RMSE as shown by the right-most 

point on the dashed-circle line in Figure 4.4. We then removed one substrate and evaluated 

the RMSE for deconvolution with 6 substrates. All 7 possibilities were evaluated, and the 

best RMSE was reported as the second right-most point on the dashed line, which was 

virtually the same as the 7-substrate scenario. We iterated this analysis, removing one 

substrate that had the least impact on RMSE in each iteration, until only 2 substrates 

remained. As shown in Figure 4.4, the RMSE remained low until the number of substrates 

reduced from 3 to 2. This was because the single-protease-single-substrate kinetic 

parameters were randomly generated, which represented 3 proteases that had independent 

substrate cleavage activities. In other words, at least three substrates were needed to 

estimate the activity of 3 independent proteases. 

We performed two sets of similar analyses using 3 of the 7 proteases and the 7 

substrates in our real experimental data in section 3.1. One set of analyses was based on 

proteases MASP2, C1r, and F2, which were from 3 different proteases families, and the 

other set of analyses was based on proteases MASP2, CFI, and CFD, which were highly 

correlated in terms of their substrate cleavage dynamics. The single-protease-single-

substrate kinetic parameters were estimated from real experimental data. All subsequent 

analyses were the same as the above where kinetic parameters were randomly generated. 

As shown by the dotted-triangle curve in Figure 4.4, deconvolving the three highly 
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correlated proteases was quite difficult with large the RMSE regardless of how many 

substrates were used. The dotted-square curve in Figure 4.4 was similar to the analysis 

where kinetic parameters were randomly generated, indicating that the three proteases from 

different protease families had relative independent cleavage dynamics against the 

substrates. Interestingly, the performance actually improved in both dotted curves when 

the number of substrates reduced from 7 to 5 (or 4). This was because the first few 

substrates being removed had extremely similar cleavage dynamics against all the 

proteases (details in Figure 4.5ðFigure 4.10). Those substrates were not only 

uninformative but also sources of confusion for the deconvolution analysis. Therefore, 

effective deconvolution of protease mixtures required a decent number of substrates with 

uncorrelated cleavage dynamics against the proteases. However, correlated substrate 

cleavage dynamics is ubiquitous, especially among proteases in the same physiological 

family. When deconvolving mixtures containing highly correlated proteases, even a large 

number of substrates may not lead to satisfactory deconvolution performances. This 

motivated us to investigate a less ambitious goal of deconvolving protease families, instead 

of deconvolving individual proteases.  
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Figure 4.4. Influence of substrate libraryôs size on the deconvolution accuracy. 

The x-axis represented the number of substrates applied for deconvolution and the y-axis 

represented the resulting RMSE. The dashed curve with circles represented RMSE for 

deconvolving mixtures of three simulated proteases that are independent, and showed 

increased RMSE as the number of substrates decreased from 7 down to 2. The dotted curves 

with squares and with triangles represented RMSE for deconvolving mixtures of three real 

proteases that are slightly correlated and highly correlated accordingly, where the RMSEs 

were relatively high even when the number of substrates was 7. Repetition time P = 200 

was applied for each substrates-proteases setting. Discussion regarding the decrease of 

RMSE when reducing the number of substrates were discussed in Figure 4.5ðFigure 

4.10. 
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Figure 4.5. Substrate cleavage dynamics generated by simulated kinetics parameters 

for a 7-substrates-3-proteases setting. 

The x-axis represented the reaction time, and the y-axis represented the amount of reaction 

product (cleaved substrates). The amounts of cleaved substrates at t = [0 30 60 300] were 

collected for subsequent analysis. The 3 generated proteases showed independence in terms 

of their substrate cleavage dynamics.   








































































































































