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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 “sewse
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 fofms
computing, such as probabilistic or analmgsed information processing of complex
biological statesMuch of biologyconsists of dynamic processes that are largely driven by
enzymes, including proteases. Proteases are a family of pleiotropic, pronsigmeymes
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).
envision that tha@ext generation of medicine will compripeogrammable, activitpased
circuits, enabling autonomous therapies and diagnostics that operate on biological

information in reatime.

Accordingly, this thesis is focused afesigning, modeling, an@mplementing
circuits that are actuated by biologieattivity (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, -@&hse
respond”) and probabilisti circuits. To establish the design principles behind this
framework, this thesis purssi¢hree distinct aims. (1) Defining biological activity as

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

XVi



converter, comparator, etc.) that can autonomously count and kill bacterial populations. (2)
Constructing therapeutic circuits with peptil@sed prodrugs that are activated by
bacterial proteases. (3) Constructing diagnostic circuits that eropfogressedensing to
sample endogenous protease activity, widah be applied to imaging probes or pafit

care diagnostic#chieving these aims will broaden the potential applications of biological

circuits and advance the paradigm of actiagsed medicine.

XVii



CHAPTER 1. INTRODUCTION

1.1 The role of proteasesn human health

Enzymes are biological catalystsat speed up biochemical reactions in living
organisms and are grouped into six classesxioreductases, transferases, lyases,
isomeaases, ligasesand hydrolases/proteaseBroteases are a major class of enzymes;
morethan 600 enzymes, comprising ~3% of the human gefh@reclassified 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 enzgomes in a wide
range of sizes, physiological locations, and quaternary structuresorganization,
proteases are grouped into five families according to the catalytic mechanism used to
hydrolyze peptide bonds: aspartyl, cysteine, metalierine, and threonine proteases
Proteases are involved in important biological processetuding postranslational
modification, protein degradation, and cell signdlifiigure 1.2, column J). This protease
activity drives important functions for maintaining healthy homeostasis, (immunity,
blood homeostasishut is also involved in multipleliseasepathologies(e.g, cancer,

infectious diseasejFigure 1.2, columns 23).



active site peptide cleavage site
‘/+d—> ‘ - & + @

protease substrate protease- protease product
substrate
complex

Figure 1.1 Protease hydrolysis of peptide dostrates

Schematicummarizinghe steps of a protease hydrolyzing a peptide substvéten one
protease (grey pac man) and one peptide substrate (grey bar) form a catrtipeprotease
active site, the protease will amatically hydrolyze the peptide substrate, forming a
product (cleaved grey bar).

Proteolytic Potential Potential Example
Processes Functions Disfunctions Proteases
Post-translational . Alzheimer’s CTSB, D
modification P Disease MMP2, 3, 9
digestion NEP
€ Coagulation Artherosclerosis e CTSC, K, L, S
ADAMTS
Protein degradation Matrix
_\)1 remodeling Cancer MMP1, 2,9, 13
) iy ADAM10, 17
9z Migration . CTSB,L, S
. . - o Liver | 4 ADAMTS1
Differentiation
Cell signaling Fibrosis ' MMP12, 13
‘/ Immunity

Transplant ’ GZMA, B
Rejection MMP2, 9

Figure 1.2. Biological rolesof proteases in human health

Schematicsummarizing the role of proteases in human health addppm Gamboa et.

al>. 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 disunctions (i.e., diseases) that can result foysregulated protease activity, as

well as the example proteases driving each disease.



Understanding the roles of proteases in human health is essemtigiroving our
understanding of biology, and to déwmging new therapeutic and diagnostic stratedies.
example, proteases are already anatbgnized 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 COf these, the inhibitor Ritonaviras recently been approved
as part of a combination therapy to treat COMI® (Paxlovid, approved 12/21/2022).
Further, proteases timselves are promising drug candidates, with at least 12 FDA

approved therapies and several more in clinical develoment

1.2 Methods for quantifying protease activity

Due to the irreversible natucd proteolysisprotease activity is tightly regulated via
mechanisms such as inhibitory prodomains, cofactor binding, and protein inRibitors
Given this degree of posttranslational regulation, quantifying protease activity, rather than
transciptomic or proteomic readuts, is often required to understand the biological roles
of protease’s This has motivated the development of actigignsors probes that quantify
protease activity which are used for early detection of disé&&e biological imaging®
18 and drug screenify?®. The two primary compositions of activigensors are (1)
substrates that produe@esignal upon proteolysig.e., substratdased sensorgnd (2)

probes that bind active proteages., bindingbased sensors).

1.2.1 Substratehased sensors



Substratebased sensors have two components: (gcagnition 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 pfolenaecelerate the
design of recognition peptidequences (i.e., substrate design¢thods to generate and
screen libraries of peptide sequences have been developed, including positional scanning
libraries>24, peptide microarray3 26, fluorogenic peptidés 28, and other mixturdased
peptide librarie® 2. Further, hgh-throughput evolutiotbased methods display and
iteratively screen randomized peptide sequences on the surface of bacteria (e.g3'CLIiPS)
32 or bacteriophages (e.g., phage dispfaypnd have been extended to screening
endogenous protease activfty®. Reporter modalities includelor, such as fluorogerif;
bioluminescerif, and gold nanoparticlinked® sensors thagmit light or change color
upon cleavage, or mabsrcoded substrates that release unique reporters which are

guantified by masspectrometrsp.

1.2.2 Binding-based sensors

Similar to substrat®ased sensorsifaling-based sensoedso have (1) a recognition
seqience and (2) a reportenpwever, rather thawgleaving the recognition sequence,
proteases irreversibly attach to the sensor. Birtaged sensors birahly catalytically
active proteases by forming a bond between an electrophile on the sensor atigtghe ac
site nucleophile of the prote@s®eporter tags appended to the recognition sequence are
typically fluorophores or antigens, which are detected using various platforms such as

massspectrometry, SD®AGE, fluorescence microscopy, aindvivoimaging® 4%,



Substrate-based sensors

__reporter
target recognition product
protease sequence measured

Binding-based sensors
reporter
+ 4% 5 @

target recogn"ition product
protease sequence measured

Figure 1.3 Strategies for quantifying protease activity

Schematic summarizing the key features of subsbased sensors vs. activityased
sensors. (top) Substrabased sensors work bynding the target protease (grey pac man)
to the recognition sequence (grey bar). Upon proteolyticvatga of the recognition
sequence, the reporter (blue star) is released and can be measured. (bottompBseting
sensorsvork by reacting a nucleophile (circle with minus sign) in the active site of the
target protease (grey pac man) with an electropfulecle with plus sign) on the
recognition sequence (grey triangl&he product that can be measuxea the reporter
(blue star)s formed vihen a catalytically active protease irreversibly binds the recognition
sequence

1.3 Strategiesfor actuating protease activity in biological circuits

Cellular*?4> and moleculd®>! biological circuitsintegrate discrete components
such as molecular logic gatésind genetic clocks %3, to produ@ highlevel functions
including the ability to solve mathematical problémdbuild autonomous robdf and
play interactive gamé& To date, the majority of biocircuits are implemented in platforms
that operate on the genetic circuit anafsgywhich require genome or protein

engineering®%. By contrast, proteases present a promising strategy for designing



biological circuits due to thetell-free natue, fast turnover timeife., <10* s), andlarge
number of available substrates (i.e., ¥1€equences for an-Ber peptide) Given the
ubiquity of proteases ihuman healttand the number advailableplatforms for sensing
protease activity, this has motiedtthe development of strategies for actuating protease

activity into programmable biological circuits.

1.3.1 Proteaserepressibleproteases

To design aonstructwhere aproteaseP, can be inactivated bgnothemprotease
R, Elowitz. et. alf? incorporate antiparallel heterodimerizing leucine zipper domains to
each half of a split protease to reconstitute its activity. Therleavage site is inserted
between the lgcine zippers and protease P, such that cleavage by preteésmnnects
the two halves of protease Fo enhance the ability of proteaRdo dock onto protease P
and perform the deactivation, a leucine zipper complementary to one of the zippers on spli

protease P is conjugated to proteRg&igure 1.4A).

1.3.2 Proteaseactivatable proteases

To design aconstructwhere a protease, P, can be activated byhangrotease A
Stein & Alexandro®® append a competitive inhibitor P to the&@minus of protease P by
connecting a peptide linker encoding a substrate for protease A flanked by -ggmihe
serinerich sequences. Then, upon proteolytic cleavage of the linker substrate by protease
A, the competitive inhibitor s removed resulting in the activation of proteag€iBure

1.4B).

1.3.3 Converting proteolysis tohargedpeptides



Tsienet. al® %> design ahairpin peptide construct that can release charged peptides
upon proteolytic cleavage of a peptide substraités hairpin peptideis comprised of
cationic (polyarginine, B peptides in charge complexation with anionic peptide locks
(polyglutamic acid, ) by a linker peptidsequencespecific forthe target proteasé/pon
proteolytic cleavage of the linkehe cationic and anionic peptides uribecoming
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).

1.3.4 Converting proteolysis tothermolecules

Bossmann et. &P design a peptide caged liposome particle @t hold and
release molecules upon proteolytic degradation of the peptide cage. Cholastéaied
polyacrylic acid polymers are embedded in the surface of tlusoiipe. Thenthe
carboxylic acidfunctionalgroups on the polymers are crosslinked with free amines on a
peptide substrate, which has ae@minus lysine such that both termini have an amine
group Upon proteolytic degradation of the peptide cage and with the additiggase to
break downthe lipids in the particle wajl molecules (e.g., proteases, inhibitors,

fluorophores, drugs, etc.) are releasetdecome bioavailablg-igure 1.4D).



A. Protease-repressible proteases
Elowitz et. al., 2018.
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B. Protease-activatable proteases
Stein & Alexandrov, 2014.

Inactive Active

substrate A

f:¢-¢2

protease P protease A

inhibitor P

D. Converting proteolysis to other molecules

Bossmann et. al., 2011.
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Figure 1.4 Strategies for actuating protease activity in biological circuits

(A) Schematic of ppteaserepressible proteaseBrotease P (grey pac man) is split in half

and reconstitied via dimerized leucine zippers (dark and light blue zig zag) appended with
substrates R (red circles). Protease R (red pac cwaniqins 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 pieceB) Schematic of proteasactivatable proteases. Protease P (grey pac
man) is autanhibited by inhibitor P (grey triangle) and the two compureare 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 () Schematic showing how protease activity
triggers the release of charged peptidegrotease (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 msaigns) peptides. Upon cleavage, the two charged
peptides are releasd@@) 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) degtes the liposome particle wall. Upon degradation, molecules (blue
star) contained within the liposome are released.

1.4 Thesis Overview

In this thesis, | developctivity-based molecular circuits that are actuated by

protease activity to detect and respondlisease states. In Chapter 2leimonstrate that



proteases can be integrated into digital or analog biocircuits to process biological
information.| construct peptideaged liposomes that treat protease activity asvialwed

(i.e., signal is 0 or 1) opdrans to construct the biological equivalent of Boolean logic
gates, comparators and anatogligital converters.| use these modules to assemble a
cell-free biocircuit that can combine with bacteciantaining blood, quantify bacteria
burden, and thenatculate and unlock a selective drug dose. By contrasdpshow that

in a shared resource environment comprising promiscuous proteases in competition for
multiple target substrates that protease activity is partitioned between substrates. In this
setthg, | demonstrate that protease activity can be quantified as avalugd 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 acpeaitjtioned
between different target substratesombine 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 Booleait,lay as multivalued

analog signals under conditions where substrate resources are shared.

In Chapter 3] construct a mathematical model of prodrug kinetics to predict rate
dependent conditions under which bacteria escape prodrug treatment. Froradéid m
derive a dimensionless parametiie Bacterial Advantage Heuristi@AH), that predicts
the transition between prodrug escape and successful treatment across a range of time
scales (& 10* hours), bacterial carrying capacities (5 ¥ 1..0° CFU/uL), and Michaelis
constants (i = 0.7471 7.47 mM). To verify these predictioms vitro, | use two models
of bacteriaprodrug competition: (1) an antimicrobial peptide hairpin that is enzymatically

activated by bacterial surface proteases and (2) a thmseabnjugated trimethoprim that



Is internalized by bacterial maltodextrin transporters and hydrolyzed by free thiols.
observe that prodrug failure occurs BAH values above the same critical threshold
predicted by the model. Furthérdlemonstrate tav examples of how failing prodrugs can

be rescued by decreasing Bw&H below the critical threshold via (1) substrate design and
(2) nutrient control.l envision such dimensionless parameters serving as supportive
pharmacokinetic quantities that guide tliesign and administration of prodrug

therapeutics.

In Chapter 4, | provide a computational method for estimating protease activities
efficiently by reducing the number of substrates and clustering proteases with similar
cleavage activities intdamilies. | envision that this method will be used to extract
meaningful diagnostic information from biological samplesChapteb, | expand on this
concept tantroduce a method Substratelibraries forCompressed sensing Bhzymes
(SLICE)1 for seleting 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 libraes according to two features: substrate orthogonality and proteases
coverage. To quantify these featuredesign a compression score that was predictive of
classification accuracy across l1l40silico libraries (Pearsom = 0.71) and 55n vitro
libraries (Pearsom = 0.55) of protease substrates. Furthelemonstrate that a library
comprising only two protease substrates selected with SLICE can accurately classify
twenty complex mixtures of 11 enzymes with perfect accutaamyvision that SLICE may

be used to improve imagiranpdactivity-based probes by enabling the selection of substrate

1C



libraries that capture information from hundreds of enzymes while using fewer activity

SEensors.
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CHAPTER 2. PROTEASE CIRCUITS FOR PROCESSING

BIOLOGICAL INFORMATION

The following chapter has been publishegartas an original research papkiolt, BA
and Kwo rPgotedséicircuifs for processing biological informaiiblature Comm

11 (1), $12(2020).

2.1 Introduction

The forward engineering of cellufd®® and moleculaf>! computing systems is
driven by integrating elementary biological parts to produce-laighl function§” 8, The
development of foundational components, such as maletgic gate?® and genetic
clocks? %3, have enabled the design of biocircuits with increasing complexity, including
the ability to solve mathematical problethsbuild autonomous robdts and play
interactive gamé&. To date, the majority of biocircuits are implemented in platforms that
operate on the genetic circuit analefgyvhich require genome or protein engineetitg
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)., GFP) or effector molecules (e.g.,
therapeuticSf. Traditionally, genetic circuits digitize these molecular signals as two
valued states (e.g., low vs. high concentration is represented as state O or 1 respectively) to

allow operations to be carried out by Boolean logic (e.g., AND dat&s’’.

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

range of continuous values (i.e., between 0 and 1) rather thamatwed integers (i.e.,

12



either 0 or 19" 70 71 Analog circuits are better suited for processing problems with
uncertainty by implementing smalled "fuzzy logic”, which assigns weights to each
possible value that a variable can HéldSeveral molecular analog cirtalihave been
implemented, including genetic circuits that carry out mathematical fun€tiéhand

DNA stranddisplacement cascades to emulate neural netfoBszyme activity has also

been used in analog biocirci#t$®by maki ng use of promiscuit)
capacity to recognize and catalyze different substrdte$”83, Enzyme promiscuity
bolsters evolutionary fitness and increases biological efficiency by using fewer enzymes to
carry out the same number of reactfSnsmportantly, promiscuity creates a shared
resource environment where enzymes and substrates are in competition for binding
partners depending amsource 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 polymerdsasd ribosomes®’.
Consequently, the flow of biological information can be controlled by diredtowy
resources are partition®dThis control strategy is idamental to the design of biological
systems that implement analog operations such as stochastic bid®jreuitsnomous

diagnostic®, and synthetic ribosomes that insulate genetic cifuits

Building on these insights, we sought to construct biocircuits that use protease
activity to process biological information ugrda digital or analog framework. We chose
to use proteases because they are ubiquitous, comprise 2% of the humar’yemane
have peviously been used in genetic circuits to implerfreand contro? information
processing computations. Under a digital framework, we construct pepige

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

We show a biological application by integrating these pej#dged liposomes into an
analogto-digital converter for autonomous drug delivery. By contrast, we demonstrate in

a shared resource environment thatdbgvity of a promiscuous protease is partitioned
when more than one peptide substrate is preBaqnire 2.1A right, C). We show that the
fraction of sibstrates 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 problermbear

Parity with Noise (LPN).

A . . . B 5 15
Proteases as biological signals 2 —3
E High Concentration :qaf 1
Digital Anal 5 1 11
igital nalog o v activity
state 1 state 1 © n e threshold
Protease < L 5 = © /
:: g Low Concentration| % 0
y 2 V— ] B
@ 0 | —|

o .

20 40 60
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state 0 state 0
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Figure 2.1. Protease activity as digital or analog signals

(A) (left, top) A digital protease signal is exclusively twevalued (state O 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 sigals 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 (vO and v1), which represent the fraction of the protease pool cléay either
substrate (stateO or 1). (B) Experimental data of a digital, twevalued 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 s used to
separate statel (high activity) from state-O (low activity). (C) Protease (Plasmin)
activity assay against substrate stat® (GLQRALEI) and state-1 (KYLGRSYKV).
Relative velocities represent the fraction of the protease pool cutting in eitherage.

fO 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

2.2.1 Protease Cleavage Assays

All protease cleavage assays were performed with a BioTek Cytation 5 Imaging Plate
Reader, taking fluoszent measurements at 485/528 nm and 540/575 nm
(excitation/emission) for readuts measuring peptide substrates terminated with FITC
(Fluorescein isothiocyanate) and -TBMRA  (5-Carboxytetramethylrhodamine),
respectively. Kinetic measurements were takesryeminute over the course of 520
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 (PLOhpBphatidylinositelSpecific (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.aBeyme B (GzmB) was purchased from
PeproTech, Inc. (Rocky Hill, NJ). Thrombin and Factor Xla were purchased from
Haematologic Technologies (Essex, VT). Outer Membrane Protease T (OmpT, Protease 7)
was purchased from Lifespan Biosciences (Seattle, WA). v@l purchased from

Millipore Sigma (Burlington, MA). GzmB, Thrombin, Factor Xla, and C1r fluorescent
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peptide substrates were custom ordered from CPC Scientific (Sunnyvale, CA). OmpT

fluorescent peptide substrate was custom ordered from Genscript (Pagcatil) See

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

and inhibitors.

2.2.1.1 Figure2.4B

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 Figure2.4C

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 Figure2.4D
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All amounts of protease, subaste, 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 workogcentration of (0.01 mg/mL) to 2 uM of its

peptide substrate

2.2.1.4 Figure2.4E

All 4 biocomparator levels ¢bbs, 50 mM lipids each) were added together (10 uL each),
arnd coincubated 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
accordingto 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 valeles (tim
0, or equivalently, the no protease control). Unpaired-vaame ttests (n = 4) were
performed between the condition with GzmB and the negative control (no GzmB) for each

respective output (i.e.pr p).

2.2.1.5 Figure2.7B

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®(C&U/mL) was added to 18
uL of 2 uM OmpT substrate. 2 uL Bl H20 was added to negative control, along with 18

uL of OmpT substrate.
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2.2.1.6 Figure2.11A and B

For Figure 4A, the protease Plasmin (250 nM) was incubated with subst(aeAM-
KSVARTLLVK -(LysCPQ2)C; concentration = 0.24 uM) in PBS. For 4B, the protease
Plasmin (250 nM) was incubated with substiatéoFAM-KSVARTLLVK -(LysCPQ2)

C; concentration = 0.24 uM) as well as substBa{®®ABCYL-GPAALKAG-EDANS-R;
concentration = 0.2M) simultaneously in PBS. Experiments were read on Plate Reader

at 37C with plate sealer and plastic plate cover.

2.2.1.7 Figure2.11C

For panel |, the protease Thrombin (250 nM) was incubated with subAt(&EAM-
KTTGGRIYGG-(LysCPQ2)C; concentration = 0.64 uM) in PBS. For panel Il, the
protease Thrombin (250 nM) was if@aied with substratd (5SFAM-KTTGGRIYGG-
(LysCPQ2)C; concentration = 0.64 uM) as well as substBattODABCYL-GPLGL-
(DAP)-ARG-EDANS-R; concentration = 6.75 uM) simultaneously in PBS. For panel I,
the protease Thrombin (250 nM) was incubated with substiré&&AM-KTTGGRIYGG-
(LysCPQ2)C; concentration = 1.28 uM) as well as substBattcdOABCYL-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 Figure2.12B

For panel I, the protease MMP7 (250 nM) was incubated with substré&éAM-
KYLGRSYKV-(LysCPQ2)C; concentration = 2.53 uM) as well as substite

(DABCYL-GPAALKAG-EDANS-R; concentration = 29.90 uM) simultaneously in PBS.
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The protease Plasmin (250 nM) was incubated with subgtréd& AM-KSVARTLLVK -
(LysCPQ2)C; concentration = 0.24 uM) in PBS. For panel Il, the protease MMP7 (250
nM) was incubated with substra#e(5FAM-KYLGRSYKYV -(LysCPQ2)C; concentration

= 2.53 uM) as well as substraBe(DABCYL-GPAALKAG-EDANS-R; concentration =
149.50 uM) simultaneously in PBS. The protease Plasmin (250 nM) was incubated with
substrateA (5FAM-KSVARTLLVK -(LysCPQ2)C; concentrabn = 0.24 uM) as well as
substrateB  (DABCYL-GPAALKAG-EDANS-R; concentration = 74.75 uM)

simultaneously in PBS.

2.2.1.9 Figqure2.14A and B

For Figure 2.14A, Oracle f(AB B), graph (1), the protease Thrombin (250 nM) was
incubated with substrat® (5SFAM-KTTGGRIYGG-(LysCPQ2)C; concentration = 0.64
uM) in PBS. The protease MMP7 (250 nM) was iratiglol with substrat& (SFAM-
KYLGRSYKYV -(LysCPQ2)C; concentration = 2.53 uM) in PBS. The protease Plasmin
(250 nM) was incubated with substrate (SFAM-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 substrat® (5SFAM-KTTGGRIYGG-(LysCPQ2)C; concentration = 0.64
uM) as well as substrat® (DABCYL-GPLGL-(DAP)-ARG-EDANS-R; concentration =

6.75 uM) simultaneously in PBS. The protease MMP7 (250 nM) was incubated with
substrateA (5FAM-KYLGRSYKYV -(LysCPQ2)C; concentration = 2.53 uM) as well as

substrateB  (DABCYL-GPAALKAG-EDANS-R; concentration = 29.90 uM)
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simultaneously in BS. The protease Plasmin (250 nM) was incubated with subgtrate

(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 substrat® (5SFAM-KTTGGRIYGG-(LysCPQ2)C; concentration = 0.64
uM) as well as substrat® (DABCYL-GPLGL-(DAP)-ARG-EDANS-R; concentration =
6.75 uM), plus an additional substrdde for the Linker operation (DABCYL
GPAALKAG-EDANS-R; concentration = 29.90 uM), simultaneously in PBS. The
protease MMP7 (250 nM) was incubated with substfatécFAM-KYLGRSYKYV -
(LysCPQ2)C; concentration = 2.53 uM) as well as substBtOABCYL-GPAALKAG-
EDANS-R; concentration = 29.90 uM) plus an additional subsBafter the Linker
operation (DABCYLGPAALKAG-EDANSR; concentration = 119.60 uM),
simultaneously in PBS. The protease Plasmir® (@81) was incubated with substrate
(5FAM-KSVARTLLVK -(LysCPQ2)C; concentration = 0.24 uM) plus an additional
substrateB for the Linker operation (DABCYIGPAALKAG-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 substrat® (5SFAM-KTTGGRIYGG-(LysCPQ2)C; concentration = 1.28
uM) as well as substrat® (DABCYL-GPLGL-(DAP)-ARG-EDANS-R; concentration =
6.75 uM), plus an additional substrd&@e for the Linker operation (DABCYL
GPAALKAG-EDANS-R; concentration = 29.90 uM), simultaneously in PBS. The
protease MMP7 (250 nM) was incubated with substfatécFAM-KYLGRSYKYV -
(LysCPQ2)C; concentation = 5.07 uM) as well as substrB§DABCYL-GPAALKAG-

EDANS-R; concentration = 29.90 uM) plus an additional subsBater the Linker
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operation (DABCYLGPAALKAG-EDANS-R; concentraton = 119.60 uM),
simultaneously in PBS. The protease Plasmin (250 whb incubated with substrafe
(5FAM-KSVARTLLVK -(LysCPQ2)C; concentration = 0.48 uM) plus an additional
substrateB for the Linker operation (DABCYIGPAALKAG-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 substrat® (5SFAM-KTTGGRIYGG-(LysCPQ2)C; concentration = 1.28
uM) as well as substrat® (DABCYL-GPLGL-(DAP)-ARG-EDANS-R; concentration =
6.75 uM), plus an additional substrd&e for the Linker operation (DABCYL
GPAALKAG-EDANS-R; concentration = 29.90 uM), simultaneously in PBS. The
protease Complement protease Cls (250 nM) was incubated with suBs{EEAM-
KYLGRSYKV -(LysCPQ2)C; concentration = 0.24 uM) as well as substEate
(DABCYL-GPAALKAG-EDANS-R; concentration = 29.90 uM) plus an additional
substrateB for the Linker operation (DABCYIGPAALKAG-EDANS-R; concentration

= 29.90 uM), simultaneously in PBS. The prote@Bsmin (250 nM) was incubated with
substrateA (5FAM-KSVARTLLVK -(LysCPQ2)C; concentration = 0.48 uM) plus an
additional substrat® for the Linker operation (DABCYIGPAALKAG-EDANSR;

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 substraté (5FAM-KYLGRSYKYV -(LysCPQ2)C; concentration = 5.07
uM) as well assubstrateB (DABCYL-GPAALKAG-EDANS-R; concentration = 29.90
uM) plus an additional substraBe for the Linker operation (DABCYiIGPAALKAG-

EDANS-R; concentration = 119.60 uM), simultaneously in PBS. The protease Thrombin
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(250 nM) was incubated with subs&a® (5FAM-KTTGGRIYGG-(LysCPQ2)C;
concentration = 1.28 uM) as well as substBtdDABCYL-GPLGL-(DAP)-ARG-
EDANS-R; concentration = 6.75 uM), plus an additional substater the Linker
operation (DABCYLGPAALKAG-EDANS-R; concentration = 29.90 uM),
simultaneously in PBS. The protease Plasmin (250 nM) was incubated with suBstrate
(5FAM-KSVARTLLVK -(LysCPQ2)C; concentration = 0.48 uM) plus an additional
substrateB for the Linker operation (DABCYIGPAALKAG-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 substraté (5FAM-KYLGRSYKV -(LysCPQ2)C; concentration = 5.07

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

uM) plus an additional substraBe for the Linker operation (DABCYIGPAALKAG-
EDANS-R; concentration = 119.60 uM), simultaneously in PBS. The protease Cathepsin

G (250 nM) was incubated with subs&#® (5FAM-KSVARTLLVK -(LysCPQ2)C;

concentration = 0.05 uM) as well as substBtéDABCYL-GPAALKAG-EDANS-R;

concentration = 29.90 uM), plus an additional substRater the Linker operation
(DABCYL-GPAALKAG-EDANS-R; concentration = 29.90 uM), simultanstuin PBS.
The protease Plasmin (250 nM) was incubated with subtrétB€AM-KSVARTLLVK -

(LysCPQ2)C; concentration = 0.48 uM) plus an additional substBafer the Linker

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

2.2.2 Liposome Sythesis and Characterization

22



Liposome synthesis kit, PIPES buffer, EDC*Mel, and spin filters (100 kDa m.w.c.o. filters)
were purchased from Millipore Sigma (Burlington, MA). Cholestemthored
Polyacrylic Acid (4400 g/mol, 3@0 COOH groups/molecule, stture inFigure 2.3) was
custom ordered from Nanocs (Boston, MA). Hadyzer dialysis tubes (100 kDa
m.w.c.0., 1 mL) were purchased from Spectrurbd @gRancho 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 conaon 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 lipidthe 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 fitBrenes at

4700 XG for 10 mins) or fload-lyzer membranes (4C in spinningater overnight).
EDC*Mel was dissolved into 10 mM PIPES buffer and volume was added such that
EDC*Mel: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 Zetasizer2$an
Malvern Panalytical (Netherlands). Volumes loaded into biocomparators include

concentrations of proteases and inhibitors as follows: émpty; h = 20 uL WNVp (0.1
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mg/mL) + 80 uL DI HO; k» = 50 uL WNV inhibitor (1 uM) + 50 uL TEVp (0.04 mg/mL);

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

2.2.3 Bacterial culture and cytotoxicity measurement

D H 5 Escherichia coliwere 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 (&ganox) 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

Table2.1 for more information. Bacteria were grown to a concentration CEU/mL

before being used for experiments. Concentration was estimated by measuringdhe OD

of the bacterial suspension, where ans@Df 1.000 corresponds to a concentration of 8 x

10® CFU/mL. Bacterial cell viability was measured by making eightfdl® 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 O countable CFUSs) servedrasotfor 100%

cytotoxicity.

2.2.4 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 drate (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, thesample 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% hemolysi came from incubating RBCs with 0.1% TweXh Absorbances

corresponding to 0% hemolysis came from untreated RBCs.

2.2.4.1 Figure2.7C

For bacterial cytotoxicity measuremer2§,uL of antimicrobial peptide (AMP) was added,
pertaining to 7 concentrations ranging between 7.6 nM and 7.6 mM. 20 uL of bactéria (10
CFU/mL) were added, and the sample was filled to 200 uL with LB broth in PCR tubes.
Sample tubes were taped on a pdtaker (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 Figure2.7D

For bacteria only condition, 5 uL of bacteria{CFU/mL) were added to 95 uL LB broth.
For bacteria + AMP § 58 uL of AMP p (1.7 mM) were added to 5 uL of bacteria{10
CFU/mL), with the solution being filled to 100 uL with LB broth. Facteria + protease

+ locked AMP p, 20 uL of TEVp (4 ug/mL) and 58 uL of AMPL 1.7 mM) were added
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to 5 uL of bacteria (I0CFU/mL), with the solution being filled to 100 uL with LB broth.
Samples in PCR tubes were taped to a plate shaker (250 RPM)tingudta37 C for 1
hour. Serial dilutions and plating were then performed to measure viable bacteria

concentrations.

2.2.4.3 Figure2.7E

Each condition includes 20 uL of theoprogram (2 uL of PLC, 6 uL D6 uL D, 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 @, and 126 uL PBS. The concentration of bacteria, and
the presence of each biocomparatopetels on the experimental conditidfg. 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 cduatyation and used to estimate hemolysis.

2.2.5 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, and3B). To assess the accuracy of assigning the bivelye O or 1 to

the digits p and p as seen irFigure 2.4E, oneway unpaired -tests were performed
between the condition with GzmB and the negativetol (no GzmB) for each respective
output (i.e., por p). A oneway ANOVA followed by Dunnett's multiple comparisons

test was used to compare experimental means to cells only corfiiguie 2.7D. Two-

26



way ANOVA followed by Sidak's multiple comparisons test used to compare experimental

means to control for bacterial cytotoxicity and RBC hemolySigure 2.7E).

2.3 Results

2.3.1 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 artalaligital converter
(ADC) to convert biological signals into binary digits. An electronic ADC performs three
major operations during signal conversion: voltage comparison, priorighassnt, and
digital encoding. An analog input voltage is first compared against a set of increasing
reference voltages (VVi) by individual comparators §tdi) that allow current to pass if
the input signal is greater than or equal to its reference (faigere 2.2). During
priority assignment, only the activated comparator with the highest reference voitage, d
remains on while all othexctivated comparators,-d doare 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 analog of comparators by using liposomes locked by an outer peptid® cage
93 (Figure 2.3A, B; Figure 2.4A). With increasing peptide crosslinking densities, these
biocomparatorgboi bi) 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 thedid core Figure 2.3C), analogous to the reference
voltages stored in electronic comparators. We used fihbasea Buffergate to open all
biocomparators with fully degraded cagé&sg(re 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 biocomparafobyb
inhibiting all signalproteases released from other biocomparater®{h). To encode the
prioritized signal into digital values, we designed a set of OR gates using orthogonal
guenched substrates (RTKR and ENLYFQG) specific for the signal proteases (WNV and
TEV respectivelyfigure 2.4D) to provide fluorescent tweignal readouts (ppi; Figure
2.6A). Fully integrated, our biological ADC converted input protease levels (GzmB) across

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

A Comparators (d,) OR gates (q) Digital

_.b—_b_ d — e Output
Input V

a, q.9,

i _ P
@ e T 1=
C

Input Bin Levels

(comparators) Digital Output Bits > V2 ﬂ d
: S — 0 * s
da dz dw do g, |9 VO 1x qO
ofo]o[1]o]o .__}— d,
. V1 X
OO0 1] x|0[|1 Increasing
O|l1|x|x|1]0 value Vv b dz
; g,
T x]xx|1]1 ) ! d
Priority assignment V3 3

(turn off lower levels)

Figure 2.2 Inputs and outputs of a 42 bit ADC
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(A) Circuit diagram of a flash ADGB) Truth table. Inputs activate continuous subsets of
the biocomparators ¢do ). An input which activates a biocomparator produces a value
of 1. To give this input (¢ priority, all biocomparators below ddin-1) are turned off,
signified by a value of x. Digital, twealued output bits are colored blue and correspond
to the 2bit output of the ADC(C) Logic circuit diagram for one example input/output
case through a2 bit ADC. As an example, input signal > ¥irns on @d dz, but priority

is given to d, which only turns on bitx producing the output 10.
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Figure 2.3 Peptide caged liposome synthesis and characterization

(A) Graphic of cholesterednchored poly(@ylic acid) (CPAA) embedded in liposome
membrane, crosslinked by amine terminated peptides. Carboxylic acid side groups on
poly(acrylic acid) are activated by EDC*Mel.-tdrminal amine and @&rminal amine

(from lysine side chain) act as primary aminesetact 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 peptidefC) Heat map showing ementration of GzmB required to
unlock each level. Signal is measured via released protease cutting substrate, normalized
to the negative control (O ug/mL signal protease). RFU stands for "Relative Fluorescence
Unit" and is plotted as fold change (FC) framtial fluorescence at time = 0.
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Table 2.1 Proteases substrates, and inhibitors

Name Abbreviation

Substrate(s¥

Inhibitor**

Granzyme B GzmB
Protease

5FAM-alEFDSGk
CPQ2-kkc

NA

West Nile WNVp 5TAMRA -RTKR- undecaD-Arg-NH:2
Virus QXL570
Protease
Tobacco TEVp 5FAM-ENLYFQG NA
Etch Virus QXL520
Protease
Outer OmpT DABCYL -RRSRRVK- NA
Membrane 5FAM
Protein T

*Lower-case letters symbolizeamino acids

*Bold strings are noramino acid groups, as laledl below

*5FAM = 51 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
** undecaD-Arg-NHz= 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 OBsg&ircular arrow
around grey protease represents enzyme act{fajyBare or (C) peptideaged liposomes
opened by lipase (orange) or GzmB (grey) activity, respectively, release TEV protease
(red) that cleaves a quenched peptide substratéC)inliposomes (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
emol / g) . Fl uorescent reporterBtodegradé heav ed ¢
peptide cage. Standard deviation (n = 3) from samples represented by line shéd)ng in
and(C). (D) Protease orthogonality map measuring GzmB, WNV (blue), and TEV protease
activity against respective substrates alone and in the presieviiédV protease inhibitor

(blue triangle)(E) Increasing concentrations of GzmB across four orders of magnitude are
input to the bioADC, and proteasesWNV, blue) and p(TEV, red protease) are read out

in a fluorescent assay using fluorescequenchd substrates (RTKR and ENLYFQG).

All data points are plotted as the slope of the best fit line to the cleavage velocities.
Unpaired, onavay ttests (n = 4) were performed between the condition with GzmB and
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the negative control (no GzmB) for each respectutput (i.e., por pr). Biocomparator

levels G 3 are referenced by peptide cage reaction ratios, 0.0, 0.05, 5, and & xi® | / ¢
(peptide:liposome), respectively. Dashed line represents activity threshold that separates
an output of 1 (velocity > 1®min) from an output of 0 (velocity < 10min). (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 fmdd 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}}). n.s. = not significant, * < 0.05, ** < 0.01, *** < 0.001, and **** <
0.0001.
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Figure 2.5 Lipase acts as a Buffer gate

(A) Phospholipase @iggered release of FITC contained in liposomes. Negative control
contains FITGoaded liposomes only and no lipag8) Phospholipas€ ard signal
protease GzmB triggered release of FITC from Fléd&led, peptideaged liposomes.
Negative control contains lipase plus FFldaded, peptideaged liposomes, but no signal
protease GzmB. Line shading represents standard deviation and linemtspnesan (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 biologicaltfeabit analogto-

digital converter. The signal protease (grey, GzmB), cleaves the peptide cage surrounding
biocomprators. Higher activity levels of GzmB result in more biocomparator levels being
unlocked (b to ks). Lipase (orange rectangle) is-cubated with the bioADC such that

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

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

00, 01, 10, 11). The resulting proteases interact with OR gates to produce "high", or 1,
values for the correct twaealued outputs.B) Kinetic fluorescence da from 4to-2 bit
biological ADC that is plotted in Fig. 2E. Blue dots represent signal fosulpstrate, and

red dots represent signal fromgubstrate. Bold numbers represent the input concentration
of GzmB in ug/mL, corresponding to theaxis labelsn 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.

2.3.2  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
guantify input bacterial activity and then output an-amtirobial drug dose to sel@atly
clear red blood cells (RBCs) of bacteria (OBHEscherichia coli (Figure 2.7A). To
construct biocomparators with the ability to prioritize inpwels of bacterial activity, we
synthesized liposomes with peptide cages using a substrate (RRSRRVK) specific for the
E. Coli surface protease OmpT (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 1¥) 8.5 x 1%, 8.5 x 104, 8.5, 85, 170, 255,34 mo |l / g) and v al
their ability to sense input bacterial concentrations across 8 log i@ (OFU/ml) using
a fluorescent reporteFigure 2.8). To convert the release of signal proteases to a drug
output, we designed proteaaetivatable prodrugs comprising cationic (polyarginine)-anti
microbial peptides (AMP)Rigure 2.7C; Table 2.2) in charge complexation with anionic
peptide locks (polyglutamic acif)to block the activityof AMP. These drudock peptides
were linked in tandem by OR gate peptidearnd p (RTKR and ENLYFQG respectively)
to allow signal proteases that directly cleavepp: to digitally control the output drug
dose Figure 2.4). We designed onthird and twethirds of the total drug dose to be
unlocked by cleavage of pnd p, respectively, such that binary values 00, 01, 10, and 11

corresponded to 0/3/3, 2/3, and 3/3 of the total drug dosegire 2.9).

To confirm the therapeutic efficacy of our prodrug design, treatment of bacteria with
locked drughad no significant cytolytic activity compared to untreated controls, but by
contrast, treatment with proteaskeaved drugock complexes resulted in a significant

reduction in bacterial coloniesriQure 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 activitlyigure 2.8B). In human RBCs

mixed withE. coliat concentrations ranging from%Q0° CFU/mL, samples containing a
single biocomparator @placked the kility to eliminate bacteria as anticipated (output =

00). By contrast, increasing the number of biocomparators in the samjilles élowed

our program to autonomously increase the drug dose (output 01, 10, and 11) in response to
higher bacterial loadto completely eliminate infection burdens across nine orders of
magnitude up to POCFU/mL without significantly increasing hemolysiigure 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 progrades 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 actifgy. Cleavage assay
measuring recombinant OmpT and liZecoli culture cleavage of substrate (RRSRRV) (n

= 3, two-way ANOVA & Sidak's multiple comparisong)C) EC50 measurement for drug
cytotoxicity and hemolysis agairist coliand RBCs, respectively. Grey shading represents
therapeutic window with 100% cytotoxicity and no hemolyd). Viability of bacteria

after treatment with locked drug and locked drug + protease. (n =-4yanANOVA &
Dunnett's multiple comparisons to bacteria only control; scale bar = 4 ¢&mnprug
bacteria cytotoxicity and RBC hemolysis at five concentrations of bacteria witrededtf
versions of the antimicrobial program each containing a different number of
biocomparators (twavay ANOVA & Sidak's multiple comparisons; hemolysis n = 2,
cytotoxicity n = 3). The four biocomparators, by, bz, and i, were crosdinked at peptide

cage reaction ratios, 0.0,3.4x30 3. 4, and 340 emol /g (pepti
Line shading and error bars are standard deviation. RFU stands for "Relative Fluorescence
Unit", which represents the amount (i.e., moles) of cleaved substrat @iotted 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 examiningthe behavior of drug
loaded biocomparators

(A) Unlocking peptide caged liposomes (i.e., biocomparators) with increasing peptide
crosslinking densities (levelsi08). Eight levels of increasing peptide cage crosslinking
densities were used to determine thanber of bacteria required to unlock each level.
Increased concentration of input protease (OmpT, fitornoli) leads to more unlocked
levels.(B) Bacterial cytotoxicity measurement of driegaded biocomparator€onditions

are moving from left taight: Bacteria only control, bacteria plus free drug, bacteria plus
drugloaded liposome without lipase, and bacteria plus-tivaded liposome with lipase.
Samples were incubated with bacteria at 37C for eight hours and plated. CFU were
guantified to esnate 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
PolyargininecationicAMP RRRRRRRR
Proteaseactivatable, Drug EEEEEEEEEEERKTRRRRRRRRR

locked peptidepo
Proteaseactivatable, Drug EEEEEEEEENLYFQGRRRRRRRRR
locked peptidep:

* All motifs arel-amino acids, without any Nor G- terminal modifications
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Figure 2.9. All possible output drug doses from the biological ADC

The OR gate linked toofgblue substrate) outputs 1/3 of the available AMP dose, whereas
the OR gate linked toip(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, whewonly pis active (i.e., p= 1, p. = 0), 1/3 of the maximum drug dose can be
unlocked, whereas if onlyifis active (i.e., p= 0, p = 1), then 2/3 of the maximum drug

dose can be unlocked.
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Figure 2.10. Photos of bacterial plates postncubation with biological ADC

Photos of bacterial plates used for quantification of cytotoxicity in Fig 3E.ir@icates

the single, empty comparator bioprogram control, which represents 100% cell viability, or
0% cytotoxcity. No colony growth represents 0% cell viability, or 100% cytotoxicity.
Plates are labeled-@ X, wheren corresponds to the number of biocomparators p resent in
the program combined with infected blood axiccorresponds to the concentration of
bacterigpresent. (10 = FOCFU/mL, 9 = 16 CFU/mL, 8 = 18 CFU/mL, etc.).

2.3.3 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 biocircuit¢e first considered one pool of proteases (plasmin)
cleaving one target peptide (substrAteblue) as representative of a relmared resources
environment Figure 2.11A). This substrate (SFANKSVARTLLVK -(LysCPQ2)C)
contained a fluorophorguencher pair (5SFAM and LysCPQ2 respectively) to allow

guantification of the substrate cleavage velociy, wy monitoing increases in sample

39



fluorescence over time. To construct a shared resource environment, we incubated plasmin
with substratéA and a second peptide, substrBtéred), and observed that this caused

total plasmin cleavage activity to hmartitioned betwen substratd and substrat®

(Figure 2.11B). To assess the degree of partitioning, we quantified the fractional cleavage
score f(X), which reflects th average fraction of the protease pool cleavage events
resulting from substrat¥. Fractional cleavage is analogous to fractional occupancy that

is commonly used in models of recepligand binding kinetic¥ %€, 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 velocitiedgguation 2.1).

Ni € Q3EQbA6 i QIQEIG6 Oi 68 OO ®
0€ MNWE QLA IGTQQ 0 0

"Q0

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).
Corversely, 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 (WWperationThe U operation is a twstep procedure (i.e., denoted
by Ui and W respectively) that first takes as inpup@ol of proteases cleaving substrate
A in a nonshared resource settingigure 2.11Ci) and outputs a state where protease

activity is partitioned uniformly between substréteand substrat® (i.e., f(A) = f(B) =
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50%). This was done experimentally by adding subsBagich that the fractional
cleavage scores were equivaldrig(re 2.11Cii). The second half of this operationzjU
functions to reverse, or turn resource sharing OFF. This was done by adding a large molar
excess of substrat® such that the fractional cleavage score for subskateould
approach 100% (f(A) = 90%, n = 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.

Non-shared Resoprcre:_. . Shared Resource v, = cleavage velocity f(X) = fraction of protease pool
Protease P — . for substrate-x  ~ cleavage events from substrate-x
Pool @ Q020 9O 12 oD
8® __Tois .ﬂ-_,g%m 51.0 fA)= 2, =67%
& @ 212 O
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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 neshared resource environment. The
degree of substrate cleavage is quantified with cleavage velogjtychange in rate of
substrate cleage). The amount (i.e., moles) of cleaved substrate and is plotted as fold
change (FC) from initial fluorescence at time £B).One protease (blue pac man) cleaving

two substrates (substrate= blue, substrat® = red = DABCYL-GPAALKAG-EDANS-

R) represerst 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 sustrat
This is calculated by normalizing the cleavage velocities for each subsi@Gte.
Implementation of the biological uniform operation on a-state analog protease signal
showing raw, kinetic fluorescence data over time (line graphs) used to calihdate
fractional cleavage scores (bar graphs) A protease (Thrombin), first only exposed to the
stateA substrate (5FAMKTTGGRIYGG-(LysCPQ?2)), is then exposed to the stte
substrate (i.e., 1) 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 Uoperation (W), performed by adding stafe substrate in large molar excess,
reversed the operation to restore the protease pool to its original state,sath@hnearly

the entire protease pool is cleaving substfaie90%, n=3).

Next, we sought to build an operation with -@nput/2-output format. Operations
with multiple inputs and outputs are important because they enable the comparison or
integration ofdifferent signals, such as a Half Adder circuit ési2Synchronous 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 reférence an
target signal, to a neshared 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) = 1d8igfe 2.12A). To demonstrate the-L
operation experimentally, we started with a reference protease pool (i.e., MMP?7) initially
in a state of shared resources (i.e., fEAXB) = 50%) and a target protease pool (i.e.,
plasmin) in a state of neshared 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., plain) by adding the stat® substrate HABCYL -
GPAALKAG-EDANS-R). We observed that the output protease pools were both matched
to a state of noshared resources with fractional cleavage scores approaching 100% for

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

resource shang can be matched between protease pools.

L-operation - Link Resource Sharing between two proteases pools

Add substrate-B that is

Reference cleaved at fhngh velocity

protease pool /
ﬂ —_ a Control: f(B) = 100%

Both protease pools are

Target E linked to substrate-B
protease pool M - L
—_— Target: f(B) = 100%

B Implementing the Linker operation with proteases:
Link two proteases to state-B, f(B) = 100%
i. ii.
< 4 MMP7 >
o 3 Lo 1.0 = 1.0
S, 8
S .7 005 Control am = O o0 0.5
o 1+ 2 protease o= 5 ! - >
o] > (o] >
o 04 81216 0.0 w 0 4 8 12 g0.0:=
g Time (mins) i fATE) £ g Time (mins) 2 fA )
= © . ©
1] c L o c
QL 4 Plasmin O QL o
Lw) 3 ‘ . g 1.0 Target em L&: 9 ‘ "f ! E 1.0
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Figure 2.12. Controlling substrate concentration to match two protease pools to the
same state of shared resourceghe linker operation

(A) Schematic depicting the biological implementation of thepkration. The statB
substrate (red) is added to two different protease signals (blue = control, red = target) at
such a concentration that the output sttsubstrate fractional cleavage (i.&B))
approaches 100%B) Experimental example of the-daperation. The output states of
control protease pool (MMP7, top row) and target protease pool (plasmin, bottom row) are
matched by addition of the staBesubstrate (DABCYLGPAALKAG-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.

2.3.4 Solving a mathematical problewith 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¥. Here an oracle contains a hidden striagof digits (Figure
2.13A represents the case where the hidden s&rin§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 generatgandom stringsy, and return the dot product (i.e., the scalar product of two

vectors) between the hidden string and the random string%(io.) 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 formaBied jointstate (i.e., [hidden string,

answer signal]

) that has eight possible permutations (eQ 0 0] , [0OO0 1],
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 numbed the oracle generates the randstnng x = [00], then the user will see

the answer signal = 0 (i.e.=|='t' ) 0] ), which does not provide any
information about the hidden strirgg as it can take on any value. However, if on query
number2 the oracle generates the random string[R1], then the user will observe that

the answer signal =1 (i.@|.=,'t' ) 0] ) 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 hiddenrstg. 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 possilppént-states simultaneouslgy assigning each a

relativeweight( e. g. , f (00 O0), f (00 1), e, f(11 1))
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one or more piece of information after each operation. For example,-hiological

algorithm of the oracle probléeftstarts by initializing all values in the joistate to O (i.e.,

strings (i.e.Jj [ | [ | [ | b ) (Figure 2.13B; steps 1

I P), and then simultaneously represenlis p@ssible hidden

and 2). Then, to solve the oracle, the useriappin 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 seléan) (Figure 2.13B; steps 3 and 4 respectively). For example, in

the case where the hidden string is [01], the correct-gate is [01 1]. Therefore, after
positive selection, the remaining joisitates [011] and [11 1] are equally weighted (i.e.,

| [ | P ). After negative selection, the user is able to determine that

the correct joinsstate with the highest weight is [01 1] (iJ]}, P).

Based on this previously describedakng 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 an#ligede 2.13C), its
fractional cleavage scores f(A) and f(B) take on a value between 0 to 100%, which is
analogous to relativeveights Therefore, if two proteases are designated to represent
possible hiddestring values (grey and blue) and one protease (red) to represent the answer
signal, this system of three proteases can then represent all eight pusstid¢ates
simultaneously. Foexample, 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 eggdilple joint
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states (i.e., f(AA A), f(AB A), ¢éf (BB B))
the fractional cleavage scores of the three proteases (e.g., f(AA A) = Bigfde(2.13C).
These analog weights for the jestates would always total to 100%, and its values would

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

Example Oracle Problem: Non-Analog Solution B Example Oracle Problem: Analog Solution
Oracle
l. Oracle 1. Log of Oracle Queries Represent all hidden strings [ij]

- Generate Hidden . . — "
Hidden random String . Assign a we|grhtrto each joint-state f(jj k)
String string Query Oracle User User a=[01] The encoded joint-state is [01 1]
a=[01] X = [D.‘ number calculates sees learns

‘ 1 [01]+[00) [00 0] a=[i User Sees
2 [01]=[01] [011] Jj=1
ii. oracle 3 [01]=[11] [111] a=[i1] Initialize All hidden Positive Negative

- Caleulate 4 [01]+[10] [1oo] i=0 @ @ strings @ selection @ selection
Hldqen » answer—k £
String signal (a+x) 2
a=[01] [01]s[00] = 0 Hidden string, a = [01] =

Answer signal, k = [1], o
joint-state = [hidden string, answer signal] %
T

joint-state=[jjk=[011 £ STSTETET §T-5TET-ET §TETErST §reTeTsT

——————————————————————————————————

The encoded joint-state is [01 1] User | User |
ser learns: ser learns:

a=[i11] a=[011]

c Shared Resources Representation: Relative Frequency of Joint-states with Proteases and Substrates

G2 @== @@= (AAA)=25%

f(AAB) = 0%
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50% 50% o < @ ¢
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L ) . .
Combinations of three signals represent joint-states

Figure 2.13. Proteases in shared resource environments represent joistates in the
oracle problem

(A) Schematic of nofnalog solution to oracle problem. The oracle problem is a general
inference problem where an oracle (igrey box) is hiding a string of digits (i.e., hidden
string, a = {j]). 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 sighgB) Schematic showing conceptually how

to solve the oracle with proteases. To set up the problem, (1) the user first initidlizes al
variables to O (i.e.jj[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 hiddergssiare 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 sel¢Ciion).
Schematic demonstrating how the weights fbeight 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 blproteases) and resource sharing is OFF (i.e., f(A) = 100%

46



and f(B) = 0%) for the answer protease (red protease). The weights for all eight possible
joint-st ates (i .e., f(AA A), f(AB A), ¢éf (BB B) ]
cleavage sceas 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 nehiological implementation of the oracle probfpwe designed
analog biocircuits using a combination of Uniform (i.ei,ddd ) and Linker operations
to solve the oracle for thearticular jointstate f(AB B) Figure 2.14A; Figure 2.15). All

proteases were initialized to cleaving substfaté.e., jointstate il ==— P)).

Then to represent all hidden strings simultaneously (i.e., answer g
B=1= BI= Bl |= P)), we applied W Uniform operations to
protease pools 1 and 2 to create a state of shared resources within ea€iypeoR(14A,;

steps 1 and 2 Then, we applied Hdoperation(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 ('hélpHaoI P, poot

3R | b ) (Figure 2.14A; step 3. Lastly, we validated that the remaining protease
pool (i.e., pooll) was not matched with the answer signal (i.e., negative selection) by
applying three W Uniform operations, which reversed pdoito a state of neshared
resources cleaving substrate(i.e., pootl l= pP) (Figure 2.14A; step 4.
Experimentally, we found that this protedss#sed, shared resources solution yielded the
correct jointstate with the highest weight (f(AB B) = 80%, n = 3) when compared to the
sevenother possible joinrstates(each other answer < 12%, n3¥F (Figure 2.14A). To

further support these results, we solved the remaining three implementations of the oracle
problem (proteases and substrate$able 2.3), which were f(AA B), f(BA B), and f(BB

B). In each of these three configurations, the proteased solution outputted the correct

joint-state with the highest weighfifure 2.14B).
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A Implementing the Oracle with proteases by leveraging shared resources: B Solving alternate implementations of the oracle problem
Correct output f(pool-1, pool-2, pool-3) = f(AB B)
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Figure 2.14. Using shared resources to represent a mathematical solution to the oracle
problem

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

each of the three protease pools (pb@rey = Thrombin, poe? Blue = MMP7 and poel

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 eachgaite after each round o
substrate operations (step$ 4), 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 BA 18),

and f(BB B)). Schematics to the left of the bar graphs are the schematics representing the
order in which the W Uz, and L gates were applied for each problem. Bar graphs represent
the relative weight for each of the eight possible oujnt-states. Red bar indicates the
correct jointstate with the highest weight.

Example Ideal Oracle problem - f(AB B)

f(AB B) : : :
Signal Initial U, Operation | L Operation |U, Operation
Y Y. f(A) | f(B) | f(A) | f(B) | f(A) | f(B) | f(A) | f(B)
i U1 U2 S i 100 0 50 50 50 50 | 100 0
j 100 0 50 50 0 100 0 100
K \l/L U2'9 k 100 0 100 0 0 100 0 100
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Figure 2.15. Example of ideal solution for oracle problem

Table depicting fractional cleavage outputs of the three signalsi(ije.and k) that
constitute the joinstate (i.e., joinstate = {j k]) after each operation. Each column
represents the fractional cleavage values for the given signal after ttagiapéor the
column is applied. Correct final jokstate is fij k) = f(AB B), i = A, k= B, andk = B.

Oracle | Pool Protease| Substrate-A Substrate-B
Pooll Thrombin 5FAM-KTTGGRIYGG-(LysCPQ2)-C DABCYL -GPLGL-(DAP)-ARG-EDANS-R
f(AA B) Pool2 Cils 5FAM- KYLGRSYKYV -(LysCPQ2)-C DABCYL -GPAALKAG-EDANS-R
Pool3 Plasmin 5FAM-KSVARTLLVK -(LysCPQ2)-C DABCYL -GPAALKAG-EDANS-R
Pooll Thrombin 5FAM-KTTGGRIYGG-(LysCPQ2)-C DABCYL -GPLGL-(DAP)-ARG-EDANS-R
f(AB B) Pool2 MMP7 5FAM-KYLGRSYKV-(LysCPQ2)-C DABCYL -GPAALKAG-EDANS-R
Poot3 Plasmin 5FAM-KSVARTLLVK -(LysCPQ2)-C DABCYL -GPAALKAG-EDANS-R
Pooll MMP7 5FAM-KYLGRSYKV-(LysCPQ2)-C DABCYL -GPAALKAG-EDANS-R
f(BA B) Pool2 Thrombin 5FAM-KTTGGRIYGG-(LysCPQ2)-C | DABCYL -GPLGL-(DAP)-ARG-EDANS-R
Pool3 Plasmin 5FAM-KSVARTLLVK -(LysCPQ2)-C DABCYL -GPAALKAG-EDANS-R
Pooll MMP7 5FAM-KYLGRSYKYV-(LysCPQ2)-C DABCYL -GPAALKAG-EDANS-R
f(BB B) Pool2 Cathepsin G | 5FAM-KSVARTLLVK -(LysCPQ2)-C DABCYL -GPAALKAG-EDANS-R
Pool3 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 sindgdéter amino acid codes. Bold letters represent
other functional groupsDABCYL = 4-(dimethylaminoazo)benzenktcarboxylic acid;
EDANS = (5((2-Aminoethyl)amino)naphthalent sulfonic acid);LysCPQ2 = lysine
conjugated quencher (CPC Scientifi©)AP = 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 usedltied protease
operationscarried out by Boolean logic gates to construct an artatogital 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
biocompaators using peptideaged liposomes because these materials arealeiated
and biologically compatib!€® %1 Our molecular approach is distinct from existing
synthetic proteif? and geneticcircuit®? 1°2 methods that require protein or organismal
engineering to control signaling, including the rtomial OFF state for proteases which
has required insertion strateg®¥ artificial autoinhibitor§®, or dimerizing leucine
zipper$? to control. Parallel to our use of liposotbased 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 liposommdi?> 193 Our approach may be
amenable to integration with these genetic approaches, if for example, these circuits were

redesigned to input or output (i.e., exgseproteases.
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In addition to manipulating exclusively twalued protease operations, we
demonstrated the use of proteases in a shared resources environment to represent analog
operations. Analog biocircuit 1° have been demonstrated sgstems including gene
circuits, DNA strand displacement cascades, and restriction enZ/&sMany of these
circuits®® 104106 primarily process continuous signals via summing, thresholding, and
binning using comparatofor linear threshold circuitg(i.e., multrinput comparator). A
few studies have used analog biocircuits to represent and operate on multige state
simultaneously by assigning a weight to each state (i.e., fuzzy logic). As an example, a
pool of restriction enzymes$;0kl, was partitioned between different DNA substrates to
represent two output states with a weight (i.e, 100%) calculated by the edlve
abundance of each DNA product (i.e., 16 versus %lbng product band®) 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 pblem, 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 ptoblems
Looking forward, this strategy may have advantages for implementing biological problems

that require a type of iterative approach, such as the decryption of gene*€frcuits
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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, Riise JJ, Wang X, Murthy Nwong GA.Dimensionless parameter

predicts bacterial prodrug succelSkl. Sys. Bio2022.

3.1 Introduction

The rise of multidrugesistant bacteria coupled with the lack of newly developed
antibiotic treatment strategies has created a serious public health!?Af&atAntibiotic
success is markedly improved by proper titration of drugs, as overdosing leadtatgeiff
toxicity and underdosing increases the likelihood of pathogens developing residfance
However, optimal drug doses are diffictdtachieve over the course of treatment because
infection burden changes dynamically over time, creating a moving t&td#t Prodrugs,
which represent ~10% of all FDApproved drugs in the last decdde are a promising
solution because they present multiple strategies for reviving rexisti previously
discarded antibiotict'?, these strategies include increasing bioavailability and solubility,
reducing offtarget effects, or targeting bactesipecific enzymed-or example, a prodrug
of ciprofloxacin was developed that reducedtafiyet toxicity while selectively targeting
bacteria expressing -lactamase (i.e., a resistance enzyme that degradastan
antibiotics) 14 Prodrug forms of Triclosa#®, Carvacrol*'6, and multiple nucleoside
derivativest!’ 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 ganciclb¥iand isoniazid!®, 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 treatmenen@yrfailure
mechanisms fall into three distinct categofiesesistance, persistence, and tolerance
which are characterized by the change in drug concentration and exposure time required to
kill bacteria. For example, resistance is characterizedebgtqr 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 increasady drxposure time (minimum duration for
killing, MDK) 29 However, prodrug activation introduces an additional reaction step; this
two-step??! 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 kinetesebet

parent and prodrug forms of the same compotifd?’. For example, ageitased
simulations revealed that the rate of prodrug activation (i.e., catalytic efficig')hcyﬁ) )

had a strong effect on the MIC of each compotad-urther, 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'éféip 126,
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Here, we develop a mathematical model of baci@marug systems to probe
failure mechanisms and identify a prodisjgecfic metric distinct from MIC to classify
failure. We apply our model to twe vitro systems: (1) a prodrug of a cationic
antimicrobial peptide (AMP) polyarginine {Rtargeting DH% E. coliand (2) a prodrug
of trimethoprim (TMP) targeting UTI8R. coli. The polyarginine AMP is formulated as a
prodrugby charge complexation with anionic peptides connected by a modular protease
cleavable linker substraté ¢ 127, We design the linker substrate to be cleaveé byoli
protease OmpT, such that increasing concentrations of bactetiaata higher
concentrations of free AMHhe trimethoprim prodrug comprisgtsomaltose conjugated
to trimethoprim via a selimmolative disulfide linker, which releases TMPH upon
cleavage by free thiols inside bacterial cells without affecting thieitpxf the drug'?®,

Free TMROH then kills bacteria by inhibiting tetrahydrofolic acid synthesis, which is a

necessary cofactor for thymidine, purine, and bacterial DNA syntHésis

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, statignphase) 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 pameters characterize physical systems across a wide
range of scales (e.g., time, length, temperature, etc.); for example, the dimensionless
Reynolds numberRe predicts the transition from laminar (Id®g to turbulent (highRe
fluid flow 2% Similarly, we show that th8AH predicts the transition from successful

treatment (lowBAH) to prodrug escape (highAH) 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 par@mmay be useful for predicting prodrug success
across a broad range of treatment conditions which may extend to clinical use cases. These
gquantitative insights may inform future drug design and treatment protocols for improving

the impact of prodrugs ibombatting antibiotic resistance.
3.2 Materials and Methods

3.2.1 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 neasuring peptide substrates terminated with FITC (Fluorescein isothiocyanate).
Kinetic measurements were taken every minute over the coursd diZDminutes at 37

eC. Tobacco etch virus protease (TEVp), al
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).

3.2.2 Bacterial culture and cytotoxicity measurement

DH5U Escherichia coli were a gift from Tod
E. coliwere cultured in LB broth (Lennox)&at7 e C and pl ated on LB a
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 forarinformation. Bacteria were

grown to a concentration of 1GFU/mL before being used for experiments. Concentration

was estimated by measuring the &d»f the bacterial suspension, and assuming aspD

of 1.000 corresponds to a concentration of 8 @BU/mL. Bacterial cell viability was

measured by making eight-f6ld serial dilutions, and plating three 10 pL spots on an LB

agar pl ate. Pl ates were incubated overnigh
bacteria CFU counts served as control @6 cytotoxicity, and bacteria + IPA (or O

countable CFUs) served as control for 100% cytotoxicity.

3.2.3 Computational model

The ODE modelling and solutions were performed in MATLAB 2020b. Code can be found
in supplementary informatioand at https://github.eo/brandorholt/bacterialadvantage

heuristic

3.2.4 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, vieased a
way ANOVA (without repeated measures) followed by Sidak's multiple comparisons test.
A oneway ANOVA followed by Dunnett's multiple comparisons test was used to compare
experimental means to cells only control bacterial viability assays-WayoANOVA
followed by Sidak's multiple comparisons test used to compare experimental means to

control for bacterial cytotoxicity at multiple starting concentrations.

3.3 Results
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3.3.1 A computational model of bactermodrug activation kinetics

Models of parent drug kinetic¥%13? generally do not have feedback loops,
meaning the drug population affects the bacterial population (i.e., bacterial death, green
arrow), but the bacteria do nobfiuence the drug populationFigure 3.1A). By
comparison, models of prodrug kinetics do have a feedback loop as bacteria determine the
growth of thedrug 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 dedfig(re 3.1B). Interestingly, this may enable
possibilities where bacteria escape prodrug treatment; for example, when the activation
rate is decreased to a nearo value (i.e., activation, red arrow witk"), then the rate of
bacterial death is minimized, allowing the bacteria population to grow uncontrolled
(Figure 3.1C). To quantitatively understand the ratempetition between bacteria and
prodrugs,we built a mathematical compartment model using a system of nonlinear
ordinary differential equations (ODH this system, the three dynamic populations were
the BacteriaB, the Locked drug (i.e., prodrugl, 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 popuBfias,
increasing theate of prodrug conversion (i.&.to U) and the unlocked drug populatibn
as increasing the rate of bacterial de&ilyre 3.1B). To account for the fact that bacterial
growth rate,r, slows down as environmental resources become limiting (i.e., carrying
capacity,Bmay), we used a logistic growth modeP, which produces an-Shaped curve
and has been used extensively in biology to study population exp&fsiad tumor

growth 135 By contrast, we model the rate bfcterialdeath as proportional to the
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concentration of unlocked druy, and the concentration of Bacteri,according to a
proportionalityrate constanta, which represents the bacterial death rate constant

(Equation 3.1, Table 3.1).

— i6p — ©6TY

Equation 3.1

To model the rate of activation of locked drugswe applied Michaelidlenten (MM)
kinetics'5, where the rate afubstrate activation is determined by the catalytic rate of the
reaction,kcar, and the halimaximal substrate concentratidiy. Here, we modeled the
locked drug as the substrate and the unlocked drug as the product; therefore, we modeled
the bacteria athe enzymatic population because the bacteria convert locked drug (i.e.,
substrate) to unlocked drug (i.e., produd@yuation 3.2). To apply MM Kkinetics, we
assumed our system constituted a w@hked solution of freely diffusing substrates (i.e.,
locked drug) in large excess relative to the number of baeamgmes, Wich were valid
assumptions for our downstream studies since prodrugs were present at concentrations
~1C micromolar in an agueous environment relative to a maximum bacterial concentration
of ~10® micromolar. Because the total amount of drug is consewediefined the MM
activation rate of unlocked druyy, as opposite of the degradation rate of locked tlrug

We further included a term to account for the loss of unlocked drug according to a
proportionality constant), which represents the drug decatereonstan{Equation 3.3,

Table 3.1).
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Equation 3.2
— 06— 067y

Equation 3.3

We performed a linear stability analysis on this system of differential equations and found

that there are two unique steashate solutions. The analysis revealed that the solution that

includes the resuld g5 © is stable, whereas the otherwimn (i.e., 6 gg T is
unstable Appendix A.2).
a b c
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Figure 3.1 A computational model of bacteriaprodrug activation kinetics.
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(A) Standard model of bacterthug 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 deathdge., gr
arrow labeled "bacteria death"). (Bottom) Computational results of the parent drug model,
plotting the living bacteria population over timeé8)(Our model of bacteriarodrug
kinetics (i.e., the prodrug model). (Top) General mass action schematelotkied 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 pdmraover 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 baictever time. In all plots, bacteria

are plotted as number of cells (numaxis), and time is plotted in arbitrary units (a.u., X
axis).

Parameter Value Units Expanded Name

r 0.10 3 ht Bacterial growth rate

Keat 0.70 25e10 ht Enzymecatalytic turnover
Kwm 10 UM Michaelis constant

Bmax 5e5 CFuU *# Maximum bacteria

concentration

a 1le13 e L ¥ Bacterial death rate constant
b 2e2 eL ¥ 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 shahe table.

3.3.2 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 activafigure 3.1B, C).
Therefore, we chose to focus our studies on a dimensionless parameter that represents the
competing ratio of growth rate)(divided by prodrug activation ratk4). We defined this
dimensionless parameter as the Bacterial Advantage HeuBgtid) (and we calculated

the log of this quantity since bacterial quantities span across several orders of magnitude

(Equation 3.4).

i
600aé Q—
Q

Equation 3.4

In this form, theBAH is larger when the rate of bacterial growmthificreases relative to

the rate of prodrug activatiorkeé); according to our hypothesis, conditions with larger
BAH values would yield an increased probability of prodrug escapeverify this
computationty, we sought to determine the critiddAH value BAHc:it) that distinguishes
prodrug escape from prodrug succdsgfre 3.2A). Using our mathematical model, we
simulated >2500 prodrug treatment conditions covering a range of valuefarl02i

10° hrY), Bmax (5 X 10 10 CFU/UL), keat (2.5 x 101 101 hY), andKm (0.7471 7.47 mM)

each spanning at least an order of magaeit{agure 3.2b). We fixed the bacteria death
rate constanf, and the drug decay rate constémtyecause 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 drugye 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
differentBmaxvalues. We observed that at early time points {i.€.24 hours) conditions

with smallerBAH certainly reached a final value of 0, whereas conditions with |&4ger
resulted in a distribution between 0 and-ig(re 3.2Cd E). However, the modedhowed

that as the system moves toward steady statet ¢.€4 hours), conditions with higBAH
approach a final value of 1, revealing a critical valuBAH (BAHcit ~ -11.37) Figure

3.2Fd H). In other words, the model predicts that for any environmental condition that
produces 8AH > BAHcit, the bacteria will ultimately escape the prodrug treatment, and
for BAH < BAHit, the bacteria will die (i.e prodrug success)hese dimensionless
parameters may be important for guiding the successful design and administration of

prodrug therapies, which can be improved by optimizing fundamental pharmacokinetic

parameters.
a b
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Figure 3.2 Predicting prodrug success with a dimensionless parameter.

(A) (Top) Schematic of general mass action model of bacetiaated 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 expressi@reen

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 betwe®&AH value and final number of livingacteria (normalized

by Bmay. 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 dasheddipeesents the criticBAH value (i.e.,

BAH:it), the point at which the condition switches from prodrug success to prodrug escape.
Blue ovals with grey pamans represent bacteria either surviving (whole), or dying
(fragmented). B) Legend showing the nge 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 displaydelow in brackets.Jd H) 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®) (y-axis), vs. th&AHvalue for that system
(x-axis). Horizantal 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 criti@AH value (i.e.,BAHcit) at which systems
switch prodrug success (0) to prodrug escape (1).

3.3.3 A bacteriaactivatable AMP prodrug targets E. coli protease OmpT

To validate the predictions of our mathematical model witinartro bacteriaactivated
prodrug system, we synthesized a proteag®rated AMP podrug. This AMP prodrug
comprised cationic (polyarginine, R antimicrobial peptides (AMP) in charge
complexation with anionic peptide locks (polyglutamic acids) By a linker peptide
(RRS|RRV) specific for the ubiquitous bacterial protease OPAEY. Upon proteolytic
cleavage of the linker, the hairpin prodrug is unlocked to release free RibiRd€ 3.3A).

To measue OmpT activity, we synthesized an activity prébé* 78 80 81,96 138 \yjth free
linker peptides containing a fluorophega@encher pair, which produced an increase in
fluorescence upon proteolytic cleavage. To demonstrdterlspecificity for OmpT, we

incubated the activity probe with OmpT genetic knockout bacteria, as well as the parent
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background strainH. coli K-12 BW25113), and only observed activity in samples
incubated with the parent strain (i.e., Ormpdsitive) Figure 3.3B). We also observed no
activity in samples containing the serine protease inhibitor, Aprotinin, which inhibits
OmpT when present in micromolasrcentrationd?, confirming the linker specificity for
OmpT Figure 3.3C). We observed similar cleavage activity using this linker substrate
when fully integrated into hairpin AMP drilgck complexes, confirming that linker
presentation within a constrained comf@tional state did not significantly affect cleavage
activity by OmpT Figure 3.3D). To measure the cytotoxicity of the unlocked drug, we
dosed bacteriwith free AMP and observed significant reduction in colonies compared to
untreated controls (blue barsfigure 3.3E, F). To confirm prodrug specificitywe
synthesized AMP drufpck complexes using linker peptides specific for OmpT or tobacco
etch virus (TEV) protease, which exhibits orthogonal protease specifititye obsrved
elimination of bacteria only in samples containing OrgpEcific AMP prodrug (grey
bars) or samples treated with both TEV and T&pécific AMP prodrug (red bars). All
control samples containing either TEyecific prodrug alone or Aprotinin inhibitalid

not significantly reduce bacteria loaigure 3.3E, F, Table 3.2). These results showed
that AMP druglock 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 Re, white rectanglelocked by an anionic peptide lockag,

black rectanglewith a proteaseleavable linkerRRS|RRYV, grey «+shapé is activated by
OmpT protease (grey pacman) activitid) (Cleavageassay measuring the activity of
OmpT expressed on the surface of parent siaicoli K-12 BW25113 (OmpJpositive;

blue bacteria with grey pac mans, top) as well as OmpT genetic knockouts {OmpT
negative; blue bacteria with red X's). Activity is measuusihg an activity probe,
comprising a linear peptide substrate (grey bar) with a fluorophore (blue/grey star) and
qguencher (black circle) on either en@) Cleavage assay using activity probes to measure
the activity of recombinant OmpT (grey proteasefit{land OmpT expressed on the surface

of E. colibacteria (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 plottedsalack and grey lines, respectivel{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 (grg 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 (substratet YFQ|G, specific to TEV
protease) (red bar). Negative control for locked AMP (substrate: RRSRRYV, 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 viawag ANOVA, and are plotted

as fraction of bacteria only control -fxis, fraction). Error bars represent starbl
deviation (n = 8 4 biological replicates). ***P < 0.0001.(F) Representative images of
bacterial plates used to quantify viability with schematic legend (scale bar = 4Data).
information: For all line graphs, shaded regions represent standardtidavia = 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 EEEEEEEEEEEEERRSRRVRRRRRRRRR
(linker 1)
Locked AMP EEEEEEEEEEERKTRRRRRRRRR
(linker 2)
Locked AMP EEEEEEEEENLYFQGRRRRRRRRR
(linker 3)

Locked AMP | [DABCYL] -EEEEEEEEEEEEERRSRRVRRRRRRRRRILyS{EM)]

Probe

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
singleletter amino acid codes. All motifs in square brackets represent either a quencher
compound (e.g., [DABCYL]) or a fluorophore compound (e.g., [LysfV)]). 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, 5i Carboxyfluorescein
3.3.4 Validating the model and predicting prodrug success with an AMP Prodrug and

DH5UE. coli

We sought to fitour computational model to this experimental bacteradrug
system (AMP prodrug + DHB E.col) (Figure 3.4A) and demonstrate that the
dimensionless paramet&AH can predict which conditions are favorable to prodrug
success. Rather than using global parameter fitting method after the final syst¢ested
(i.e., bacteria + prodrugs), we individually measured the values for each of the relevant
parameters experimentally, including enzymatic efficiency (e4y.Kwv), bacterial growth
(e.g.,r, Bmay, and prodrug activity (e.ga, b in isolatedsystems (e.g., bacteria alone,
enzymes alone, bacteria + activpggobe, 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 combinatiok&t@nd r values before
performing the physical experiments. We experimentally rolatl the nine distinct
combinations okcatandr values by altering thembient temperature and concentration of
broth (conditions labeled A13, B1i 3, and C13; Table 3.4). We affected the enzymatic
activation rate of the prodrulat, by changing temperature as described by the Arrhenius
equation 4%, Our model anticipated two possible steatigte 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 leveturé 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 24hour treatment window. Quantified bacterial counts takeimd treatment closely
matched the values predicted by our model (red and blue Eigtse 3.4B, C, Figure

3.8). Further, our model predicted that the dimensionless pararBétdr would separate
prodrug success conditions from prodrug failure conditions. We calculatBéthealues

for each of the nine condition¥4ble 3.4) and pldted against the final bacteria number
(normalized byBmay, which revealed that a critic®AH (BAHit) clearly predicted the
conditions where prodrug treatment was favorablgure 3.4D). By receiveroperating
characteristic (ROC) analysiBAHcit perfectly predicted the conditions where prodrug
treatment succeeded (AUROC = 1.00, n = 9) with 100% specificity and sensiyity
comparison, the unlocked drug control (i.e., free polyarginine) successfully treated bacteria
in all nine conditions testedrigure 3.8). We next saght to demonstrate an experimental
example of how th&AHcit could be used to guide successful prodrug treatment. Our
model results predicted thelhanging key system parameters to decreasBAlebelow

the critical threshold will result in successftédtment of bacteria. To demonstrate this,
we took three different AMP prodrugs with distinct linker sequencablé 3.3), which
served to increadeat values for OmpT, thereby decreasing B#eH value belowBAHcii.

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 treatmet (Figure 3.9). Collectively, these experiments demonstrate that vidhen

coli are exposed to the AMP prodrug, our model can be used to predict baptaniti
kinetics that closely match experimental observation. FurtheBAkHs 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, OmpTpaatexia (blue). The AMP
prodrug first (step 1) complexes with a membrhoand protease. The protease
enzymatically cleaves the AMP prodrug, thereby, activating the prodrug (step 2). The freed
AMP Kills the bacteria by intercalating with the membranescayfatal 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 conditiofi8,(81i 3,

C1i 3) given extracted growth rate and enzyme kasgparameter 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 (A3, scale bar = 4 m). (D) Plotting the resulting endpoint
bacterial growth for each of the nine conditions (plotted as number of bacteria normalized

69



by carrying capacit¥3may versus the calculatd®AH number (blue dots). This is compared
against the values predicted by thmdel (black dots). The criticadBAH value that
separates prodrug success conditions from prodrug failure conditions is represented by the
vertical dashed line (i.eBAHcrit = -11.37).

A Bacterial deathrate,a B Prodrug Activation

Drug decay rate, b Constant, kca/Km
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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 smng)e

could calculate the number of bacteria and drug copies consumed in each killing reaction.
This calculation helps us to estimate the parameters (1) bacterial deaghaate(2) drug

decay rateb for the AMP prodrug systemB] MichaelisMenten &periment 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 Michaelenten equation to thegesults (black line) to
calculate thécatandKwm values for this enzymsubstrate 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 sulpsthts

which was used to quantifyandkcatfrom bacterial cleavage assafB) Bacterial cleavage

assays (blue line) where we are measuring the increase in fluorescence from the cleavage
of the fluorquencher substrate probe over time. Bacteria and-fjluencher probe are
incubated together for 12 hours. Then, we fit a simplified model to the reshits) is

plotted as the dashed line. Each panel is labeled with the environmental condition as
described in Table EV3 and correlating with Figure 4.
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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 EDHba

Each dot represents the amebacteria concentration (n = 3 biological replicates, CFU/uL,
y-axis, logo axis) at a specific temperature and media concentration (see legend) over time
(hours, xaxis). Dashed line represents theaBconcentration used in the model (y =5 x

10° CFU/L). 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 mediatioosd

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 pesicubation(red or blue dots; n = 3 biologicatplicates, error

bars SEM) and ODE model simulations (red or blue dashed lines) of nine conditiéns (Al

3, B1i 3, C1 3), Standard error (SE) represents the difference between model predictions
and experimental observation and is displayed in the top righecof each panel.
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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-&xis) was equal to 1 if saturating colonies were present after
plating (i.e., biofilm), and bacterial growth = O if there were no coloniesptdblue,
green, red dots; n = 3). Bacterial growth rates were held constant, and thBfdfiralues
(x-axis) were calculated using the differéad: values associated with each linker. Solid
black line represents the values predicted by the modeesmsis Figure 4.R) 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 0.10 3 ht Bacterial growth rate
Keat 0.78 25e10 hl Enzyme catalytic turnover
Km 10 UM Michaelis constant
Bmax 5e5 CFuU *# Maximum bacteria
concentration
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a lel3 e L ¥ Bacterial death rate constant

b 2e-2 eL ¥ 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 snthird column from left), and expanded name
of parameter as used in manuscript text (fourth column from left) are shown in the table.

Condition | Temperature LB Broth r(h? |kea(h!)x| BAH
Label Concentration 10
Al 37 eg(C 0% 0.1 25 -12.39
A2 30 eC 2% 0.14 13.6 -11.98
A3 37 ecC 2% 0.3 22 -11.86
Bl 37 egC 4% 0.5 15 -11.47
B2 37 ed(C 6% 0.85 13.6 -11.20
B3 37 egC 20% 2.2 1 -9.65
Ci 30 edC 20% 14 5.2 -10.56
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C2 30 eC 66% 1.6 4 -10.39

C3 37 ¢efC 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 prodrughis information includes incubation
temperature (second column from left), the concentration of LB broth by volume (third
column from left), growth rater, (fourth column from left), enzyme catalytic turnovies;

(fifth column from left), and the bacterial advantage heuri&#&H (sixth column from

left).

3.3.5 Validating the model and predicting prodrug success withTIWP and UTI8%E.

coli.

We next sought to validate our model with an orthogonal baqteodrug pair, for
which we used the strain UTI& coli, which has been used in mousedals of urinary
tract infectionst*? 143 in combination with a thiomaltose (TM) conjugated prodrug of the
common antibiotic trimethoprim (TMPY¥* 45 known as TMTMP 26 Conjugating
thiomaltose to trimethoprim has been shown to increase the water solubility of TMP by
100-fold, while being stable to serum enzgsand maintaining activity against urinary
tract infections in micé®®. In this formulation, thiomaltose serves aameting ligand by
complexing the prodrug with maltodextrin transporters, which are exclusively expressed
by bacteria, relative to mammalian cellSgure 3.10A, step 1)*%. Then, thiomaltose is
conjugated to TMP via a salhmolative disulfide linker that releases TMPH, which is
as active as TMP, upon disulfide cleavage by free thiatpufe 3.10A, step 2;Figure

3.11), resulting in the Killing of bacteriaF{gure 3.10A, step 3). When comparing the
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relatve bacterial toxicity of TMP (parent drug) and TNMP (prodrug) under one set of
environment al conditions (i.e., 37 eC, 75 ¢
significantly more efficient at killing UTI89 bacteri&igure 3.10B; minimum inhibitory
concentration (MIC), MiIGgwr = 3. 2 & MmMpSs. 5NMI G M; n = 3), w h
matched results from a separate stédtlywe hypothesized that the prodrug was less
effective because the BAH value in this experiment was aboveritieal threshold,

indicating conditions favorable to prodrug escape. To test this, we calculated the BAH for

this experimentKigure 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 bacteringrowth rate was decreased by at least an order of magnitude. To verify this
experimentally, we examined the same conditions (e.g., TMP vsTNIM) at one drug
concentration (10 gM), but decreased the b
bacteral growth rater, (i.e., approximately 1.23 orders of magnitudes= 1.7 st vs.ro%

= 0.1 s') which decreased tH&AH value. We observed that by decreasingBA&l value

below BAHc:it (i.e., BAH7zs% = -10.8 vs.BAHow = -12), the efficacy of the prodrug was
significantly increased and the parent drug (TMP) and the prodrugT(MIM) 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 prodrkg;, by spiking in glutathione

(GSH), which rapidly hydrolyzes TMMP 126, We found that by adding in GSH (5 mM

GSH condition), the number of bacteria killed by AP (prodrug) wassignificantly

increased, whereas the bacterial counts did not significantly change in either the TMP
(parent drug) condition or negative control (no druliggre 3.10D). These results

demonstrated that using tH®AH 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 8&H (Figure 3.1) closely matched the kinetics

of bacterial growth with this new bactepaodrug pair. To validate the model, we started

by testing the bacteria poputat 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) TINWP = locked drug)Kigure 3.10E,

top row). For each version of the model (i.e., each column), we tested both a high bacterial
growth rater, (Figure 3.10E, middle row) and a low bacterial growth rakegure 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.ghacterial growth rater,, and bacterial carrying capacitBmay, which
resulted in a close match between experimental and computational regute G.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 andb, 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 drugyhich closely matched our experimental results
(Figure 3.10E, middle column). Finally, both the model and tBAH value correctly
predicted whether thefM-TMP (prodrug) would successfully treat bacteria (i.e.,
population decays over time) or whether the bacteria would escape treatment (i.e.,
population grows over timdtigure 3.10E, right column). These results confirm that our
model matches experimental kinetics and thatBtA&l 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 TMTMP and
UTI89 E. coli.

(A) Schematic of the activation mechanism for the prodrugTNMP 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 disuHide self
immolative linkage connecting TM to trimethoprim (TMP, red) is cleaved by thiols,
releasing free TMROH and thus activating the drug (step 2). Free TOW kills the
bacteria (step 3).B) Measuring the toxicity of free TMP (red) and prodrug -TMP

(grey) agaist 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;
onewayANOVA + Dunnett és mulQ Mgasueng theonompbarrofi s on s
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 deviatompang A NOVA + Tuke
multiple comparisons testD§ Measuring the number of surviving bacteria under difie

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.,-TMP, grey) are incubated with no

GSH, or 5 mM GSH, which increases the activation rate of the pro@E)gPlotting
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 theoanvental 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 meamnts (n = 3 biological
replicates) and dashed lines are predicted by the computational iDateinformation:

All conditions in (c) and (d) are compared using -w@& ANOVA with multiple
comparisons test. All comparisons are made in reference tadheria only control (blue

bars) **P < 0.01, **P < 0.001, and ***¥ < 0.0001.

TMP-OH
NH2
_ | NH2 NN o
™ N,N=N R/?' CO)O | SN Drug release PP
-
\NS,M N//kNHg ——»  HN" N I OH
O N=N ~ S%
TMvN +
TM-TMP \)\/\S/S\R

Figure 3.11 Proposed cleavage of TMIMP in the presence of exogenous thiols.

Schematic adapted from Wang et. Bioconjug Chem 2018. TMTMP is inactive
(prodrug) when conjugated, but TMPH (active drug) is released upon cleavage by thiols.
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Figure 3.12 Predicting the BAH value for the model TM-TMP system.

Computational simulation results of the TMMP system. Each panel represents
simulation results from >2500 iterations, whikesg Kwm, r, andBmaxwere varied (blue dots).
Each panel represents the results after a ceataount of simulated time (Title: time = x
hours). For each simulation (blue dotBAH (x-axis) was calculated usirkg.tandr, and

an outcome was plotted as the number of bacteria divid&shhyy-axis). The horizontal
dashed lines at y = 0 and yiFepresent the upper and lower limits, and the vertical dashed
line represents the estimatBé\Hrit.
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Figure 3.13 Measuring kinetic parameters for the TM-TMP Prodrug model.

Drug dosing experiment plotgnthe quantity of bacteria surviving after treatment (plotted

as CFU, yaxis) versus the concentration of the parent drug (i.e., TMRIS}. Experiment

was taken at short time interval (t < 10 mins) so we could calculate the number of bacteria
and drug opies consumed in each killing reaction. This calculation helps us to estimate
the parameters (1) bacterial death rateand (2) drug decay ratb,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 pammmeter
between 5 x 1& pL/h and 5 x 16! uL/h and for parametds between 5 x 1® uL/h and

5 x 10?1 pL/h. For all permutations of these values éosndb, we calculated the BAk

value by varying all other system parameters (e.g.né, Bea, Km) and finding the point

at which the steady state switches from 0 taxBWe then plotted the bad® log of the

ratio betweera andb (x-axis) against the BAk: (y-axis) for each iteration.
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Figure 3.15 Evaluating the predictive power of a modified BAH

Simulatedexperimentcomparing theredictive power ofthe default BAH (togsix plot9
against a modified BAH (bottom six plot8acterialgrowth rate, enzymatic turnover rate,
Michaelis constant, bacterial death rate constant, and the drug decagnmatearied over

a finite range (two wlers of magnitude)Final bacterial ppulation numbey (y-axis,
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normalized by carrying capacityyenerated by individual simulations using all
permutations of the variables are plotted agahmstespective BAH valug(x-axis). The
top six plots are theesults from the simulations using the default BAH, and the batbom
plots are from the simulations using the modified BAHeTitle of each individual plot

denoteshe time(in hours) at which the values were recorded.

Parameter Value Units Expanded Name

r 0.16 0.7 ht Bacterial growth rate

Keat lell ht Enzyme catalytic turnover
Kwm 16 Y Michaelis constant

Bmax 1.5e9 CFU *mL? Max bacteria concentration in

tube

a 3e 16 mL * ht Bacterial death rate constant
b leb mL * ht Drug decay rateonstant

Table 3.5 Parameters used in UTI89 + TMTMP 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 shdiva 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 dé$igwhile there have been
many studies on bacterial resistance strategies that affect traditional antibiotics (i.e., parent
drug), comparatively little attention has been given to studyingesséfailure conditions
specific to prodrugsTo 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 experiai@bservations from boih vitro
prodrugbacteria systems well, while only modifying parameter values between systems.
However, future work may improve the model by testing systems with distinct structures
such as mulistep activation mechanisms, mplé bacterial phenotypes, or dynamic
parameter valuedVhile this work held parameteessandb constant within each system
(Table 3.3, Table 3.5), the model predictions could be further improved by measuring
these constants under all environmental conditibangher, subsequent iterations may also

incorporate different models for drikgling (e.g., Bnay #’ or bacterial growtH4.

From our model, we derived a dimensionless paramigfgt, 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 resuli$is feedback (i.e feedback loopFigure 3.1B)
between bacterial density and drug concentration is similar to the feedback between
bacterial density and antibiotics imetinoculum effect*, or the feedback between drug
insensitive cells and drugensitive cells in mukdrug adaptive therapies for cané®rWe

demonstrated that both environmental (e.g., temperature, available nutrients) and
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pharmacokinetic (e.g., activation rdgi) parameters can be tuned to engineer successful
prodrug therapies. These findings may reveal opportunities for improvement in prodrug
designjfor example, this information could be leveraged to improve the efficacy of existing
prodrugs by tuning the ratdf prodrug decay (i.e., biological hdife), which influences

the BAHcit transition valug(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 targe 152 Importantly, theBAH 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 resistancé?, yet the MIC of the parent and pforms of the same drug can differ, as
seen with both model prodrugs used in this study as well as others from the litefature
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 treatmé&itture iterations of this work and tBAH
may result in a standardized quantitative design criteria that is specific to prothisys.

supported by the fact that even with ranodrugs, metrics such as the singél MIC 152
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and others based on bacterial temporal dynafifdsave been developed for predicting

treatment outcomes where MIC fails.

Dimensionless paranes like theBAHare commonly used in engineering to create
metrics that are consistent across gggtems (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 pdrug escape and successful treatment occurred sharply at one value (i.e.,
BAHcrit = -11.3). By comparison, in the TNIMP system this transition occurred across a
range of values (i.e;11.5 <BAHit < -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 < 4000jterestingly, both th8AHcit values €11.3 vs-11.5 to
-11.1) and the ratios @fto b (.5 x 10 vs. 3 x 10} 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 ratia to b (Figure 3.14). Further, dmensionless parameters
measured in model systems can be used to make predictions abouupcadedions of
the same system (i.e., similitude). Analogously, future work may shatwtheBAH could
be used to predict which prodrugs are most likely to succeed in clinical settings based on

smallerscale 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 bacter@rodrug system into the dimensionless number. We
demonstrated that modified BAH which includes two additional parameters @eand
b) had increased predictive power when compared against the default BAH used in this

work with a series of simulationsFigure 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 coulaientially be caused by environmental
perturbations (e.g., temperature, pH, etc.) as demonstrated in this work, or by genetic
mutations that affect pathogen growth radf@sr enzymatic activity®® 1>7. We predict that
mutations affecting the prodriagtivating enzyme (i.ekca) 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 rade!{®>. Based on protein expression numbers alone
158 the range of effectivécatvalues is at least one to two orders of magnitude higher on
average than the range of potential growth rate vakrfe¥° which meas mutations
affecting enzyme activity can have a larger impact orBEl value. Further, there are
multiple examples of clinical prodrugs with known bacterial resistance mechanisms linked
to enzyme mutations. For exampléhe nitroimidazole class of ahtotics (e.g.,
metronidazole, dimetridazole, tinidazole, etc.), which is used to treat anaerobic bacteria
(e.g., Enterococcusspecies,Clostridium species,Helicobacter pylorj etc.) represent
prodrugs that are activated by bacterial reductd8e&enetic 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 prodruf?14 Asanother example, the major cause of resistance to nitrofuran
prodrugs are mutations mdsAandnfsB which are the enzymes responsible for activating

the nitrofuran compountf®.

Here, we quatitatively 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 sucess, 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 research4razgrg Q*,
Holt BA*, Kwong GA**, Qiu P** (*** = these authors contributed equally to this work).
Deconvolving multiplexed protease signatures with substrate reduction awdyacti

clustering.PLoS Comp. Bial5 (9), e10069022019.

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 drivef diseases, including cancer and sep$i¥- 166172 The
ability to quantify the activity of proteasésof which there are >550 in humanson a
larger scale @y 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®. For this reason,
countless platforms have been developed to sense and modulate protease activity both
vivo andin vitro, with the potential to extract useful physiological informafid# 36 4063
777981176183 However, tocompletely 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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impractcal at this scale (i.e., on the order of)1®urther, current activity probes require
experimental knowledge of proteassubstrate specificity*®4, which is difficult to
completely map out because proteases are promiséuaiich means one protease is
capable of hydrolyzing multiple different substrate sequences. Therefore, ind&pende
protease signatures become convolved when attempting to detect multiple proteases
simultaneously, making it difficult to quantify the relative activity of each protéase
Previous studies have successfully developed computational algorithms to parse these
signatureg’, but these ntbods 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 peasesubstrate 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 lla, Xla, etc.) proteases, which display a high
degree of promiscuity and are inved in a range of hematological and immune disorders
(i.e., clotting disorders, complement deficiencies, ét.)%. To overcome the challenge
of scaling to lager 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 proetease
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 designrfdeconvolving protease composition of protease
mixtures, we developed pipelines for estimating kinetic parameters from real experimental
data, and simulatinop silico experimental data. In this Method section, we introduce the
individual components of thpipeline Methods 4.2.24.2.5. We then apply the pipeline

to optimize the selection of substrates and cluster proteases into faMéik®d 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 optimizingikiparameters for a modified Michaelis
Menten model®6 187 (see details irMethods 4.2.2.2and 4.2.4.). We then apply the
kinetic parameters learned in the first step to edéintae mixing coefficients, which
represent the individual concentrations of proteases in a mixture (see dekddthod
4.2.4.9. In the case whera 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 laver resolution fMethod 4.2.6.

4.2.1 Recombinant Protease Activity Assay

We tested a total of seven recombinant proteases in the activity assays. Campleme
proteases C1r (purity >90%), C1s (purity >95%), Complement Factor D (purity >90%),

and Complement Factor | (purity >90%) were purchased from Sigma Aldrich. Complement
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protease MASP2 (purity >97%) was purchased from Biomatik. Coagulation proteases

Factorlla (purity >95%) and Factor Xla (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 substrate$®19%, We performed an initial screen with complement

proteases which cleave after an arginine residue to identify the seven sequences used in

these experiment$éction4.2.7, Figure 4.1). To obtain the recombinant protease activity
data, we first conjugated seven differesteaminus cysteine synthetic peptide substrates
to amine functionalized 2 em magnetic
iodoacetate), an amirthiol crosslirker. The Rterminus of the peptides each contains one

of seven unique ghiib mass barcode@able 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 @daninutes, 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 masseep&mom Glufib with an isobaric
massencoding strategif? 193, By this method, all mass tags sharegame parent mass
so that peptides can be efficiently collected (i.e.;M$uring tandem mass spectrometry
(MS/MS), but can be differentiated after ion fragmentation (i.e.;2Y1®ue to the fact

that Glufib fragments into @erminal ytype ions, we mag 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 rentair@gion (i.e., EGVNDNEE) by
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iIsotope 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 €L of sampl e vol umadsalutich weréU\Mechted®of2 i nt er
hours, using a UVP Analytik Jena UV Crosslinker-0000 oven. Sample cleanup was
achieved using Mixedhode anion exchange solid phase extraction. Chromatographic
separation was achieved using a Waters XBridge C18 oplwith 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 masdrepegter monitoring in

MRM mode with an electrospray source set to positive ion mode. The total instrument run

time was 5 minutes.

94



Recombinant Protease

C1r Cils MASP2 CFD CFI

LQRIYKC 14

KSVARTLLVKC
EEKQRIIGC
QRQRIIGGC
LGRGGSC

KYLGRSYKVC
RALERGLQDC
SLGRKIQIC

GLQRALEIC
KVFMGRVYDPC
SSTGRNGFKC
KTTGGRIYGGC
DPRGGSC
VPRGGSC
LPSRSSKIC
HRGRTLEIC
STGRNGFKC
QQKRKIMLC
QARKIVLC
QARGGSC 1.0

Peptide Substrate Sequence
(N4¥ 94) A1Anoy esesjold

Figure 4.1. Heatmap of proteasesubstrate activity assay for 20candidate 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 | Peptide sequence (N terminusg
Modifications**
Name on left)*
e(*aa)(*aa)ndneeGFFsAr(ANP)K{5
cco1 FAM)GGLQRIYKC 1st *aa= Gly(13C2); 2nd *aa=Val(U13C5,15N)
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eG(*aa)ndneeGF(*aa)s(*aa)r(ANP)K(5

CC02 FAM)GGKSVARTLLVKC 1st *aa= Val(U13C5,15N); 2nd *aa=Phe(15N); 3rd *aa=Ala(15
e(*aa)(*aa)ndneeGFFs(*aa)r(ANP)k(5 1st *aa= Gly(U13C2,15N); 2nd *aa=Val(15N); 3rd *aa=Ala
CCO03 FAM)GGQRQRIIGGC (U13C3,15N)
e(*aa)Vndnee(*aa)FFs(*aa)r(ANP)K(5
CCo04 FAM)GGKYLGRSYKVC 1st *aa= Gly(13C2); 2nd *aa=Gly(13C2); 3rd *aa=Ala(U13C3,1
eGVndnee(*aa)(*aa)Fs(*aa)r(ANP)K{(5 1st *aa=Gly(U13C2,15N); 2nd *aa=Phe(15N); 3rd
CCO05 FAM)GGGLQRALEIC *aa=Ala(U13C3,15N)
1st *aa=Gly(13C2); 2nd *aa=Val(U13C5,15N); 3rd
e(*aa)(*aa)ndnee(*aa)(*aa)(*aa)s(*aa)r(ANP)K|
*aa=Gly(U13C2,15N); 4th *aa=Phe(15N); 5th *aa=Phe(15N);
FAM)GGKTTGGRIYGGC
CCO06 *aa=Ala(15N); still include ANP and KEAM
eG(*aa)ndnee(*aa)(*aa)Fs(*aa)r(ANP)K(5 1st *aa=Val(U13C5,15N);"® *aa=Gly(U13C2,15N); 3rd
Cco7 FAM)GGQARGGSC *aa=Phe(15N); 4th *aa=Ala(U13C3,15N)

Table 4.1. Massbarcoded peptide substrate sequences

Table describing the sequences of the Atmssoded peptide substrates along with their
chemical modifications. ANP was used as a photocleavable linker to enable rapid
detachment from the microparticles:FBAM was used for rapid quantification via
fluorescence. Isotope enrichment modifications were used to distinguish mass barcodes for

guantfication with mass spectrometry.

*ANP = Photocleavable linker-Bmino-3-(2-nitrophenyl)propionic acid

*5-FAM = 5 - Carboxyfluorescein

**Modifications represent heavy amino acids (i.e., isotope enrichment)

4.2.2 Cleavage dynamics approximation model

4.2.2.1 MichaelisMenten kinetics as the approximation of cleavage dynamics
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Equation 4.1

[9: the remaining amount uncleaved substragey [[0,1], [Ft=0= 1

V. the maximal rate of theeaction at the saturating substrate

concentration
K: the substrate concentration when the reaction rate reaches Yalf of
n: the order of reaction
[U: concentration of a protease

We use the MichaeliMenten kinetics as the base model to approximate the cleavage
dynamics!36 187 We add the mixing coefficient] (i.e., the concentration of a protease)

Is added to the original Michaeldenten model. On the leftand side (LHS) oEquation

4.1, d[S]/dt represerd the rate of change of the remaining uncleaved substrate. At t=0,
d[S]/dtis negative, which means that the substrate is being cleave&amil flecrease.

As [§ decreases, the cleaving process slows down[&itirrives at 0, where the reaction
staps due to the depletion of the uncleaved substrates. However, in real experimental data,
we noticed persistent nezero saturation levels of uncleaved substrates, which motivated

a modification of the model by adding a saturation teiisee details iMethod 4.2.2.3.

4.2.2.2 Modified MichaelisMenten kinetics with saturation
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Equation 4.2 is the modified Michaelidlenten model for approximating the changing
rate of one uncleaved substrate species when reacting with one protedise.saturation
term representing the conceatton of uncleaved substrate at which the reaction stops
(whenS=b, the RHS becomes 0). In subsequent discussions, we refer to V, K,imagand

kinetic parameters, andl][as the concentration mixing coefficient.

"y v
Q0o I ® Y1 0
(S~ [6,1], [Sl=o= 1.
bv [0,1]

Equation 4.2

To generaliz&Equation 4.2 for modeling the dynamics of subste cleavage by mixtures
of proteases, subscripg@&nd re introduced iEquation 4.3, which models the changing

rate of the uncleaved substrates when reacting with multiple proteases.

QY , Y 1 00

Q0 e
[S] i = 1 2, 3 é M
(4 o= 1Lj[g>=a é N

Equation 4.3

[S] is the amount of uncleaved substrates of thesubstrate in the substrate library] [
is the concentration 60 protease in the mixture. L&t be the number of substrates and

0 be the number of proteasé&xyuation 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.

4.2.3 Simulating in silico experiments

4.2.3.1 Simulating sing-proteasesinglesubstrate data

Given Q=0 = 1, [J = 1, and a set of specific kinetic parameter valiés ( K), then , b
amount of remaining uncleaved substr&-{. at a specific time = tz can be calculated

by numerically solvingequation 4.2. The kinetic parameter values are either randomly
generated or estimated from real experimental data under-pirggéasesingle substrate
setting (Method 2.4.1). Let be the number of measurement time pointst, (z= 1, 2,

é , Q). This simulation gnerates & p data vector representing the simulated amounts

of the uncleaved substrate &t time points for the singleroteasesinglesubstrate

scenario.

4.2.3.2 Simulating data with multiple proteases

Given a library ofl -substrates and a mixture ob -proteases, coefficient]] as the
concentration ofQ protease in the mixture, andij( Kij, nj, i) bs kinetic parameters for
the reaction between tH® substrate and th& protease, the amount of remaining
uncleavedQ substrate $]i= - at a specific time& = t; can be calculated by numerically
integratingequation 4.3. The values of the kinetic parameters and mixing coefficients are
either randomly generated or estimated from real experimentaMettacd 4.2.4.9. This

simulation generates dn 0 matrix as the simulated data.

9¢



4.2.4 Estimating kinetic parameters and mixing coefficients

4.2.4.1 Estimating kinetic parameters in thimgleproteasesinglesubstratesetting

For each singkproteasesinglesubstrate combination, we measure/simulate reaction
products af) time points after reaction starts, resulting in a data vétwith dimension
0 p. In addition to simulateéh silico experiments Nlethod 4.2.3.9, Y can also be
collected from real experiments under the singleteasesinglesubstratesetting. The
problem of estimating the kinetic parameters can be formulated as the following

optimization problem:
mir{]imBze}o p . wo——Q0

Equation 4.4

Using tetida at®dbpieisoptimimation problem leads to one set of kinetic
parameters that can best fit the dataf the specific proteassubstrate combination
(details se&section4.2.8. For a collection of singlproteasesinglesubstrate settings of
0 substrates and) proteases, optimization is performed for each of the 0
combinations, resulting in kinetic parameter matridésK, n, b), each of which has a

dimensionofd 0.

4.2.4.2 Estimating mixing coefficients with multiple proteases

Once kinetic parameters for all singleoteasesinglesubstratecombinations have been
estimated, we move to estimate the mixing coefficients of proteases in a protease mixture.

Let) be the numbeof substrates) be the number of proteases in the mixture, G
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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:

Y
mi.nimizeaw, p |m"YT 5 0
[Si] o= 1 2, 3 é M
[, i = 1Lj[@p»=8, €&, N,
Equation 4.5

Yisand 0 data matrix either generated framsilico simulation Method 4.2.3.9 or
collected from real expemnient under the muhHproteases setting. This optimization
probl em, s olsveetdo bayl°f8ageneriteseestimations of the mixing

coefficients of proteases in the mixture (detailsSeetion4.2.9.

4.2.5 Quantifying estimation accuracy via RedeanSquare Error (RMSE)

Once estimated mixing coefficients of a protease mixture have been obtained, the
estimation accuracy is evaluated by thetnmeansquare 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 i§able 4.2.
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Protease 1 Protease 2 Protease N

[ o1 ] [ 21 | [t |
12 a2 N2
True a 12 22 N2
[P | | agp | layp ]
[ ] [ oy | [ Gy |
: = 11e Y s
Estimated o S o2 N2
| Op | | Gap | [P |
[P . .5 [—P .. [—P .
RMSE (Protease) Ri—= I,"ZA:]{I'I]L‘ — o )* Ry — III' Zk:l{n?k — oy )° . Ry — f ZA- by — ang)?
) P 2 I‘ P 7 \II jj -
Z-\" /IEP-_- (G —ayi)? ZX R.
RMSE (overall) R = ==l V I or R = ==1"1
N N

Table 4.2. Example quantifying estimation error using RMSE

The first row is truéJin P mixtures, of which each has N proteases. The second row is
estimated) The RMSEs for individual proteasesi(R € ) areRcalculated 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.

4.2.6 Evaluating deconvolution performance and optimizing substrate selection

Given thekinetic 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 thein silico experimental data corresponding to the singleteasesingle
substrate scenari&(uation 4.2) and simulate thim silico expermental data for protease
mixtures reacting with multiple substratésg(ation 4.3). We then estimate the kinetic
parameter values based on the simulatedleproteasesinglesubstrate datd&gquation

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 substratesqquation 4.5) and evaluate the deconvolution accuracy using RMSE.

In this analysis pipeline, we choose to estimate the sprgleasesingle substrate kinetic
parmmeters 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 expkriment

designs for choosing the most suitable substrates for deconvolving the protease mixtures.

4.2.7 Screening for Protease Substrates

As mentioned iMethod 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'8819%, For example, the sequences LQRIYKC and HRGRTLEIC were identified
with phage display screens, whereas RALERGLQDC, GLQRALEIC, and SSTGRNGFKC
were identified from the physiological substrate, complerpentease 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 anrth C
precursor target substrates and QQKRKIVLC is a physiological substrate present on Factor
B 188191 The proteases tested include 5 of the complement proteases used in later activity
assays. The sequences were modified on theriNinus with the fluorophore-BAM, and
synthesized with a-terminal cysteine tde conjugated to amirmodified iron oxide
nanoparticles by SIA (i.e., succinimidyl iodoacetate) reaction for efficient fluorophore self

guenching. Upon proteolytic hydrolysis, the fluorophore was released and an increase in
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signal was observed (i.e., fetthange in relative fluorescence units, FC RFU). All samples
were incubated with aapdenpubated a 378Cdan @0 enimutes.at i o r
From these sequences, we chose 7 substrate sequences that in total would be hydrolyzed

well by all canddate proteasesigure 4.1).

4.2.8 Numerically optimizing parameter choices

As mentioned inMethod 4.2.4 the problem of estimating the kinetic parameters and

mixing coefficients were formulated as optimization problems (4) an&\(&numerically

solved these optimization problems using the in@alr programming solvémincon®*

196in Matlab. Two of the parameters requiredftninconare worth mentioning here. The

first one was the optimizati onsatl@goali gdarm tat
and the second one was the set of upper/lower bounds for the optimization véri@bles

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 -esiablished
optimization algorithms, including actinget, interiorpoint and levenbergnarquardt.

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 challeng cases (e.gFigure 4.11a, c;

Figure 4.12a), and achieved satisfactory performance in relatively easy caseBi¢eug

4.11b, d; Figure 4.12b). We chose to present t-het or es u |
algorithm because it converged slightly faster than the other two algorithmsrin o

optimization problems.
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4.2.8.2 Upper/lower bounds for the optimization variables

When estimating the kinetic paramet&ts K ,herenfrom the singlproteasesingle
substrate data, the kinetic variablésk, were bounded in the range'fe €9, the kinetic

ordern was bounded in [1,'§, and the saturation levblwas bounded in the range'fe

1]. These bounds were chosen because of the variables physical meanings: all kinetic
parameters should be noegative, and the saturation level istween 0 and 1. When
estimating the mixing coefficients, the values for the mixing coefficigmtsere bounded

in the range of [é° €]. This was a generous range that allowed the algorithm to estimate
mixtures that contained high concentrations of @e¢s. We used these upper/lower

bounds in all the simulations and analyses presented in this study.

4.3 Results

4.3.1 Recombinant Protease Substrate Specificity

To obtain kinetic protease activity data we incubatederum proteases from the
complement and coaguiah cascades witl7 protease substratefigure 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 CFl showed simildyactiv
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, CFl is in the alternative

pathway). In other words, this demonstratest proteases may bdated at the activity
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level, but may be involved in different physiological processes. Additionally, each protease

showed unique early saturatitmvels, which we characterized with the parambter

Cir Cls MASP2 F2
1.5
g /)/,/4 — R = 1.0
(3 100 200 300 400 100 200 300 400 100 200 300 400 0 0 100 200 300 400
g CFD CFI F11
= 15 @ CC 01
° {—;—-—f‘” CC_02
o ~ . _7__);7__,{—4 .
12 D e — 10 - A CC 03
g e —— CC_04
oSl p—__—2 4 CC 05
] CC_06
100 200 300 400 100 200 300 400 "0 100 200 300 400 . CC 07

Incubation Time (minutes)

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 Illa, Complement Fadly Complement Factor |, and
Coagulation Factor Xla. Each trace represents a different peptide substraté (CQ01

4.3.2 Validating the RMSE for evaluating protease deconvolution

To verify the efficacy of using root mean squared error (RMSE) to approxasiateation
accuracy, we simulated a series gfrdtease 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 observetketpoints Q was 2, which
matched our experimental time points shawrFigure 4.2. More specifically, we first
simulated two proteaseR ( 1) ) 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 ttveo sets of kinetic parametery: _I p _nN,

gt o U8 Ip8After that, we (1) simulated substrate cleavage data of protein

mixtures off] andr] defined by varying values far, (2) performed optimizations to
estimate the mixing coktients 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 correlatealpse to 1). In addition, we simulated cases

with varying numbers of substrates (i.e9 Z 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 thealue for generating the protease
n , which meant that simulation cases from left to right had an increasing level of similarity
between protease§ and ), 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 substratdsiglme 4.3, the simulation
series with a larger number of substrates led to smaller RMSEs. Note thatatieg 2
substrates curves largely overlapped, and thé&-5and 7Zsubstrates curves aldargely
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 3substrates curves, the changes of$Vvere not monotonic.
This was mainly because, with a limited number of substrates in the simulatiooynd

0.5 already represented quite difficult situations that led to very large RMSE with high



variance. For the subsequent largeralues represeimg 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, valitey that the RMSE is a useful evaluation metric.

05
—o— 2 substrates
045 r &— 3 substrates
4 substrates
04 r —<7/— 5 substrates
6 substrates
0.35r 7 substrates

RMSE
o
o [\
oo
o

015t
v
0.1F
0051 o 4
0P B TV VU v T :
0 0.2 0.4 0.6 0.8 1

Similarity between the two mixed proteases

Figure 4.3. RMSE reflected the level of difficulties in deconvolution of the simulated
protease mixtures.

The xaxis represents the similarity betweee tiwo proteases in the mixture. A higher
similarity between proteases led to a higher correlation between their cleavage dynamics,
and thus higher difficulty in deconvolution. Theayis was the RMSE of the estimated
mixing coefficients. For each substraf@oteases 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 deonvolution analysis.
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4.3.3 Optimizing choices of substrates

To demonstrate the feasibility of optimizing choices of substrates, we considered 3
proteases and 7 substrates, with their sipgiéeasesinglesubstrate kinetic parameters
randomlygenerated. We first evaluated the accuracy for deconvolving mixtures of the 3
proteases using all 7 substrates, which resulted in low RMSE as shown by tmeasght
point on the dashedrcle line inFigure 4.4. We then removed one substratel evaluated

the RMSE for deconvolution with 6 substrates. All 7 possibilities were evaluated, and the
best RMSE was reported as the second gbst point on thelashed line, which was
virtually the same as the-stubstrate 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 iRigure 4.4, the RMSE remained low until the number of substrates
reduced from 3 to 2. This was because the sipgleasesinglesubstrate kinetic
parameters were randondgnerated, whichepresented 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 tpeofeases 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, CREFandvhich were highly
correlated in terms of their substrate cleavage dynaniibe singleproteasesingle
substrate kinetic parameters were estimated from real experimental data. All subsequent
analyses were the same as the above where kinetic parsmeterrandomly generated.

As shown by the dottettiangle curve inFigure 4.4, deconvolving the three highly
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correlated proteases was quite difficultttwlarge the RMSE regardless of how many
substrates were used. The dotseghare curve ifrigure 4.4 was similar to the analysis
where kinetic parametewgere 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 sulbates 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 irFigure 4.50 Figure 4.10). Those substrates were not only
uninformative but also sources of confusiimn 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, espligiamong 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 atimhs goal of deconvolving protease families, instead

of deconvolving individual proteases.
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=¥ deconvolution based on simulated kinetic parameters (easy)
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Figure44.1 nf |l uence of substrate

The xaxis represented the mber of substrates applied for deconvolution and thgiy
represented the resulting RMSE. The dashed curve with circles represented RMSE for

l i braryods

Z e

deconvolving mixtures of three simulated proteases that are independent, and showed

increased RMSE as the numbésubstrates 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 igh even when the number of substrates was 7. Repetition time P = 200
was applied for each substrafmeteases setting. Discussion regarding the decrease of
RMSE when reducing the number of substrates were discusdaduire 4.58 Figure

4.10.
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Figure 4.5. Substrate cleavage dynamics generated by simulated kinetics parameters
for a 7-substrates3-proteases setting.

The xaxis represeted the reaction time, and thewyis 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.
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