ABSTRACT

Title of Dissertation: DEVELOPMENT OFCOMPUTATIONALLY
AIDED METHODSFOR INTERPRETING
MOLECULAR INFORMATION

Kayla Erin Chun
Doctor of Philosophy, 2025
Dissertation directed by: Professor William E. Bentley

FischellDepartment of Bioengineering

Modern electronics have enabled a highly connected world due to the immense
amount of information and communication that is readily available. Comparatively,
biological information lies within biomolecular states and their transitions rather than
in electons and photons. Thus, rendering the process of understanding and extracting
biological information difficult and time consuming; often requiring labor intensive
and complex analytical methodologies. The development of rapid approaches for
designing, contlling, and monitoring biologics are critical to both clinical and
industrial applications of biotechnology. Redox reactions are ubiquitous across biology
and offer a bridge to electronically connect into biologics through their electron
exchanges. By levaging redox molecules to interface between biomolecular and

electronic communication, we can implement electronic signaling in biological systems



to rapidly monitor and induce functional changes. Further, we can incorporate
computational methods to model biological dynamics and parse electronic outputs from
these systems, providing approaches for improved biological design and control.

This dissertation focused on developing synthetic means for information
propagation within biological bacterial -@ultures that made use of muitiodal
molecular signals. We showed how molecular information could be initiated and
propagated through thesm-cultures, and controlled through modulating species
composition. A graph network model was then developed for simulating-maodtal
signaling in synthetic bacterial consortia to study the effects of spatial conformation
within co-cultures on informatio transmission. Finally, we developed electrochemical
methods for rapidly extracting biological informationusingredog di at ed Apr obi n
A novel machine learning methodology was implemented to extract biological
information from this electronic data. &se methodologies were developed for specific
industrial and clinically relevant use cases such as: 1) Biomanufacturing of antibody
therapeutics, to quantify a critical nutrientcsteine, and antibody fragmentation as
a marker for product qualitgnd2) Female reproductive health monitoring, to classify
vaginal microbiome states, where dysbiosis is linked to higher risk of health
complications such as pelvic inflammatory disease and preterm labor. In sum, this work
contributesmolecular and electronitools for designing and monitoring complex
biological systems to predict responses and enhance clinical and industrial

manufacturing applications.
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Chapter 1 Introduction

Communication exists anywhere information resides; this is most blatantly observed in the
electronic communications of recent history. We currently operate in a world where most devices
can be monitored and contr ol |reaerythmgisadorinectedy t he
via electronic communications 2 However, the ability to electronically plug into biological
communications to access information is limited. In biological contexts, infornatemresides
in biomolecular form, such that communication occurs through celfal@mission and reception
of signaling molecule$®. These signaling molecules come in a variety of structures and functions.
In thisdissertationwe employedan engineered bacterial signaling toolbox comprised of hormone
like small molecules alongside redox active phenazines to investigate dynamics of multiple
signaling modalities in microbial consortia. We also ¢aito redox active molecules for electronic
monitoring and control of biologics as they can mediate electron transfer between electrodes and
cells. These capabilities allow us to electricatiguce gene expression as well as measure redox
activity within a samplé€®. We build upon these electrogenetic systems as well as leverage the
native redox capacity of biologics to extract electrical information from relevant biological
systems.

In combination with experimental methods, uidized computation to investigate both the
information flow within biological systems as well as parse the electrical information extracted
from them. Bysimulatingbiological communication systems, watherednsights to the signal
dynamics not measurable by current experimental approaches. Additionaigpheel machine
learning to discern electrical signals derived from relevant biological systems for industrial and

clinical diagnostics. Both of these iementations of computation &d characteriation of



biological communication contribute to the development of high throughput methodologies for
design, prediction, and interpretation of biomolecular information.

Specifically, we develogd a coarsegrain grapkbased network model derived from
existing electrogenetic systems. We then igppthis model to simulatelternative spatial
conformations of thesenulti-modal co-culturesto analyze communication within bacterial
systems. To gain information on the communication within biological samples, we eghther
biomolecular information via electrochemical probing and engdlayachine learning to translate

these electrical measures into comprehensible biological information.



Chapter 2 Background

2.1 Quorum sensing and phenazine synthesis Pgaidomonas
aeruginosa
Quorum sensing (QS) is the mode by which bacteria coordinate gene activation across

populations through small molecule expression; these small hotikenmolecules used for
signaling are referred to as autoinducers. Autoinducers are typically producedsdl level by
all members of the microbial population, such that as population density increases so does the
concentration of autoinducer. At a threshold concentration, gene activation occurs throughout the
population allowing for a mass triggeringiatiuced behavior. This behavior was first observed
in gramnegative bioluminescent marine bacteridirio fischeri which colonizes the light organ
of squid? At high densities, the bacteria accumulate autoinducer 3@&l6produced by Luxl,
an autoinducer synthgsasdepicted inFigure 2.1A. The autoinducer then binds LuxR, a DNA
binding transcriptional activator, and initiates expression of Ithe operon resulting in
bioluminescence and further upregulation of autoinducer expression initiating a positive feedback
loop % ° Many other grammegative microbes contain Luxl/Luxfgpe proteins and
communications using autoinducers. Although most communication is specific to intraspecies
signaling (Figure 2.1B), crosstalk between autoinducers and transcriptional activators across
species does exist in addition to utilization of multiple QS circuits within one spietdiés

In Pseudomonas aerugingsdhere arefour autoinducer quorum sensing circuits,
Lasl/LasR RhlI/RhIR, IQYIgsR, andPQSPqsRas depicted ifrigure 2.2'2 In this dissertation
we leverageP . a e r ulgpsl/basRsaal ystem for engineering. coli co-cultures. Lasl
produces 3OCIHSL, for which in this work we will refer to as autoindudefAl-1), which binds
LasR and enables a positive feedback loop of increased Lasl production in addition to upregulating

3



Rhll and RhIR expressioh®® Although it is noted that when analyzed independeAty] does

not activate RhIR and GASL does not activate LasR i coli, demonstrating that the system
components are not interchangeablEhese QS systems f aeruginosaontrol more than 300

genes in the genome, including factors related to pathogenicity such as adhesion, exotoxin and
virulence factor production, and biofilm formation.

One product of interegndogenously produced B aeruginosancludes the phenazine
pyocyanin (PYQO), which is an aromatic compound that causes increases in intracellular superoxide
13 In addition to PYO, a host of intermediate phenazine compounds are produced as part of the
PYO pathway which host a range of biological activities due to their ability to redox cycle with
various reducing agents and oxygémesecompounds are depicted Figure 2.3 416, In this
dissertationwe employedboth quorum sensing modules (Lasl/LasR) and phenazine products as

tools for implementing orthogonal signaling within synthetically assembled consortia.
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2.2 Electrogenetics and signaling via oxidative stress regulons OxyRS
and SoxRS

In bacteria, two oxidative stress management pathways that allow for defense against
oxygen damage are the OxyR and SoxRS regulbese mechanisms are showrfigure 2.4
Specifically, the OxyR protein acts as a repressor until its cysteine groups are oxidized into
disulfide bonds by hydrogen peroxitfe This oxidation leads to a change in conformation, which
allows the protein to stabilize the transcription comple}® In E. coli, OxyR strongly induces
NADH peroxidase (AhpCF) and a catalase (KatG) which act to reduce the hydrogen peroxide level
thus lowering DNA damag¥’ *°

SoxRS responds to super oxide, in which SoxR contains an iron sulfide cluster which are
sensitive to oxidization. Once SoxR is exposed to superoxide, its iron sulfide clusters are oxidized

leading to a change in conformation. The oxidized SoxR inducesxjmression of a second



transcription factor, SoxS, which activates a host of genes which help to reduce superoxide damage
17.18 Compared to OxyR, SoxRS is not inducible by hydrogen peroxide but can be induced by
nitric oxide and other redox cycling compounds, such as the previously mentionétl PYO

These regulons have previously been employed by our lab to enable electrogenetic control
in E. coli. This has been done both directly through the production of hydrogen peroxide at an
electrode surface as well as indirectly through the redox cycling of mediators to induce superoxide
stress on cells in culture % In this dissertationwe leverage these oxidative stress regulons to
enable redox communication across subpopulations {oultore and develop a model that

describes electrogenetic induction.
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Figure 2.4 OxyR and SoxRctivation mechanism<.
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2.3 Electrochemical techniques for biosensing

Electrochemical methods use imposed voltages and currents to infer chemical information
mediated by the flow of electrons within a sample. The development of rapid, sensitive, and low
cost biosensors is in demand for applications in point of care diagmastivell as manufacturing
quality control. Implementation of electrochemical methods for diagnostics in these
biomanufacturing and clinical settings are favorable for the needs listed prior in addition to their
ability to provide a quantitative readoutlectrochemical sensors fall under indirect or direct
detection methods. Indirect methods rely on electroactive metabolites associated with the desired
target or enzymatic activity with the desired substrate to yield electroactive products detectable by
their redox cycling at the surface of the electrét®. Direct methods require a biorecognition
probe on the electrode surface which specifically binds to the target, allowing for detection in
changes in impedance or capacitafic®.

Mediated electrochemical probing (MEP) is an indirect technique that usesaetilax
chemical species as electron shuttles that can exchange electrochemical information from a
biologic sample in the local environment to an electrode suffadéediators carry information
by first initializing to their reduced or oxidized states by electrical input, then diffusing out and
interacting with redoxactive biological elements via electron exchangguyre 2.5. As the
mediators diffuse back to the electrode surface their redox state encodes information about the
biological sample they encountered. The electrical signals measured during this process can then
be analyzed to discern various samples based on estioky. Here, weutilized MEP to gather
data on molecular products and cell cultures to further classify and quantify using machine learning

techniques.
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2.4 Machine Learning for industrial and clinical diagnostics

Machine learning is a discipline which focuses on algorithms capable of adapting their
structure based on a set of observed data by optimizing over an objecidat fumctior?’. These
algorithms fall under a wide array of technical approaches, suited to a host of biological contexts
from aiding in tumor identification to predicting titer yield in biomanufacturing setttfgS
When applying machine learning to a task, deciding on the types of input data and their
preprocessing as well as which model to use is an important consideration. Previous work has

shown that MEP alongside optical metrics can be used in multivariagsenal discern between
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serum samples derived from healthy and schizophrenic pafieitsaddition to previously
established electrochemical signal metriesisting dimensionality reduction techniques were
applied to electrochemical measurements to extract features. diisestationye tesed various
dimensionality reduction techniquakngside electrochemical signal metrics as input features for

training existing modelt quantify antibody quality and classify disease states.

2.5 Vaginal microbiome irfemale reproductivlealth

The vaginal microbiome has besmown to be a keylgyer in female reproductive health.
Beneficial vaginal microbiotaexist mutualistically with the host, providingrotection from
pathogenic species in exchange for nutrients and shEttese healthy vaginal microbiome states
are commonly dominated witbactobacillusspecieswhich contributemaintaining a healthy pH
environment(~pH 3.5-4.5) with the production of lactic aciéf. Bacterial vaginosis (BV) is a
disease that plagues the female lower genital tract; it is characterized by dysbiosis, a shift in the
vaginal microbiota from beneficialLactobacillus commensal bacteria to a pathogenic
polymicrobial microbiotahat is associated with an increase in vaginal pH to aboveptireal
range of pH 3.8.53:32 BV js linked to increased risk of gynecological complications such as
preterm labor, spontaneous abortion, cervical cancer, pelvic inflammatory disease, and acquisition
and transmission of sexually transmitted agents, including ¥I% 34 In addition, it is also
notable that Lactobacillus inersdominatedmicrobiomes areamplicated in low stability and
transition into dysbiosis compared to other dominatiagtobacillusspecies I(. crispatus, L.
gasseri, L. jensenii*>. Current clinical diagnostic methods do soteen folL. iners such that

preventativenterventions are not possible.
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BV is typically diagnosed using clinical assessment or labordiasgd testing. In clinical
assessment, a widely accepted r udmgnoss. Fouedfer r ed
the following Amsel 6s criteria must be met to
4.5, a presence of clue cells in vaginal fluid (via saline microscopy), a milky homogeneous vaginal
discharge, and the release of a fishy adftar addition of 10% potassium hydroxide to the vaginal
fluid as an indicator of amine¥. Comparatively, the gold standard laboratbased testing
consists of conducting a gram stain on vaginal swab samples, then utilizing a standardized scoring
system, called the Nugent score, to examine quantities of-@eoaitive rods and Gramegative
or Gramvariable present® 3. Ams el 6 s met hod -bfsarechotmasimbderate d p o |
reproducibility and sensitivity compared to Nugent scoffaglowever, Nugent scoring requires
sample processing by those with the skill set to prepare and read slides, results are not ready at the
time of visit and turnaround times are dependent on the capacity at clinical laboratories. Due to
these constraints, ent scoring is often used for research purposes rather than common clinical
diagnosis’’” %8

In this work, we developedan electrochemical method as a novel rapid approach to
monitoring the vaginal microbiomé&Ve utilizedredox mediated electrical probing along with
machine learning tool® quantify global redox measures that can be further parsed to determine
the dominant spees of vaginal microlse present in cultureThe ability toprobe the specific
microbiome state would extend the capabilities foeventative treatmeng through the
identification oftransitional communitied ( inerg. Further, @velopment of these tools may be
useful for in vivo monitoring of the microbio

intervaginaldevices>*4.,
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Chapter 3 Development ofa redox and quorum
sensing toolkit for cecultures

This chapter is adapted with permission from the following published work:
Chun, K., Stephens, K., Wang, S., Tsao, C., Payne, G., and Bentley, W. Parsed synthesis of
pyocyanin via ceculture enables contedependent intercellular redox communicatibticrob

Cell Fact20,215 (2021).

3.1 Introduction

Metabolic engineers and synthetic biologists are currently investigating novel strategies to
both expand the repertoire of molecular products synthesized in microbial systems and to enhance
the production of established produtisOne strategy that continues to gain traction is the use of
microbial cocultures or consortia, where the tasks required to produce a molecular product are
divided amongst multiple populations, rather than being carried out by a single poptitdfion
Implementation of this strategy allows for division of labor between populations and modularity,
where host strains can be optimized for specific td&3kRartitioning a product pathway among
different populations also enables culture composition as a control parameter beyond traditional
targeting of transcription or translation. To utilize this advantage, development of new methods
that allow for robust mgulation and coordination of subpopulations for functional control of the
whole consortia is necessary.

Previously, we developed a genetic Agrowth
modulation of cell growth rate and culture composition in response to a quorum sensintfsignal
In our system, upregulation of HPr, a protein involved in sugar transporifsiéencoding HPy

mutant host strain resulted in increased cell growth rate. In a recent example, Dinh et al. developed
13



a caculture for the production of naringenin, where the growth rate of the population responsible
for the earlier part of the pathway autonomously decreased after reaching a certain celtdensity
Similarly, others have regulated the composition of subpopulations in a microbial community by
regulating production of lysis proteins or toxif{s*> These strategies have only just begun to be
applied to ceculture systems that are cooperatively synthesizing a molecular product. That is,
while there are now many examples ofadtures being used to synthesize proddtts, there

are few examples with modulated coordination of culture composition and activity.

In our previous work, bacterial quorum sensing signaling has provided the molecular basis
for enabling intercellular communication and control. While quorum sensing methodologies can
offer cellspecific targeting, particularly through acylated homoseseéohe (Atl) signaling,
this is not always the case. For example, in autoinegi¢ait-2) QS systems, signal perception is
context dependent; both the specific signal transduction mechanisms and the concentrations that
permit collective behavior, can vamased on specié€& In general, while there is great interest in
developing orthogonality in molecular signaling, signal perception and cellular responses are often
cont ext dependent . As not ed, a <cell o6s respo
concentration, might redt in completely different cell trajectories in different environments. The
creation, propagation, and perception of signals for modulatircuiéores and more complex
consortia is noitrivial, context dependent, and of great interest.

Here we demonstrate the signaling capabilities enabled by the-aetie& phenazine,
pyocyanin (PYO). We developed a robust methodology to produce pyocyanin by separating its
synthesis pathway into two strains; one which produces its intermediate pleehaarboxylic
acid (PCA) and another which converts this intermediate into FYfDire 3.1). We characterized

thistwost rain phenazine producing systemds abildi
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are dependent on the prevailing environment. We assessed-this ¢ot ur eds abi |l ity
signal within a complex microbial community (
guided by each strainbs r e bvaeé futher gudanceewstnini ar ¢
multipopulational cultures and to explore coordination between QS and redox based signaling, we
overlayed QSlirected compositional control (via Al signaldependent expression of HPr) by
stimulating the growth rate of Poptian A. When used within the phenazine signaling system,

we showed it can guide outcomes of a redox responsive third strain withitudiure. We tested

this growth control strategy in both rich and minimal media, demonstrating its ability to work with
different environments to drive various outcomes.

The relative paucity of orthogonal quorum sensing systems has been cited as a limiting
factor in engineering synthetic microbial consoPtiaimportantly, our design integrates redox
responsive molecules with quorum sensing signals, contributing to diversity of signaling interfaces
through which synthetic biologists can exploit for controlling cell populations. We showed that
the two strain pheazine producing system could induce production of two marker proteins and a
guorum sensing signal synthase in a third strain within a 4poftulation culture, demonstrating
potential for coordinating various activity within a complex culture. We aisplayed user
applied quorum sensing signal (A) to interface with the phenazine signaling system. Thus, the
QS/phenazine system can be used to generate a variety of molecular products and even additional
signal molecules, opening new lanes of molecuddlraell communication. Our signaictuated
growth rate control module was successfully ported into various systems, showing how population
control can be effectively embedded into complex signaling contexts. In sum, we demonstrate

implementation of parseBYO biosynthesis for signal propagation in mplipulation systems

15



and develop additional methods of coordination by use of adiremted growth control module

to guide redox signaling in various environmefits

Redox Signal Propagation

Population A Population B

PCA
aa -y
" O 'Y

® Population C

Quorum sensing (Al-1) ( )

controlled cell growth rate l

Context dependent:
signal propagation, therapeutic

Modulated Outcomes delivery, function activation, etc.
Figure 3.1 Co-culture overview.

Redoxactive phenazine signaling system with quorum sensing regulated growth contr
module enables context dependent coordinationParsed synthesis of PYO betwe
Populations A and B enable context dependent activation of Population C in a triculture
on relative composition of the strains. Population A contains a quorum sensing autoil
activated growth control module wheré\l-1 (blue dot) activates HPr expression, allowing
tuning of relative population within the consortia for an additional control paramete
subsequent activation of Population C.
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3.2 Results

3.2.1 E. colistrains expressinghzAtXG1 (Population A) angghzMS(Population
B) differentially activatesoxRSased on environment.

To engineer a coulture that synthesizes pathway intermediate PCA and ultimately
pyocyanin (PYO), we split the overall pyocyanin synthesis pathway between two populations.
PseudomonaseruginosagenesphzA1B1C1D1E1F1GWwere expressed in Population A and
genesphzMSwere expressed in Population B. Mavrodi et al accomplished this previously in
coli to assist with determining the genetic pathway for pyocyanin syntHesisthat study, the
authors showed that the-calture synthesized pyocyanin (verified by HPLC), but they did not
investigate the effect of culture composition on pyocyanin synthesis.

We first investigated the ability of Population B to convert PCA to PYO. Several host
strains were transformed with high copy number plasmid-pZ8v ScontainingphzMSunder a
LacO-1 promoter. 30 uM PCA was added to cultures grown in M9 media and, after overnight
growth, celifree conditioned media (CM) samples were colleciédure 3.2A). We developed
PYO reporter cellsk. coli SW101 pCT10 pEDsRedExpress2 (SW1MsRed), to detect the
presence of PYO in experimental CM samples. These reporter celldowiltren our previous
work, wherein pyocyanin was used to control expression of a gene of interest undex$he
promoter® The genetic construct in that work consistedaXR the bidirectionasoxRSromoter,
and the gene of interest. Pyocyanin can influence the oxidative state of SoxR, which in turn
regulates transcription from tisexSpromoter. Here, we built a two plasmid system that amplifies
expression from theox§romoter, a strategy we used previously to amplify expression from other
promoters’®. A single copy plasmid contais®xR, the soxR&omoter and T7 RNA polymerase

downstream of theoxSpromoter (pCT10)a high copy plasmid contains a fluorescent reporter
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under the T7 promoter (pEDsRedExpress2). To detect the presence of PYO in our experimental
CM samples, the reporter cells were grown in LB media to approximatefyoQR and CM
sample was added. Fluorescence (indicating pyocyanin activity) was measured after approximately
four hours. As indicated, all strains containpigMSconverted PCA to PYO (Figure 2a). Equally
importantly, reporter cells in LB media did not respond to CM from strains that did not express
phzMSbut were cultured with PCA. We thaasted the ability of strain PHO4 pAiHzMS to
convert varying levels of PCA to PYO. We grew PHO4 g2zMS in M9 media with 0 to 40 uM
PCA, and after overnight growth, collected CM. We added CM to the fluorescent reporter cells in
LB media, to determineelative PYO activity Figure 3.2B). Increasing PCA levels resulted in
increasing PYO synthesis. At the cell densities and concentrations tested, there did not seem to be
a factor limiting PCA conversion, even at the higher concentrations tested.

As noted above, in earlier work we discovered Sos$ponsive elements were actuated
by PYO in minimal medi& °. To systematically evaluate signal perception in response to media
context, we carried out experiments with cells containing SexRlated fluorescent protein
expression in both M9 minimal media and LB media supplemented with both the final product,
PYO, and the intermediate, PCA-(OmM, Figure 3.2C). Additionally, we swapped the reporter
of soxRSactivity to eGFP from DsRed (tested uskgeoli PH04 pCT10 pEJeGFP) to preserve
DsRed as a marker for indicating Population A in later experiments. As expected, the level of
activation from PYO was high in M9 and was dependent on the supplemented PYO concentration
in samples taken after 4 hours of ibation. Notably, the level afoxSactivation from PYO was
even higher when cells were cultivated in LB media. Similarly, the levebx®activation was
directly proportional to the concentration of PYO added to the LB media. However, PCA had

almost no stimulatory activity when cells were grown in LB media but led to high levets®f
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promoter activity in M9 media; even higher than PYO at the same levels. These results demonstrate
that in M9 media, both PCA (the product of Population A) and PYO (the product of Population B)
can activate eGFP expression within our sensing Populatiohd&y. also demonstrate that in LB
media, only PYO (the product of Population B) activates eGFP expression in our sensing
Population C. Moreover, in no case wassheSresponse the same in any media, given the same
concentration of stimulant (PYO or PCARat is, the biological context influenced the responses
of Population C to the various signaling molecules.

We then tested whether-calturing the Population A strain with Population B resulted in
PYO production, thus enabling signal propagation. Population A contained plasmjghpZ2E5
comprisingphzABCDEFGunder a Lac@. promoter. We grew Population A£.(coliNEB 1 0 b
pZE-phzAG) and Population BE( coliN E B 1 0 b-phpM&SE both alone and together in M9
media. Figure 3.2D). Similarly, we grewk. coli PHO4 pZEphzAG andE. coli PH04 pZE
phzMS, both alone and together in M9 media. Importantly, PHOAtEHknodout strain, which
facilitated later addition of the growth control modtfleAfter overnight growth, we took celtee
CM from the cultures and tested for extracellular PYO using the fluorescent reporter cell assay
described earlier (performed in LB media). Each of theudtures resulted in high levels of DsRed
fluorescence whd the monocultures did not, indicating only thecodtures were able to produce

signal in LB media via PYO production.
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Figure 3.2 Parsed PYO synthesis gene activation.

Parsed PYO synthesis enables context dependent activation ®6xRS induced gene
expressiona)NEB10b, LW7, and PHO4 -phaMS, pZ&ElacZ, arino
plasmid (as indicated) were grown in M9 media with 30 uM PCA. Cultures were inoculs
M9 1% (to approximately 0.05 Q&) from overnight cultures and PCA was added 1.5 hi
after inoculation. After overnight growth, CM was collected and tested in a PYO reportel
using fluorescent reporter cells (SW101 pCT10 {iESRedExpress2). Theporter cells were
grown to approximately O30 0.2 in LB media, and 20 pL CM were added to 180 pL repc
cells. Fluorescence was recorded after approximately four hours. The values reportec
relative fluorescence units divided by the cell density d§gbf the reporter celld) PHO4
pZE-phzMS was inoculated 1.5% from overnight cultures. After one hour, varying amot
PCA (ranging &40 uM) were added. After overnight growth, CM samples were colle:
Samples were diluted 5x in LB media thereasured for PYO activity using the repor
bi oassay as in (a). The values reported
ODsoo. ¢) PHO4 pCT10 pEFeGFP was grown for 4 hours during ipbase in either LB or M¢
with PYO or PCA at the concentrations indicated (rangiigm), then eGFP expression w
measured. Fluorescence values were normalized by subtracting out background froen
cells, then taking its fold over blank. Error bars represent s.d. of technical tripleddtesB1 0

pZEEp hz AG and NghBVEQvére quiiried alone or together (9:1 ratio). Simile
PHO4 pZEphzAG and PHO4 pZ$BphzMS were cultured alone or together (9:1 ratio). A
overnight growth in M9 media, CM media was collected and assayed for PY OyaictiiziB

media.All error bars represent s.d. of technical duplicates.
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3.2.2 Initial co-culture composition of Populations A and B alter signal propagation
in tri-culture systems to modulate behavior ph@&nazine sensitive strain.

To validate the phenazine syst enpomlatien gn a l
environment, we tested adding phenazine sensitive strains directly to tstrawophenazine
producing culturgFigure 3.3A). We grewE. coliN E B 1 0 b-phpAZ EPopulation A) anét.
coliNE B 1 0 b-phpMSEPopulation B) in LB media. We started with different initial ratios of
Population A to Population B with total @é3dbeing around 0.1. After 5 hours of growth, we added
20 pL of Population C (PHO4 pSeasl) culture that had grown overnight in LB media. This third
population produces Al in response to PYO. Here,-Alserves as a model product which could
further commuitate by serving as an orthogonal signal in a high order quorum sensing
consortium. Only one hour after adding Population C, we took samples and measi@ctiity
in the extracellular media (using a previously developed Adporter bioassay$: °1 The results
(Figure 3.3B) show that Population C responded to PYO in thewudtures by producing AlL. As
anticipated, cultures without either Population A or Population B did not resultirpAdduction
by Population C in LB media since these populations cannot produce P¥®@ioown Eigure
3.3B).

We additionally tested the systemdés-abilit
culture by swapping. coliPHO4pSoxLasl Population C for other phenazine sensitive strains.
That is, we wanted to verify that the redactive signal molecules could be used to activate genetic
responses for a variety of products. In Figure 3b, we showed-sstioated synthesis of Llaand
corresponding AllL secretion. For additional tests we set up the sarwelltares of Populations
A and B as described previousty Al-1 production. Then we regrew overnight cultureg.ofoli

PHO4 pCT16pET-DsRed ancE. coli PHO4 pCT16pET-eGFP, which produce protein markers
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DsRedExpress2 and eGFP in respons®x&romoter activation respectively, in fresh LB media

to test as Population C. After 5 hours of culture, 20 pL of the phenazine produaintice was

added to 180 pL oE. coliPHO4 pCT16pET-DsRed and. coliPHO4 pCT16pET-eGFP at ~0.2

ODsoo. Thetricul t ur e was then incubated at 30 for
fluorescencdFigure 3.3C-D). The results indicated the fluorescence signals were produced via
similar dependencies on initial cultuwzemposition as the Al producing trculture, where a peak

signal was exhibited at the 5:1 ratio. Interestingly, these protein producing cultures required longer
induction times for signal propagation to yield its final outcome. This is likely due t@rdong
maturation times for these namzymatic fluorescent markers, demonstrating the notable
differences Population C can have on processing the phenazine signal into downstream effects
dependent on its desired activity.

These results demonstrate t heellgghakngwaithin ne sy
complex synthetic systems (> two strains). That is, in addition to frequently used quorum sensing
molecules ite., AHLs and Al2), phenazines can elicit specific gene expression via the SoxRS
regulon dependent on its environment that can be coopted for additional fuREfld"g0 serves
its native hostP. aeruginosain several ways, including as a toxin and as a signaling moRcule
Here we show that phenazine producing messenger cells and phenazine responding receiver cells
can be developed from common laboratirycoli strains for signal propagation and consortium
coordination, complementing previous developmett.afoli strains engineered to produce high
levels of PYO®. Also, like other ported signaling transduction motifs, should there be a desire to
minimize offtarget effects stemming from PYO and PCA signaling, hosts can be generated as
SoxRS deletion mutants or use multiplexed CRISRRliated downregulatich®®. The data also

indicates that the tgulture outcomes varied based on the initial ratio of Population A to
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Population B, demonstrating that the culture composition affects the rate of biosynthesis and
subsequent communication. This allows for utilization of initial A:B ratio as a tunable design

parameter for altering activity of the third population.
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Figure 3.3 Various ceculture seed compositions within-tiiltures.

Initial co-culture composition influences activity of a phenazine sensitive strain within tri
culture system in LB. (A) Schematic of trculture system in LB media, where PYO driv
activity in phenazine sensitive strain, Population®). N E B 1 6phzA® (Pdpulation A)
and NEB phaMS (Pdphlation B) were emultured in LB media. After 5 hours of
culture, 20 pL of an overnight culture of PHO4 pSasl, pSox (Population C) grown in LE
media were added to the-caltures. After ladditional hour of culture, the CM samples wi
taken. An A}l reporter assay was used to measure the extracelluliateAels in theculture®®
The controls AphzSo and ALaczUo0 i nphzSa
NEB10bl @acEU, respectivel vy, prior to add
technical duplicate€) andD)NEB1 0O bp pZAG ( Popul at i o nphaVS
(Population B) were coultured in LB media. After 5 hours of -@ulture, 20 yL of the co
culture was added to 180 pL of PHO4 pCIABT-DsRedExpress2 or PHO4 pCFp&T-eGFP
(Population C),C) andD) respectively, which were regrown from overnighttaere to ~0.2
ODsooin LB media. After 4 hours of additional culture relative fluorescence was measure
controls fiphzSo and fALaczUo6 iprhdziSc aotre NiE
| aczU, respectivel vy, in addition to Poj
from samples by subtracting LaczU value
triplicates.
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3.2.3 Growth control module for usenodulated growth rate in Populations A and
B.

Having demonstrated th&t coli co-cultures expressinghzAGandphzMSproduce PYO
in both M9 media and LB media, and that the culture composition affects phenazine synthesis and
signal propagation, we next sought to add our previously developed growth control module to
either Population A or B in order to allow for usapddated cell growth rate of either
subpopulatior®. The growth control module contaipsHunder thdasl promoter andasRunder
a constitutive T5 promoter. As a population marker, DsRedExpress2 is also constitutively
expressed. AL addition upregulates HPr (encodedptgH), which increases cell growth rate in
a ptsH mutant host straiff 59 Here, we added these components to the-piZEAG and pZE
phzMS plasmids to create plasmids pglizAG-ptsH and pZEphzMSptsH. We transformed the
ptsH mutant strairE. coli PHO4 (see Figures 2 & 3) with these plasmids. We then Brevoli
PHO4 pZEphzAG-ptsH ancE. coliPHO04 pZEphzMSptsH (separately) in M9 media and tested
whether A1 addition changed the culture growth rdteg(re 3.4). As anticipatedincreased Al
1 levels resulted in increasing cell growth rate. Notably, the calculated growth rates between 2 and
5 hours after All addition increased from 0.25 hand 0.28 hit for E. coli PH04 pZEphzAG
ptsH and PHO4 pZHhzMSptsH, respectively, with no Al to 0.51 htt and 0.57 ht for E. coli
PHO4 pZEphzAG-ptsH and PHO4 pZiphzMSptsH, respectively, with 1000 nM All effectively
doubling the growth rate of these cells. The difference in growth rate between cultures grown with
or without A1 is similar to what was previously obseredin cells without thephz operon
genes), and therefore the expression ofptieoperon genes did not appear to interfere with the
function of the growth control module in either strain tested. These results further demonstrate the
portability of the previously described HPr growth controller to cells that have different functions,
eah synthesizing a part of a metabolic biosynthesis pathway towards pyocyanin.
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Figure 3.4 Growth control module characterization.

Growth control module enables regulation of cell growth rate in Populations A and B.
PHO4 pZEphzAGptsH (left panel) and PHO4 pZihzMSptsH (right panel) were grown i
M9 media with glucose. Either 0, 25, or 1000 nMMA(as indicated) were addedtat 0. Cell
density was recorded over time, the plots above represent one replicate.

3.2.4 Tuning growth rate in Population A modulatestcomes of the phenazine
signaling system.
We then tested eoultures of Populations A and B, wherein we changed Population A so that

it contained the HPr growth control module. We grew Populatiok.Agli PHO4 pZEphzAG
ptsH) and Population BE( coliPHO4 pZEphzMS) in M9 media using different initial ratios of A

to B (20:1 and 100:1). As before, we ran these experiments with a total stargsggpOm®.1, and
then added different concentrations ofJAbne hour after inoculation. After overnight growth, we
collected conditioned media to test £xtracellular pyocyanin using the fluorescent reporter assay
in LB media such that any residual PCA is not recordiéegure 3.5 shows the fluorescence,
indicative of PYO, as measured by the reporter cElls¢liSW10:DsRed). Increased Al levels
increased the level of PYO produced in the overnightuwtures. The fold change in PYO
produced was nearly-fold between the cultures without-Aland with 1 uM A#l. Interestingly,

this fold change was found irrespige of the initial culture ratio of Ao B, suggesting that the
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resultant PYO synthesis was influenced most heavily by th& Addition (which modulates
Population A growth rate). Here, Al serves as additional knob to alter phenazine signaling via
PYO production. Without the growth control modutegure 3.2D) both populations are required

to produce PYO, whereas here both populations pltisg&lem to be required for significant signal
production. We suspect that the growth control module, which includes constitutive expression of
DsRedExpress2 and LasR, ndiyert some resources away from PCA synthesis, and this effect
of constitutive expression of DsRedExpress2 and LasR on PCA synthesis may be especially
noticeable whemtsH is not induced (when there is no-A). This could explain why the €o
cultures with the inducible growth control module in Population A produce little PYO when there
is no All, while the cecultures without the growth control module (which do not have
constitutive expression of DsRed) do produce PYO. The basal lepttbénd/or the metabial

activity of Population A might be important. Consistent with this notion, by comparing Figure 5
with Figure 2d, when AL is used to indugetsHexpression (i.e., increase Population A metabolic
activity), we found an increase in fluorescence indicating increased PYO comparecuttuo®

without the growth control module.
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Figure 3.5 Signal output from growth control module-coltures.

Signal output from growth control module toggles phenazine signaling ecultures in LB
media.

PHO4 pZEphzAG-ptsH and PHO4 pZphzMSwere cecultured together in M9 media with tt
initial inoculation ratios, as indicated. Population A contains-pAEAG-ptsH and exhibits Al
1 modulated growth rate. One hour after inoculation, the indicated concentratiorl ofad
added. The culturesere grown overnight. Subsequently, CM samples were collected anc
activity was tested using the fluorescent reporter assay in LB media (see Methods). Er
represent s.d. of technical duplicates.
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3.2.5 Growth control module enables user control of signal propagation-in tri
cultures.

After demonstrating the growth control mo ¢
culture, we tested capabilities of user control to modulate activity in a-paydtilation system.

We grew Population A with the HPr growth controller and DsRedcli PH04 pZEphzAG
ptsHDsRed) and Population H( coli PHO4 pZEphzMS) in either M9 or LB media at various

initial composition ratios and Al concentrations. Then, after overnight growth, we regrew the
co-cultures in fresh media and supplemented with Popula®, the same phenazine sensitive
strain as used in Figure 3d.(coliPHO4 pCT1pET-eGFP) that produces eGFP, to easily monitor
activity via fluorescence. In all cases, we added Population C at roughly the same OD as the total
OD of Populations A and B. We tested theseuttures in both M9 and LB mediums to assess
theef ects of environment on the growth control
expected to see eGFP expression in Population C to increase with inifiadokicentratiorand

initial Population A composition. In both cases, we hypothesized increased Population A would
lead to increased PCA and PYO, leading to stronger signal propagation and higher eGFP
expression. We also expected to see little or no fluorescence in Rap@dtom cultures without
Population A (e., Population A is required to produce intermediate, PCA, and downstream
product, PYO).

After four hours of trculture growth, we measured DsRed and eGFP fluorescence of
Population Cto assessthecas | t ur e 6 s e f f e cHigure@3BA-B $hews averaga | Sys
raw DsRedluorescence, indicative of relative amounts of Population A in the ipotulation
culture.Figure 3.6C-D shows average raw eGFP fluorescence that is attributed to Population C
activity. In both M9 and LB media, the initial ratio appeared to influence the composition and
eGFP measured in cultures without Blparticularly when there were more Population Asdel
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begin with. These results are consistent Witfure 3.3, as we found there that initial composition
affects signal propagation in<culture. InFigure 3.6A-D, we also demonstrated that stimulation

of Population C (eGFP expression) in astriain culture is correlated to the relative quantity of
Population A in culture as indicated by total DsRed fluorescence. Thus, we found here that one
can alter the consauim by increasing All concentration to turn on the growth control module,
which increases bottine relative amounts of Population A and eGFP expression in Population C,
regardless of the initial ratio of Population A to B.

It was interesting to note that in both M9 and LB media that as the ratio of A:B was
increased, the relative fluorescence of population C increased, reaching an apparent maximum at
the highest All levels when the fraction was between 19:1 and 99:1, sliigg#sat the influence
of the altered growth rate was at a maximum in this re@mure 3.6C-D). In both environments,
at higher initial ratios without AL there appeared to be a saturation in Population C activity from
the additional number of Popuilat A cells.

We also noted that in M9 media, at initial ratios above 19:1, growth rate modulation seemed
to have less of an impact in determining composition. Interestingly, while 400 riMaAdition
dramatically increased the relative amounts of Population A (DdRedk$cence), further Al
(i.e., to 1000 nM) did not. That said, the additionailAl di d appear to increa
eGFP production. We plotted the ratio of eGFP to DsRed to qualitatively assess Population C
activity per Population A for high inai ratios and with AllL addition Figure 3.6E); our data
suggest that Population C activity was a bit higher at 1000 ¥l thln 400 nM. Perhaps in M9
media where both PCA and PYO are generated and also influence Population C, the added growth
control module activity contributed to signal propagates) well as to the composition of

Population A. The 1:0 culture, where additionallAlesulted in additional Population C activity
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(Figure 3.6E) reinforces this in that this culture only had Populations A and C and no PYO from
B. Thus, the added Population C activity was likely responding to additional PCA made per cell
of Population A for producing a signal.

Comparatively, in LB media at ratios above 19:1 and witHL Alddition, the effects of
increased Population C activity actually diminished with increased Populatibigiévé 3.6F).
Here, incremental increases in PCA produced per cell of Population A would not be reflected in
Population C activity, which is consistent with the ratios depictédgare 3.6F. Instead, at high
initial ratios and with additional AL where Population A increases without increase in Population
C activity, suggests that Poputati B might be limiting in that there is less conversion of PCA to
PYO. Further studies are currently underway to investigate the dynamic nature of the specific

signal molecule levels, their uptake and subsequent temporal effects on gene expression.
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Figure 3.6 Growth modulation in trcultures.

Population A growth modulates Population C activity dependent on initial ceculture

composition, Al-1 addition, and environment.Population A E. coliPHO04 pZEphzAGptsH

DsRed) and Population BE( coli PHO4 pZEphzMS) were cecultured together at initis
inoculation ratios as indicated on thaxis and with nanomolar Al concentrations as indicate
in the legend. After overnight growth, 20 pL of the PYO producinguture (~1.5 Olgyg) was
added to a culture of ~0.2 @43 Population C (PHO04 pCT1pET-eGFP) with 200 pL final
volume in fresh media. The4strain culture was then incubated for 4 hours, and then mea
for DsRed and eGFP fluorescenBeaand B: Raw DsRed fluorescence of thegtrain ceculture
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at 4 hours, indicating Population A composition in cultuge.and D: Average eGFF
fluorescence of trstrain ceculture, indicating Population C activiti. and F: Average eGFF
divided by average DsRed, indicating relative Population C activity per Population A. Errc
indicate s.d. of triplicates.

3.3 Discussion

In this work, we have demonstrated the potential for combining quorum sensing ard redox
based signaling in synthetic consortia. We employed aacigated genetic switch to control
signaling mediated by pyocyanin synthesis in both-twesnber and thremenber systems.
Initially, using a twemember consortium, we employed culture composition as a parameter for
controlling metabolic flux and signaling, as opposed to directly regulating transcription in either
strain. In a threenember consortium, we used queviously reported growth control module to
apply usercontrolled quorum sensing communications for guiding cooperative signaling by
phenazines PCA and PYO. Interestingly, we also found that the importance of the growth control
module was most impactfudt initial composition ratios below 99:1 and further found that
outcomes were impacted less when initial ratios were high (~99:1 to ~299:1). That is, the outcome
was already strongly determined by the predominance of Population A and further increases wer
less impactful. We suggest, however, that a strategy of altering the composition and metabolic
activity may be broadly applicable in other systems as pyocyanin is derived from the shikimate
pathway, a common starting point for many molecular prodfcts

Strategies for modulating culture composition and activity may be of even more general
utility as metabolic engineers and synthetic biologists consider ways to modulate microbiomes.
Importantly for these contextual applications, we found that media cotigposifluenced the
soxRdriven gene expression, based on whether PCA or PYO was the predominant signaling
molecule. For instance, the effect of the relative levels of Population A to B on the behavior of

Population C varied based on media. Due to PCARMNIO O s v ar i abdodkSgenef | uen ¢
33



expression in various hosts (that was shown to be dependent on the growth media), we suggest
that contexidependent signaling can be an advantage or a disadvantage but is certainly a factor
that needs to be considered for future applications of microbeoctia. Previous studies have

also shown consortia outcomes to be dependent on nutrient availability and environmental factors
65.66 That is, while it is attractive to consider unique orthogonality among signaling molecules,
cultivation conditions and deployment context of consortia must be considered. Temperature,
carbon sources, and the presence of other metabolites that may entétfiesignal propagation

and a consortiums functional success are important for robust design and optimization during
bottomup assembly.

The novel communication strategies demonstrated by this work also implies that user
directed PYO producing ecultures might have advantages for coordinating activity within
cultures of higher order populations. We showed conversion between quorum sesiegox
communications by interplaying Al and the PYO synthesizing coculture to influence one
anotherés signaling. Thus, users micdtiltdto i ntr o
modulate orthogonal signaling molecules such as quorum sensing #Bft,.sn turn, induce
activity in downstream strains within a higher order mpdtpulation system.g.,> three strains).
Additionally, the growth control module shown here might enable a finer level of control where
initial consortia composition is limited, in that it may influence metabolic flux as well as population

composition.
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3.4 Conclusions

We showed that the pathway for synthesis of pyocyanin could be split between two
populations and guided by initial composition of the consortia and subsequent growth modulation
of the PCA producing strain. We further showed that PYO and even PCA cowdddab. coli
as a molecule for cetiell communication. By splitting the pathway for PYO synthesis between
two populations, the behavior of the phenazine sensitive receiver is dependent on the relative
composition of the PYO producing strains. We themalestrated capabilities for useéirected
control of this signal propagation in muftopulation cultures by modulating the growth rate and
therefore ceculture composition and metabolic activity.

The tools we have developed here support-aperated consortia control, however multi
population systems especially those built from the bottom up, are sensitive to the prevailing
balance of population, molecular signaling, metabolic activity, etc.hiohaenvironmenspecific
context must be considered. Irrespective of the particular environment, we were able to use PCA
and PYO as signaling molecules to drive downstream activity. We also effectively employed a
userdirected quorum sensing induced grbvaontrol module to influence intercellular redox
communication that propagated signal to gui de
tools could be used to modulate a keystone organism of particular importance within a consortium
or coordinatehigher order activity. Such strategies that facilitate engineered cooperativity in
synthetic biology systems may find utility in future applications including those whernatcwes

and mini consortia are used for small molecule synthesis.
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3.5 Methods

3.5.1 Strains anglasmids

The strains, plasmids, and primers used in this study are listggbendix Tables 8.1and
8.2 Plasmids pZBphzAG, pZEphzMS,andpZzBE acZU are derived from
pZE12MCS (ExpresSysa high copy colE1 origin plasmid. Each plasmid contains the genes of
interest under the Lac® promoter in the vector. ThehzA1XG1, phzM andphzSgenes were
amplified fromP. aeruginosaPAO01 using primers KpaphzAl-FWD and HindlllphzGXERS,
Hindlll-phzM-FWD and HindlllphzM-RVS, and KpnHindllI-RBS-phzSFWD and BamHi
phzSRVS, respectively. ThphzA1G1 fragment and the pZE12MCS vector were digested with
Kpnl and Hindlll, and ligated to form pZghzAG. Plasmid pZEphzMS was cloned in a multi
step praess. When amplifyinghzSa ribosomal binding site was placed upstreamphaiSalong
with Kpnl and Hindlll restriction digestion sites. A BamHI restriction digestion site was added
downstream ophzS This fragment and the pZE12MCS vector were digested with Kpnl and
BamHI restriction enzymes, and ligated to form ga&S. Then, thehzMfragment and pZE
phzS were digested with the Hindlll restriction enzyme, and ligated to form plasmighzBEsS.

To construct plasmid pZE a ¢ Z & ¢\izabl amplified from a wild typé&. coli strain
(W3110 derivative), using primers KptdcZalphaFWD and BamHllacZalphaRVS. The
fragment and pZE12MCS vector were digested with Kpnl and BamHI restriction enzymes, and
ligated.

Plasmids pZEphzAGptsH and pZEphzMSptsH were generated by adding the growth
control module to the pZphzAG and pZEphzMS plasmids. The growth control module,

consisting ofptsH under thdasl promoter and dsRedExpress2 dasRunder a constitutive T5
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promoter, was amplified from pAHHPr46, Primers Pcit7-termrvs and PcidptsHrvs were used

to amplify the control module and add a Pcil restriction digestion site on either end of the fragment.
Restriction digestion and ligation were used to insert the fragment into the pZE12MCS vector at
the Pcil restriction digestion site.

Plasmid pCT10 is a low copy plasmid derived from pFZ¥.1soxR along with the
divergentsoxR and soxBromoters were amplified frofa. coli using primers Fsoxp and Rsoxp.
This fragment was inserted into the Invitrogen pBIBnt [I-TOPO vector generating plasmid
pTOPOS0oxXRS. Restriction digestion of plasmids pFZY1 and pTE€H®®RS with restriction
enzymes BamHI and Hindlll, and ligation weredgo insersoxRandsoxpromoters into pFZY].

T7 RNA polymerase was then inserted downstream afdk&oromoter at the Hindlll restriction
digestion site to generateagimid pCT10.

Strain SW101 is derived frol. coliZz K1 2 6 ( \8UlLA9Ma-2)p The Datsenko and
Warner metho& was used to delesoxR the divergensoxRS$romoter region, ansoxS Primers

soxHP1 and soxHP2 were used for the deletion.

3.5.2 Cell culture conditions

LB media was used for cloning and overnight growth of cultures inoculated from glycerol
stocks. M9 minimal media (1x M9 salts, 2mM Mg£0.1 mM CaCJ, 0.2% casamino acids, 0.4%

glucose) or LB media were used for experiments as indicated in the figure captions. Cultures were

grown at 37 C with 250 rpm shaking. Ampicil ]

used to maintain plasmids.
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3.5.3 PYO fluorescent reporter assay

A fluorescent reporter assay was used to quantify PYO in experimental samples. CM
samples were collected by filtration through a 0.2 uM filterand stor&d@t C unt i | anal vy
fluorescent reporter cells, SW101 pCT10 pB3Red, consist of a dual ptagl system. A single
copy plasmid contains the pyocyanin sensisegSpromoter. T7 polymerase is under gmxS
promoter and activates DsRed on the high copy pET plasmid.

For the assay, SW101 pCT10 pBEtRed cells were reinoculated in LB media from
overnight cultures and grown to approximately 0.26630180 pL of reporter cells and 20 pL of
sample were added together in 96 well, black wall, clear bottom plates. Cultures were grown at
30 C, 250 rpm shaking for approximately 4 hou
read DsRed fluorescence and éPFor fluorescence, the excitation wavelength was 550 nm, the
emission wavelength was 579 nm, and a cutoff of 570 nmused. The reported value was

divided by the cell density (Qfoy).

3.5.4 Al-1 luminescent reporter assay

To measure extracellular All, celHfree conditioned media samples were collediedoli
Al-1 reporter cells with plasmid pAL165were grown overnight in LB media, and then diluted
2500 fold in fresh LB media. 10 pL of samples were added to 90 pL of reporter cells. If necessary,
samples were diluted prior to the assay to be in the linear range of the assay. Samples making up
a standrd curve of known All concentrations 0, 12, 24, 36, 48, and 60 nM Alere also added
to the reporter cells. After three hours, luminescence was recorded. A linear fit was used to

determine the standard curve, which was then used to calculate -thenAhe experimental
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samples. If the experimental samples were diluted prior to the assay, the results were multiplied

by the dilution factor (usually 5 or 10) to back calculate to thé Al the original sample.

3.5.5 Tri-strain ceculture assay

Population A (PHO04 pZ#HhzAG-ptsH) and Population B (PH04 pAithzMS) were co
cultured together overnight in M9 media with-Alkconcentrations rangingI®00 nM. Overnight
cultures were incubated at 37 C at &%suturer pm sh
was added to 180 pL of ~0.2 @da Population C (PHO4 pCT10 pEAGFP) culture in 96 well,
black wall, clear bottom plates. The#it r ai n cul ture was then incub.
shaking in a TECAN Spark plate reader. DsRed (EX/EA/%™® nm), eGFP (ExX/Em: 488/507
nm), and Olgoo Were measured every 30 minutes to quantify Population A relative composition

and Population C activity.

39



Chapter 4 Development of agraph network model
for the study of engineered microbial consortia

This chapter is adapted with permission from the following published work:
Chun, K., VanArsdale, E., May, E., Payne, G., Bentley, W. Assessing Electrogenetic Activation

via a Network Model of Biological Signal Propagati&nontiers in Systems Biologly(2024).

4.1 Introduction
Synthetic biology has enabled the production and sensing of biomolecules through the design,

testing and implementation of genetic circuits. In addition to guiding complex biosynthesis
processes for therapeutic and industrial applicafidéflsthese engineered systems hold potential
to communicate with and guide synthetic consortia and even native bibrResently, synthetic
consortia have been developed for leveraging the diversity of multi population systems in ways
that expand biosynthetic potential and increase metabolic efficiefiéy; The interactions within
these engineered communities rely on robust cascades of molecular communication that convey
information between cell® 7. As such, system designs need to consider not only the genetic
circuits within Adesignero cells, Dbd&t the com
In this study we wanted to mathematically characterize molecular signaling that guided
previously published experimental resuli® which two cellbased systems synthesize a model
product (green fluorescent protein, GFP) via chemical and electrical induction schemes exploiting
different signaling pathways. These are depictédgare 4.1A. They are both based on induction
by hydrogen peroxide. The base case (chemical induction) is actuated by the simple addition of
hydrogen peroxide. Then, we had previously developed a means for electronically inducing cells;

using simple electrodese altered the redox state of inducefs?* "®and these activate genetic
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circuits. We refer to the genetic expression induced by electronic input as electro§esratics
have shown how one can electronically control gene expression, cell attfidétaad even cell
consortia’ 8 209 46. 79 |n our experimental workHigure 4.1A), we either added 4. (chemical
induction) or we biased gold electrodes (2 mm diameter disk) immersed in the cultures with a
0.55V vs Ag/AgCl reductive potentidl This voltage is sufficient to electronically induce cells, it
works by reducing oxygen dissolved in the growth media, creating hydrogen peroxide. Cells in the
vicinity of the electrode genetically respond to the hydrogen peroxide through an engixg&8d
regulon that activates a genetic circuit via the hydrogen peroxide sensitive transcriptional
promoter, OxyRFigure 4.1B). OxyR endogenously regulates oxidative stress management genes
by repressing transcription until its cysteine groups are oxiditedlisulfide bonds. The resulting

conformation change stabilizes the transcription complex, inducing downstream gene expression

17
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In Figure 4.1B, we illustrate the design of the two systems: (i) a receiver Monoculture and
(i) a Transmitter/Receiver eculture. In the former case, hydrogen peroxide stimulates Lasl and
GFP productionKigure 4.1B). GFP is the model product in both cases and is easily measured by
its fluorescence. Lasl synthesizes the quorum sensing molectdexiddodecanoyl -
homoserine lactone, which we refer to as autoindlicgre., AFl). Quorum sensing signaling
molecules enable a collection of cells to take an populatiorwide phenotype. In the
Transmitter/Receiver system, the same cells used in the Monoculture system are repurposed as
Atransmitterso, whendueed tiuoram densidgrsigriplasnsecreted andxthen e
encounter ed b glls @ndhthesefrespondeby pradlucing GFPence, in this two
strain culture one subpopulation turns the electronic signal into a biological signal for subsequent
genetic activation and product synthesis in the second subpopulation. Autoibhdscarvery
strong signaling molecule in that it aeites gene expression at nanomolar amoffat3his
amplifies the original signal to increase gene expression of the desired molecular product.

In this work, we employed a graphical modeling approach which enables a coarse grain
interpretation of multicellular systen§ thus, allowing us to capture agdiatsed intercellular
interactions that fit population dynami#’s In Figure 4.1C, we depict our model in whickach
node represents a cell that possesses several weighted attributes: (i) local substrate concentration,
(ii) the local inducer molecule concentration, and (iii) GFP expression level. The edges connecting
nodes represent a communication channel whereléig molecules may transfer information
between nodes. To characterize the movement of these signaling molecules, we implemented a
previously developed overlay that approximates a formal diffusion model tbatmetwork
architecture®. This dramatically reduces computational demand while retaiymgmics of

molecular communication and cellular connectivity.
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With this model, we then characterized system performance in response to chemical and
electrical induction by evaluating GFP production in both schemes. We further explored the effects
of spatially fixed cultures (biofilms) in comparison to continuousityesd cultures by varying the
edge dynamics in our model. Edges that are fixed reflect static cells, like would exist in a biofilm.
Edges that are continually reconnecting between nodes reflect stirred cultures. Then, by utilizing
modularity, agraphmeasr e of a net wor ko6s® swkec omharnietdy t $iter
spatial organization to its signal output. Overall, our model enables a kinetic understanding of
signal propagation and GFP production among spatially varied bacterial populations that, in turn,
exploit different signaling process. This provides new hypotheses regarding modes of

information transmission and their effectiveness, ultimately leading to new designs.

44



4.2 Materials andnethods

4.2.1 Modelformalism
Network initialization was performed by generatimgandom undirected G(n, m) graih

in which there are n total nodes and m total edges that are randomly distributed amongst the nodes.
In this network, each node represents an individual cell and edges represent communication
channels by which signaling molecules can be transferred behwedes. Each node; possesses

the following dynamic node weights(t), H202i(t) , Al-1i(t), and GFPi(t) corresponding to the

cell 6s substrate, hyldandgeeenrfluopsenbproieid @ncengatidn®at n d u
time t, respectively. In this graph, edges are unweighted and undirected, meaning they do not
possess quantitative attributes, nor do they follow any directionality in their connections, i.e.
signaling molecules can flow to in either direction between two céathemdes. In our model,

time is discrete and represented by natural numbers, evolving forward with each iteration of the
simuléion as depicted ifrigure 4.2A. At each timestep a transition is applied in which each
attribute of the network is sequentially updated via the following modules: (i) Gene activation, (ii)
Molecular production, (iii) Signal diffusion, (iv) Growth, and (v) Edge randomization. That is, a
gene activation module is applied, and then activated nodes carry out their respective molecular
production models, resulting in increased molecular concentrations at these nodes. Next a signal
diffusion module is applied,na molecular concentrations are updated based on the calculated
exchange of molecules. Lastly, a growth module is applied to nodes with available substrate; the
concentrations of divided nodes are amended. After this, edge randomization may be applied to
stirred culture simulations, and the time is forwarded to the next timestep. Thus, the state of the
system can be described at any point by the nodes, each with their own set of state variables

described by their weights and edges as depictEdjure 4.2A.
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Figure 4.2 Simulation process and growth fit.

(A) Overview of the simulation iterations, where initial state variables and edge structt
updated via transition state modules at each timestep. The output length of the state \
matrix and edge list increase jayew nodes(B) Growth measurements f&r colistrain OxyR

LaskGFP (transmitters) with various hydrogen peroxide induction concentrations (che
addition) are plotted in green, alongside average total nodes of 10 simulation repeats a
division probabilities Ragiv) over time n purple. Bars represent standard deviaiiGh Average
substrate per node f&i in (B), the horizontal dashed line indicates a +sgecified substrat
threshold k=1, below which a node will no longer divide. The shaded zones indicate ste
deviation of the substrate concentration across the network for each probability.
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4.2.1.1 Gene activation and molecular production
To capture genetic induction and subsequent molecular production we implemented a two

step mechanism at each node at every timestep. First, the probability of gene activation is a
function of inducer concentration (s€able 4.1: Equations 16). H.Oz induced gene expression
is described by a logistic curvddble 4.1. Equation 1-2, Appendix Figure 8.2A) with a
threshold of 12.5 pMAI-1 dependent gene expression is implemented using a steeper and linear
step function Table 4.1: Equation 3-4, Appendix Figure 8.2A) reflecting the nanomolar
requirements for inductioh®

If a gene is activated at a node for a timestep (via probability function based on inducer
concentration), it will produce the specifigtblecular product (GFP or Al) at a set expression
rate based on the prevailing inducer concentration and substrate avail@bhiy 4.1: Equation
5-6, Appendix Figure 8.2B-C). For production based on Al the rate is linear while for hydrogen
peroxide it is a saturation function so that at low concentrations there is a steep peroxide
dependence and at high concentrations the rate is satOrfatédThese transitions occur at each
timestep prior to the diffusion and growth modules, such that molecular production occurs with

the concentrations from the previous timestep. The discrete equations are desdréise 42.
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Description Equation

~

Hydrogen peroxide induced gene activat (1)0i ¢ ® 'O0 T
probability. .

201 ¢om T
Al-1 induced gene activation probability. R)0i ¢ O ® T .

~
¥

AH0i £ on T
Hydrogen peroxide induced molecular product B)YYHO Q

rate.
Al-1 induced molecular production rate. B)YHO'Q R 0 Y
Table 4.1 Equations for gene activation and subsequent protein production for the inducers:
hydrogen peroxide and Al.

Variable | Equation
H:O2 | H0,(t+1)=00 o | B, OG0 0 00 0AA®

Al-1 Al-1i(t+1) = 0o 01 £éwzYMOOQ | B, 6O
bWOAAM

S s(t+1) = — (if nodei divides)

GFP GFR(t+1)=01 ¢ 3’ YOO Q "0O'000 (Al-1induced)
or

GFP(t+1) =01 ¢ @Z2YHO Q "O000 (H:0zinduced)
Table4.2 State variable dynamics equations.
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4.2.1.2 Signal diffusion
Signaling between nodes occurs across edges, such that only nodes connected by an edge

may transfer KO, and All. Signal moleculenovement across edges are defined by a discrete

approximation of diffusion derived by the following equations as previously described by

Sayam¥&:
1A— | B, & @
Qb6 Yo G0 | B. © & ¥

B)Ydo Yo Go | B, 0o OoAA@Yo

whereg; is the concentration of signaling molecule at a given maglas the concentration at that
node6s jndeg(igshtie mumber of edges at nagend Uis a diffusion coefficient (See
Appendix Table 8.4 for all coefficient values). Ifequation 1, diffusion is generalized to the
change in concentration at a node with respect to the difference between its own concentration and
its neighbors. This can be discretizéifiquation 2) and solved to find that the change in
concentration at a node is determid by the difference between
concentrations and the product of its own concentration and number of Edgesidn 3). At

every timestep, the concentration is calculated fEmation 3 for each node and updated prior

to growth module implementation. This process applies to the following state variables and occurs
prior to the calculation of network growtH>O- (t) andAl-1(t). The equations for these variables

prior to network growth can be foundTiable 4.2.

4.2.1.3 Network growth
The network grows with time, depending on substrate availability and growth probability,

Pdiv. Initially, each node is assigned the same initial substrate weigltt each time step, if a
node has a substrate level above a minimum threskdlie node has the probabil®yy, that it

may divide into two. Following a division event, the substratble 4.2), H.O. and AF1 node
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weights are divided equally between daughter nodes at each timestep. As noted above this occurs
after the diffusion module, such that the newly calculatg@:tdnd AF1 concentrations may be

divided in two upon a division event. As depictedrigure 4.2A, with each iteration the network

will increase byj nodes, determined by substrate availability at each nodPs@ntlVe note that
daughter nodes maintain fluorescence (GFP) of
with previous experiment§. We additionally neglect protein degradation, again in agreement

with experimental results.

After a division event, theesulting daughter nodes share an edge and maintain their
parent 6s edges, | imited to a maximum of 10 nei
of network science, we refer to neighbors as nodes which share &f.&tgese 10 neighbors are
randomly sampled from the parentdés neighbors
In a case where a dividing node has 10 neighbors that also all divide at that time step, out of the
20 surrounding nodes only 10 wlle randomly selected to share an edge with each daughter.

In Figure 4.2B, we depict growth curves for the colistrain OxyRLasl-GFP grown with
various hydrogen peroxide concentratiénghese cells are the receivers in the Monoculture case
and transmitters in the Transmitter/Receiver ca@éigure 4.1). Alongside we show the total
number of nodes over time for a simulated network of with 50 initial nodes 0820, and & of
1 for variousPdiv. With thesess andk values, each node can divide five times during the growth
phase, allowing us to fit the initial node count to 50 and total possible number of ndd&®to
which approximates 1 node to 0.001 &® The Pqiv values assigned helped to ensure that the
growth phase of the network translated well to experimental results, such that 45 timesteps
represented ~1 hour of cell culture. Our simulation thus mimicked the log phase growth of the cell

cultures. We note thdlexibility for fitting experiments is enabled by altering the division
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probability, Pqiv. Additionally, we note that as the network grows the average substrate per node
decreases over timEigure 4.2C), until reaching below the threshold valueksfl. As described
above, below this threshold, nodes may no longer divide. The shadowed &igara4.2C
represents the full ranges of substrate levels across the netmebfkr each division probability.

While the substrate defined in our model represents general nutrient availability, the trend shown
in Figure 4.2C emulates thalecrease in glucose over time En coli cultures demonstrated
experimentally®. That is, while the network model formalism does not include a typical
deterministic Monod model for growth with a maximum specific growth rate and saturation

constant, the configuration here well represents the overall culture dynamics.

4.2.1.4 Edge randomization
To describe the spatiotemporal effects of various modes of cell culture such as stirred,

immobilized biofilms (static), and combinations thereof, we implemented edge randomization. In
the absence of stirring, edges which are assigned during networkzaitaal and at each node
division, remain fixed for the duration of a simulation. To simulate a stirred batch culture, we
randomized the edges amongst all nodes at every timestep. We simulated two base cases with
either static or randomized edges and withwithout network growth to demonstrate the effects
signaling dynamics: one case where inducers may come from a highly concentrated source node
and another case where an electrode may generate inducers at its surface over a specific time period
(Appendix Figure 84). As anticipated, cases that include network growth and edge
randomization resulted in faster homogeneity of signaling molecule concentration across the
network than nomgrowing networks or those growing with static edg@em these tests, we found

a set of parameters that when used, enabled reasonable agreement between our previously

published datas§=20, k=1, P4i,=0.015,U=1 and an initial average of 4 edges per node).
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4.2.1.5 Electrical hydrogen peroxide generation
To mathematically characterize the production of hydrogen peroxide at the surface of a

biased electrode as a mode of information transmission into bacterial cells, we model the input as

a signal generated from an individual source node, then link thisestmuthe various nodes. In

our network architecture, the electrode is represented by a single node which produces hydrogen
peroxide at each time step that it is turned
which electrical stimulus regeld in negligible growth during the time of inducffpwe set the

growth probability parameteRqsv,t 0 zer o when the electrode 1is
growth was observed to increase. We fit the hydrogen peroxide production for an initial network

size of 100 to produce 46 uM hydrogen peroxide per timestep to approximate experimental results
(Appendix Figure 8.5A).

Previously reported experimental results demonstrated that electrical induction yielded
lower GFP output compared to a chemical addition, suggesting that the spatiotemporal
heterogeneity resulting from the Irface affectszed i r
output. To recapitulate these findings in our model we limited the number of nodes connected to
the electrode to 5 percent of the total network at every timepoirippendix Figure 8.5B we
plotted the Monoculture response for chemicallyd aelectrically induced simulations to
demonstrate that the limitation of electrode connectivity to the network reproduces experimental
trends, via reduced GFP production compared to chemical induction.

4.2.2 Code andlataavailability
Graph simulations were performed in Python using Netw®tlkaad modifying and implementing
the Simulation class from A First Course in Network Sci#h&raph generation and initialization

and graph transition states were defined and are contained in supplemental notebooks.
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Vi sualizations were performed us®hExpefmyentd onod s

data used for parameter fitting are from VanArsdale et al.,’2022

Python notebooks and simulation data are available onlaithab.com/kaychun29/bioetwork

simulations
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4.3 Results

4.3.1 Chemical and electrical induction of Monoculture and Transmitter/Receiver
Systems

We first simulate the two cellular systems in response to the chemical addition of hydrogen
peroxide. We aimed to capture the experimental results depictadure 4.3A-B (reproduced
with permission), where identical levels of hydrogen peroxide were added to the Monoculture
system and to the Transmitter/Receiver System. We later measured GFP expression in all cells via
flow cytometry after 3 hour& Flow cytometry provides for the distribution of GFP among all
cells in a population. Especially at high concentrations, a chemical addition of hydrogen peroxide
should result in a homogeneous inputh er ei n there is |little fAnoi s
the Monoculture system, increases in GFP became obvious at initial concentrations of 12.5 uM
H20.. Further increases in 2B, had relatively little effect on GFP. Interestingly, for the
Transmitter/Receiver system, lower initial concentrations g.Hesulted in significant GFP
expression owing to the Al signal propagation. In the end, the yield of GFP for this
Transmitter/Receiver system was nearlyfdld higher than the case with just® adcded to the

monoculture, even at the highest concentrations
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Figure 4.3 Monoculture and Transmitter/Receiver GFP distributions.
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Figure 4.3 captionChemically inducedA) Monoculture andB) Transmitter/Receiver systel
at 3 hours hydrogen peroxide addition, reproduced with permission from VanArsd&lg@)
The simulated monoculture system GFP distribution at 180 timesteps is shown for an ac
of 10 replicates, with initial hydrogen peroxide concentration ranging frd®0QuM. (D) The
simulated Transmitter/ Receiver systemobs
shown for an aggregate of 10 replicates, with initial hydrogen peroxide concenteaiging
from 0100 puM. Experimental flow cytometry data of thgE) Monoculture and(F)

Transmitter/Receiver system at 3 hours post charge application, reproduced with per
from VanArsdale et al. GFP distributions of simulated electrical induction for
(G)Monoculture systeman@H) Tr ansmi tter/ Receiver6s re
nodes at 180 timesteps post chaagglication. Distributions shown are an aggregate o
simulated replicates, with charge durations ranging fre8 @mesteps.

To simulate these results, we assigned each node the same initial hydrogen peroxide weight

based on the initial experimental concentration. We set initial GFP weights randomly using a
Gaussian distribution with a mean of 500 and standard deviation of RisQallows for all nodes
to have fluorescence background, which fit our previously published experimental distribution for

uninduced cellsFigure 4.3A-B . For the following simulations the initial network size was 100

nodes, with an average of 4 edges per node. These initial conditions enabled reproducible network

propagation, while conserving computational time. We implemented network growth and edge
rancbmization at each timestep to recapitulate the-métled growing culture, according to the
methods previously described. For the Monoculture system, chemical induction was simulated
using the gene activation probability { ¢ @hTable 4.1:Equations 1-2) and the molecular
production rate’'Y @ 0 ‘Q, Table 4.1: Equation 5). To model the Transmitter/Receiver system in
which a twastrain ceculture is used to amplify the initial hydrogen peroxide signal, we partitioned
the initial network into 10 percent transmi
receives, and 90 percent receiver nodes which activate GFP productionbinddiction. In both
systems, All freely diffuses between nodes at each timeSteyhile in neither case does the GFP

diffuse out of the celt’. In this Transmitter/Receiver system, GFP production is probabilistically
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activated 0 i € @ Table 4.1: Equations 34) and produced at a rat&/ ()6 ‘QTable 4.1:
Equation 6) dependent on Al and substrate concentratidn.Figure 4.3C-D we plotted the
simulated GFP distributions across the entire network for both the Monoculture and
Transmitter/Receiver networks at @y growth (180 timesteps) as a function of initiaiC
level. Consistent with the experimental results, the range of expression in the Transmitter/Receiver
network reached ? whi |l e the Monoculture n-Bdlewer k6s max
We next simulated the electrogenetic approach wherein an applied reducing potential on the
electrode generates hydrogen peroxide and this, in turn, stimulates the cells. Naturally, a major
difference between this mode of induction is that the hydrogerxigerés generated at the
electrode and while the system is mixed, the peroxide level increases with the extent of its
generation rate. The experimental results from earlier work are shoviigume 4.3E-F
(reproduced with permissioh)n the Monoculture system, small increases in GFP were observed
until the cells were exposed.55 V for 1800 seconds. In the previous work, a solution exposed
to this reduction duration produced approximately 15 uMs3H. Thus, the experimental results
for the electrogenetic case were roughly equivalent to the chemical additiofOaf IHwas
interesting to see that in the case of the Transmitter/Receiver system, a continuous increase in GFP
was observed with increased charge. This was previously described as a result of cells near the
electrode experiencing sufficient peroxide to ioglltAl-1, which, in turn, is stable and can be
mixed throughout
To simulate electrical induction, we utilized the same model structure as described prior for
chemical induction with the exception of initial hydrogen peroxide concentrations. For electrical
induction, initial hydrogen peroxide weights were set to zerosacthe whole network and

hydrogen peroxide was produced over a designated charge duration as desd/iétmas. In
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Figure 4.3G, we found the simulated GFP distribution of the electrically induced Monoculture
system did not increase significantly until greater than 30 timesteps of applied charge (equivalent
of 30 minutes), aligning with experimental resultd-igure 4.3E. For the Transmitter/Receiver
system Figure 4.3H), activation increased nearly immediately, and full activation was attained
with 30 steps of electrode charge. Our network model, in all cases, corresponded well with the
actual data irFigure 4.3E-F, wherein the Monoculture distribution was essentially unchanged
until over 960s and the Transmitter/Receiver distribution increased across the span of 960s to reach
full activation.

An advantage of the network approach is that one can examine state variables that are
otherwise difficult to obtain experimentally. Also, one can more easily align results with
underlying mechanisms. IRigure 4.4A-B, we plotted the estimated Al distributions for the
Transmitter/Receiver networks. While not measured experimentahgse simulated values are
consistent with expectations. The-AMistributions suggest significant heterogeneity within the
network. We found this heterogeneity was a result of the variance in activation and spatial
distribution of the transmitter nosl@and we note this heterogeneity has been reported in chemically
induced bacterial cell culturés. We also note that such heterogeneity isamairacterized with
commonly implemented population scale ODE models, but it can be manipulated experimentally
via quorum sensing and genetic circuit desigOur initial network model suggests that there is
a level of heterogeneity that is innate to the system and is introduced when amplifying an initial

homogenous input through a subpopulation of cells.
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Figure 4.4 Transmitter/Receiver Al distributions and signal metrics.

(A) The AI-1 distribution amongst all nodes in the Transmitter/Receiver network a
timesteps is shown for an aggregate of 10 replicBsT'he Al-1 distribution amongst all ¢
nodes in the Transmitter/Receiver network at 180 timesteps post eppigation is shown fo
an aggregate of 10 replicat¢€-D) Calculated median GFP from the distributions data sh
in Figure 4.3 plotted over their initial inducer concentrati@@) and charge duratiofD). (E-F)
Calculated percent active nodes from the distributions data shokigure 4.3 plotted over
their initial inducer concentratio(E) and charge duratio(F), threshold for activation wa
defined at 1000 GFP.
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Interestingly, we found that the range of GFP for both Transmitter/Receiver systems was
reflected in the All distributions inFigure 4.4A-B. In the chemically induced system, the-Al
concentrations were between 1@ for initial H.O, concentrations above 6.25 uM.
Comparatively, for the electrically induced system thelAlistribution across the entire network
increased incrementally with only the highest charge duration of 30 timesteps producing above
10 of Al-1. We further evaluated signal transriossby assessing the median GFP and fraction
of activated cells for chemical and electrical induced systems. These serve as metrics for final
signal output. The median GFP shows that with electronic induction, expression was generally
lower than with chenaial induction Figure 44C vs Figure 4.4D), suggesting the signal was
attenuated when the inducer was produced at a point source (the electrode node) and needed to

diffuse outward among the cells to provide induction.

When comparing the Monoculture to Transmitter/Receiver systems, we observed the
amplified response enabled by the Transmitter/Receiver system was readily apparent; the median
GFP was above 1.4 x 40ersus 2.5 x 1{for the MonocultureRigure 4.4C), an approximate-5
fold increase, when chemically induced with 100 uM. With electrical induction the median GFP
of the Transmitter/Receiver system reached about 8.5%aflthe longest charge duration (30
steps), whereas the Monoculture system did not increase above 2,0ax #pproximate-fold
difference. In addition to median GFP we also calculated the percent activated nodes in the network
for each initial inducer concentration (by measuring the number of nodes with GFP abdve a 10
threshold). InFigure 4.4E, we plotted chemically induced systems and observed that although
both systems ultimately reached 100% attj\the Transmitter/ Receiver system reached this peak
at lower HO>. For the electrically induced systems, the portion of active nodes increased

incrementally and monotonically with chardedure 4.4F). We note that the Monoculture system
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had a consistently lower percentage of active nodes than the Transmitter/Receiver system, as
expected, and never reached 100% by with 30 timesteps of induction. Overall, our model
simulations corresponded well with the previous daigure 4.3A-B, E-F). Our simulations also
suggest that despite the heterogeneity or AfAno
through a subset of cells (electrode induction), the molecular amplification that was enabled by
transforming the ED> into a strongesecondary signaling molecule, in particular one that evokes
a quorum sensing response, overcame that disruption, and produced high levels of signal and
activation.

In Figure 4.5, we explored further the dynamics of®4, Al-1, and GFP for the chemically
and electrically actuated cases by plotting their average (lines) and standard deviation (shaded)
across the network over time. We chose representative cases with similar avetage H
concentrations. IRigure 4.5A, we depict the simulated.B> dynamics for the chemical addition
of 6.25 mM HO- and for the electrical induction at 12 timesteps of applied charggui# 6f
hydrogen peroxide generated). The widely distied RO level in the case of electrical induction
was expected, but the average concentration simulated was quite similar. Wequte4.5A
depicts Transmitter/Receiver 8> dynamics, however Monoculture dynamics were nearly
identical suggesting the type of cellular system does not affect hydrogen peroxide diffusion and
generation. Despite the comparable averdHg@: levels in the systems over time, the-Al
concentration of the Transmitter/Receiver system nesgly 2fold higher that of the chemita
induction Figure 4.5B). In general, the GFP levels produced by both the Monoculture and
Transmitter/Receiver systemiSigure 4.5C-D) were higher for the chemical addition relative to
the electronically induced systems. This was understandable because the electrode pe@iuced H

levels were found to be widely dispersed, indicating that many cells likely encountered minimal
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levels of inducerKigure 4.5A). When comparing the Monoculture versus Transmitter/Receiver
GFP dynamicsKigure 4.5C vs4.5D), GFP expression in the Monoculture increased consistently
over time whereas the Transmitter/Receiver network expression was slightly delayed initially
during which time A1 was produced (~50 steps corresponding to peak) Ahd subsequently
accumulatedFor both modes of induction, the Transmitter/Receiver GFP yields were higher
irrespective of a delay in production.

Overall, we note that the large standard deviations depickgdune 4.5 reflect substantial
heterogeneity within the network. We suggest this heterogeneity is rooted in the wide signaling
molecule distribution that can occur when cell numbers are low (early on) and when electrodes are
used to generate hydrogen peroxide. nliter case, this signal molecule interacts with cells in
a random and distributed manner. In the experimental system, an uninduced cell needs to be
transported near an electroderéceive HO». At further distances the peroxide could be depleted
so that cells far away never experience high levels. Interestingly, our network model seems to well
characterize the extent of signal propagation and the effects of its design structure in determining
system outcome. The tradeoffs between the delay in responses and expression levels provide
insight on system design. They also suggest spatial heterogeneity, we explore this as a potential

design feature as follows.
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Figure 4.5 Chemical versus electrochemical signaling dynamics for edge randomized net

(A) Average hydrogen peroxide, (B) Average Monoculture GFP,(C) Average
Transmitter/Receiver GFP, arf®) Average Transmitter/Receiver Al concentrations ove
time for a 6.25 pM hydrogen peroxide induced chemical addition (blue) and 12 step
duration (orange) across the entire network. Error bars appear as shaded regions, rep
standard deviatioof aggregated network data from 10 simulation replicates.
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432Spati al design via network topol ogy:
effect on signaling

Based on our successes in characterizing experimental data from both the chemical
addition of hydrogen peroxide and its electrdi@sed generation for both the Monoculture and the
Transmitter/Receiver systems, we decided to interrogate the design spatteréat induction
methodologies. Specifically, we next explored how the relative spatial distribution of cells (nodes)
could affect the signaling. We decided to test a case where we retain transmitter cells directly onto
the electrode. Thus, iRigure 4.6A, in addition to the (i) a chemical addition and (ii) electrical
induction cases previously described, we added (iii) electrical induction of transmitter cells that
are fixed to its surface. This last network structure captures experimental designshircelisic
are either engineered to bind to gold electrdaeghat are retained in an assembled hydrogel film
26 Cells localized in this manner could receive electronic signals (hydrogen peroxide) and then
transmi-t their Aimessaged to cells outside of
transport to cells occupying the liquid proximal to the electaouebeyond®. For affixed cells,
instead of randomizing edges at time steps, we fixed edges and maintained them throughout. This

mimics a static system, representative of a biofdr®or a set of cells localized on an electrode

9
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Figure 4.6 Modularity and fold change dependent on network structure.

(A) Graph schematic of the three spatial configurations tegB)dNetwork modularity of
differing node arrangements and edge dynamics at timesteg8Bold change in GFP ¢
randomized edge networks over static edge networks for the Monoculture
Transmitter/Receiver systems with either chemical or electrical induction at 180 timeste
induction.(D-E) Signal transmission metrics for Transmitter/Receiver network architectu
180 steps post 30 steps of electrical induction, calculated fromgaegade distribution of 1
simulation replicates) Percent active nodes for varying charge duration tinE®sMgdian
GFP across network for varying charge duration times.
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To quantify structural variation that emerges due to growth and edge dynamics, we used
modularity 8 8% %4 as a measure of network structuppendix Figure 86A). In general,
modularity describes how well a network is partitioned into variousceaimunities®. A single
community wherein the connections are near random is represented by a modularity value of zero,
while a network where all edges fall within the same community would have a modularity of 1
due to its strong community structite For our calculations, we use the Louvain method to
calculate the modularity as it is computationally efficient in finding high modularity partitions of
large networks$*.

In Figure 4.6B, we depict the calculated Louvain modularity at 180 timesteps for the cases
above (chemical and electrode induction for mixed cultures), as well as the new case where
transmitter cells are fixed to the electrode (initial 10 nodes) and the receivereeiist dixed.

For the Transmitters fixed onto the electrode, dividing nodes inherit the edges from their parent
nodes without further edge randomization. As expected, our results show that there was increased
modularity calculated in the casdere some cells are fixed (Transmitters) and some are free to
move (Receivers). In general, we found that the modularity of randomized networks was lower
than static networks (sé@pendix Figure 8.6Bfor simulations of completely fixed systems, not
shown here). This is understandable because randomized distribution of edges among the nodes
yields an unorganized network structure. In comparison, as static networks grow, they maintain
structure.

We further ran simulations with fixed edges for different charge durations and hydrogen
peroxide concentrations as in the earlier simulations, to examine static biofilm cultures relative to
well stirred systems. We found differences in charge durationiratial hydrogen peroxide

concentrations did not affect the modularity as molecular concentrations that are represented by
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node weights do not affect the spatial structure of the network. We then analyzed the output (i.e.,
GFP level) for these simulations. To compare the output of these static cultures we calculated the
ratio of average GFP at 180 timesteps from randomizeuonies to the static networks. We use
this as a way to measure the benefit of cells in the traditionaimwedd system to those in a fixed
or partially fixed system (i.e., cells fixed to an electrode propagating signals to those in fluid
nearby). InFigure 4.6C, we plotted these ratios for each inducer and system type. For the new
case of transmitters fixed to an electrode, we also tested a case in which the receivers are also fixed
to emulate multilayer deposition of cells onto an electrode as a potentiah.dékig is more
representative to a complete biofilm. The fold change calculated from these transmitter fixed cases
were done relative to static networks of electrically induced Transmitter/Receiver simulations.
Here we see that for chemical addition, there was little difference between the network

structures. This results from the fact that all nodes experience the same initial inducer
concentrations. For electrically induced systems, there was minimal effda Monoculture at
all charge durations. In the Transmitter/Receiver system, we found that for 30 steps of charge there
was an approximatelyfld increase in signal when randomizing the network. In fixed transmitter
simulations, we found a substantialprger range for the overall system output. These fold
increases are indicative of how edge randomization generally increases output while strategic
spatial arrangement of the-calture with respect to inducer sources can largely amplify signal
throughpt.

Finally, we assessed how topological effects leading to increased modularity affect signaling
within the network. We calculated the percentage of cells that are aGRR gbove a 19
threshold and the median GFP for these Transmitter/Receiver simulations with various edge

dynamics Figure 4.6D-E). We observed that the static networks had both the lowest median GFP

67



and the fraction of active celld~igure 4.6D-E). Interestingly, our simulations suggest that
introducing transmitters that are fixed to the electrode increlasas/erall activation and median

GFP over completely randomized networks, and this is irrespective of receiver conformation (fixed

or not). We suggest this is due to the faster and increasédpfdduction that is enabled by
transmitter proximity to theelectrode(Appendix Figure 8.6C. Randomizing the receivers

further increased estimated outputhis is a consequence of allowing the whole receiver
popul ationds increased contact -lwoutcd Thishvas t r an
evident as the networkodés GFP distributions wh
to a wider ange in GFP valueg\ppendix Figure 8.6D). Overall, these results reveal that while

high modularity yields increased signal heterogeneity, it also lowered signal output compared to
low modularity networks. That said, the strategic or intentional orgamizatisubpopulations can

drastically increase output, despite increased modularity.
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4.4 Discussion
In this work, we developed a graphical network approach for modeling-puytilation

bacterial cultures. By coarse graining the-teltell signaling interactions that are known to occur
in complex bacterial systerfigind leveraging intrinsic network properties that attempt to simulate
spatial distributions, we have elucidated signal dynamics that would be very difficult to ascertain
using traditional deterministic population scale multicellular modeling. The implat@nbf a
graphbased model allowed us to vary network structures that we had previously implemented
experimentally. We were able to determine network parameters (probabilities of growth, molecule
production, gene activation) that when employed in the ehaatccurately recapitulated the
experimental observations. Then node weights (other state variables such as inducer levels,
substrate levels, etc.) were examined to better understand the experimental results. Perhaps more
importantly, with this agreememte then tested hypotheses regarding the spatial composition of
microbial systems. Further, by implementing various edge architectures, we attempted to mimic
various engineered and endogenous culture structures. We mimicked stirred batch conditions
common ¢ biomanufacturing settings via edge randomization. Static edge conformations imitate
biofilms found in nature and other immobilized or hydreggsembled cell systems. Additionally,
we could easily accommodate varied edge profiles in our model so ticatildeest how relative
spatial structures affect communication between different populations.

Owing to the natural tendency to think in terms of subpopulations and quorum s&nsing
we introduced the notion that network modularity would be a valuable tool in analyzing bacterial
networks when organized in the various experimental configurations. In testing fixed spatial
conformations we found that for increased modularity, meaninge rmobcommunities in the

network, maximum signal throughput is reduced and delayed for simulations with an electrode as
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an input source. We suggest this is attributed to the need for the input signal to diffuse into each
subcommunity for the secondary signal to then be produced and diffused back out for further
signaling. We suggest this introduces an increase in noiselaiseep of signal transmission due

to structural constraints. That said, these decreases in signal can be overcome by spatially orienting
transmitter nodes close to the electrode as the input signal source. We further tested fixing all
transmitter nodestthe input signal source (the electrode) and found that regardless of whether
the receivers were fixed or randomized this restored signal in fixed networks and resulted in higher
expression than in randomized simulations. Correspondingly, in Terreltetlaéy demonstrated

that by fixing microbes to a gold electrode they could producel Akith electrochemical
stimulation, and this was shown to be quite successful in signal propagation (more so than in
VanArsdale et al, where the transmitter and receiver populations were fully mixed in a stirred
vessel). Unfortunately, in neither case was it experimentally feasible to monitoriheiflsion

and activation across the system bounddrieere, our work may provide theoretical insight into

the signaling occurring in these types of experimental configurations and those found in natural
biofilm systems, where measurements in real time and at small distances is difficult.

Additionally, we suggest that models such as this can be further extended to simulate other
spatial conformations of cell populations to provide insight into how much input and signal
transmission is necessary for successful outcoffieIhese include cases where synthetic
assembled consortia of higher complexity may be cultured together in batch or spatially fixed
within gels®, between membranes or 3D printed nicleer within varying ecological niché$
16,92,93,97 For example, the field of biomaterials has implemented the spatial confinement of cells
within hydrogel structures and microcapsules for the use in generating functional living materials

and to recreate micro communities found in natéiteL
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Chapter 5 Mediated electrochemical probing for
rapid L-cysteine gquantification andantibody quality
assessment using machine learning

This chapter is adapted from an unpublished manuscript.

5.1 Introduction
The monitoring of media composition and product quality throughout bioproduction is of great

interest for process optimization and development. In this chapter, we developed electrochemical
methods to quantify Lcysteine and reduced IgG antibody to cdmité a novel rapid approach to
monitoring biomanufacturing processes. Although considered endogenousgs®ntial through

its production in the liver, icysteine is an important media component for biomanufacturing of
proteins %2 Cysteine residues within protein structures are critical for forming vital tertiary
structures through the formation of disulfide boHtisThe presence of cysteine is also necessary

for retaining a redox balance in cell cultures as it is an essential for the production of antioxidants
such as glutathione, hypotaurine, and tauttheHowever, cysteine is relatively unstable as it can
easily autoxidize its thiol groups to form thiyl radicals and its dimeydtine, both of which can
contribute to an increased oxidative state of the m&#iR®. Studies examining -tysteine
concentrations in basal media during antibody producindp&ch CHO cell culture showed that
increased initial kcysteine concentrations increased oxidative stress due to excessive consumption
and subsequent depletion afracellular antioxidant¥’”. Whereas studies with decreased cysteine
concentration in their feed composition can lead to decrease in protein titer and increased oxidative
stress due to the depletion of antioxidant producfi®i®® Thus, the development of methods that

can rapidly monitor kcysteine with the intent of maintaining concentrations that balance the redox

state for optimized productivity is desirable. The need for monitoring thiols is specifically relevant
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in antibody production, as monoclonal IgG1 antibodies contain 16 thiol residues; 4 of which are
critical to antibody structure in that they hold together the heavy and light ¢Haifise reduction

of these key disulfide bonds results in fragmentation of the biologic, and ultimately a decrease in
activity and stability of the desired therapedfit 11213,

Traditional analytical methods to measure the fragmentation of antibodies, such as capillary
electrophoresis and other chromatography methods, can have long lead times due to labor intensive
processing and logisticé* > We suggest that the development and implementation of rapid
electrochemical approaches for monitoring\isteine and reduced antibody concentration could
provide quick ordemand quantification to complement gold standard analytics, allowing
manufacturers to catch mishaps and intervene in real time.

Here, we expand on the previous methods for electronically sensing molecular structure by
developing a pipeline for rapid sampling and quantification-oyteine and reduced monoclonal
antibodies. In Motabar et al., researchers described the use otedeslectrochemical probing
(MEP) enabled the detection ofdysteine and the free thiols on reduced IgG in soldfi®This
methodology consisted of adding the redox mediator Ferrocene to IgG samples and
electrochemically measuring them using both chronocoulometry and cyclic voltammetry. The
measured electrochemical signals were then used to calculate metrics agaikgtaund reading
of mediator alone in solution. This analysis revealed how interactions between the mediator and
IgG thiol groups effect amplification and attenuation the signals. In this method, electrochemical
measurements took 4 minutes and the netalculated were used for binary classification; to
determine if samples of the same total protein concentration were reduced or intact. In all cases,
the methodology required parallel testing of the test sample and the control. In this chapter, we

optimized an MEP method for 10 second sampling timef¢l4i faster), from which data was fed
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into a trained machine learning regressor to determinedysteine or reduced IgG concentration;

the overview of this workflow is depicted Figure 5.1. This obviated the need for a parallel

mediatoronly control.
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Figure 5.1 L-cysteine and IgG workflow overview.
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To develop this workflow, we began by screening and optimizing electrochemical
parametersont y st ei ne di ssol ved i n Phosphate Buffer
Eagle Medium (DMEM). These represent low and high background solutions, redgective
Screening of various parameters were streamlined by utilization of a 3D primteldl 8ampling
device and &hannel potentiostat (sétethods). The datasets generated by this initial screen were
then used to test various preprocessing approachesantin® learning models. Topdysteine
guantification pipelines demonstrated high correlation of predicted concentrations with true
concentrations (0.8) on test sets. The electrochemical parameters with the highest performing
L-cysteine quantification pipelines were then selected to measure antibody samples wherein the
antibodies were intentionally reduced to expose cysteine thiols to the mediaiss. antibody
datasets were then used to test various pipelines. The resulting top performing maslédsinger
to quantify reduced IgG concentration in both low and high background solutions with a positive
correlation to its true concentrations’$R.74). In this report, we describe the development of this
methodology as a proaff-concept workflow, which we believe may be transferred to other
biologically relevant systems for thiol detection or for detection of other redox accessible residues

enabkd by alternative redox mediators.
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5.2 Results andliscussion
In mediated electrochemical probilg, r edox active molecul es t

(i.e., they exchange electrons with electrodes and other molecules) are intentionally added to a

bi ol ogical sample and then measured voltammet:Hr
a simple &ectrode setup. The interactions between the mediators and biologics cause the ratio of

the reduced to oxidated form of the mediator to become altered. This is captured by voltametric
measurements at the electrode «peaksae alteredwher e
compared to a mediator only control. Here, we utilized cyclic voltammé&tnas the
electrochemical method to measure our samples, as it provides both information on the reductive

and oxidative nature of the sample by sweeping the applied potential in both directions.

5.2.1 Electrochemical parameter optimization
We explored the following parameters of our electrochemical measurement to compare

their effects on Lcysteine dependent signal: scan range, mediator selection and mediator
concentrations. We first optimized these parameters to a 100 mV/s scan rate auttte th
measurement time would be 10 seconds per sample;fald2dmprovement upon previous
methods that used 2 mV/s for a total of 4 minutes per saiipWe explored two mediators which

have shown prior interactions withdysteine; ferrocene dimethanol (Ferrocene/Fc) and potassium
hexachloroiridate(lll) hydrate (Iridium/Ir). Ferrocene has a redox potential=0DR5, and as a

mild oxidant it has shown selectivity towards redox cycling witykteine?®. Iridium has a redox
potential of B=0.7, and is a stronger oxidant than ferrocene that has recorded redox interactions

with multiple amino acids such asdysteine, ktyrosine, and Lysine?S.

Previous methods that implemented Ferrocene for MEP used a scan range of 0 Vto 0.5V,

capturing a range of +0.25 V of the redox potential,cE0.25 V26 116 117 We sought to test
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whether increasing the scanning voltage range could increase the richness of the data collected.
We found that in a low background solution, in this case PBS, there was minimal qualitative
differences between the cyclic voltammograms captured at varisteiregy concentrations with

50 uM of Ferrocene at 0 V to 0.5 V comparedd@® V to 0.9 V Figure 5.2A). However, when
measuring these same conditions in a high background solution, DMEM cell culture media, we
found thatexpanding the scanning voltage range resulted in decreased signal range for the
ferrocene peaks and the appearance of an oxidative peak at higher voltage rar@@s\(p.6
indicative of oxidation of media componentSigure 5.2A). The oxidation of these media
components at higher voltages reduced the range in signal of the ferrocene peak. We suspect this
is due to the oxidation of media components at higher voltages, rendering them unable to further
cycle with ferrocene in the Weer voltage ranges. We densirated this by measuring one cyclic
voltammogram cycle of cysteine samples with 50uM of ferrocene at the higher voltage range, and
then subsequently measuring them at the lower voltage rarfigpplemental Figure5.1. The

sample measured at a high and then low scan range resulted in reduced current signal and a weak
correlation to cysteine concentration compared to measurements taken only at the lower voltage

range. This phenomenon was repeated several times andngstent (not shown here).
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Figure 5.2 Scan range screening and mediator multiplexing.

(A) Scan range screeningCyclic voltammograms were captured using 50uM Ferrocene probin
samples containing 0, 25, 50, and 100 uM cysteine. Scan ranges and background solutions were a
from left to right: PBS 0V to 0.5V, PB®.2V to 0.9V, and DMEMO.2V to 0.9V (B) Multiplexing. Cyclic
voltammograms captured with 250uM Ferrocene and 500uM Iridium probing in PBS (top) and [
(bottom). Left plots were probed by multiplexing both mediators in solution at the same time. Rig|

were measured with each mediator seperately. All plots captured voltammograms samples of 0, 2!
100 uM cysteine.
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We also investigated whether multiplexing
by adding both ferrocene and iridium to samples of various cysteine concentrations. However, in
both PBS and DMEM solution backgrounds, we observed that having botatorsdiver a wide
voltage range caused poor separation between cysteine concentrations compared to the single
mediators within their own voltage ranges at the same concentrafigusg(5.2B). Similarly to
expanding the voltage range, we suggest thissmauction when multiplexing may be attributed
to both mediators interacting with overlapping components in solution. In this case, once one
mediator oxidizes or reduces a component in solution the other mediator may be left with no
substrate to interagtith. That is, there are likely interactions between entities in solution that are
not well defined and that degrade the quality of the data owing to the attenuation of characteristic

peaks specific to the added mediators.
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After establishing that increasing scan range and multiplexing mediators do not enhance
our voltametric measurements, we collected datasets by probing a range of cysteine concentrations
(0-500 uM) with various concentrations of each mediatef (@M) individually. That is, we
prepared cysteine samples in solutions of PBS and DMEM, then added stock solutions of mediator
to each sample immediately prior to its measurement to obtain the desired mediator concentrations
. This constituted 80 conditions per saat We collected these measurements using a custom 3D
printed 8well device which fitted a 2mm standard glassy carbon disk electrode in each well and
allowed for measurement volumes of 100 uL per well,Methods. Using this device, we were
able to collect 80 cyclic voltammograms per condition by utilizing each well simultaneously and
collecting 10 sequential cycles, yielding a total of 640 samples across the scfagordrb.3A,
we provide results of various concentrations of Ferrocene and IridiBB3and DMEM. Across
mediator concentrations in both solutions, we observed their current amplitudes increase with
mediator concentration, as expected, given increased availability for electron transfer with higher
mediator concentrations. We also obseraedignificant oxidative background current in the
DMEM measurements without any mediator in voltage ranges above 0.6 V, owing to the many
DMEM components that can be oxidized. Interestingly, measurements of the mediators in DMEM
revealed how cell cuture o mponent s modi fy the mediatords cu
background oxidative peak amplification and reductive peak attenuation across iridium

concentrations.
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Figure 5.3 Mediator characterization.

(A) Cyclic voltammograms of mediator in background solutions.Top plots were measured in PB
bottom plots were measured in DMEM. Left plots were probed witB@ pM Ferrocene at OV to 0.5
and right plots were probed with1I®00 pM Iridium at 0.4V to 0.9\B) Average Areaunder-the-curve
heatmaps.Average area under the curve per condition was calculated (n=10) from single mediator
cyclic voltammograms of cysteine in PBS and DMEM.

80



In Fig 5.3B, we plotted the average Areaderthe-curve (AUC) for each mediator in both
PBS and DMEM to gain initial insight as to which mediator concentrations provide the best
resolution to detect changes in current signal across cysteine concentrations. Watldhaéfor
Ferrocene, midrange mediator concentrations5@D uM) had the highest range in AUC values,
indicating their potential for parsing cysteine concentrations. Whereas Iridium in PBS
demonstrated similar AUC values across a wide range of med@toentrations; this was also
true in the case where there was no mediator added. We attribute this to the higher potential
scanning range of the iridium, in which even without any mediator the cysteine can still get
oxidized. We showed this ilppendix Figure 8.7, where we quantified free thiol concentration
using EIll mandéds assay for samples with and wit
voltammogram cycle. After taking a cyclic voltammogram in a cysteine sample without mediator,
the free tiol concentration decreased as indicated by the stark reduction in absorbance. This was
also the case for samples with 250 uM iridium, where adding iridium reduced absorbance even
without taking a cyclic voltammogram measurement but after taking a measretne
absorbance further decreased. Apparently, the iridium is a very effective cysteine oxidant.
Interestingly, we noted further that there was a strong correlation between AUC and cysteine
concentration even without any mediators over both voltaggesaand background solutions,
Appendix Figure 8.8 This clearly demonstrates that even without mediators, cysteine residues
can get oxidated by the electrode. It is well known, for example, that thiols can react with gold and
foul gold surfaces, even if they are not used as electtéti&de note, however, that the range of

signals between the various cysteine solutions was higher when using mediators.
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5.2.2 Data pipeline development
From our initial AUC analysis, we anticipated that frachge ferrocene concentrations and

all of the iridium concentrations would enable a model to predict cysteine concentrations with high
correlation and accuracy. To find high performing models thatdcpuedict cysteine
concentrations given a cyclic voltammogram measured using MEP as an initial input, we generated
a pipeline Figure 5.4A) to test various preprocessing methods and machine learning (ML) models
across the datasets of various mediator eotrations collected. We tested three approaches to
preprocessing the data; first electrochemical feature extraction in which we extracted features that
are traditionally calculated when analyzing cyclic voltammografigute 5.4B) © 25 116. 119
Second, we applied principal component analysis to the current data and extracted the top ten
components as a method of dimensionality reduction. Lastly, we used both the electrochemical
metrics and the top ten principal components as model inputs. phéiprocessing with each of

these approaches, we fed the extracted features into a grid search, where we tested multiple existing
regression models across various hyperparameters and -fiskeidc8oss validation to calculate
performance metrics for eachtdset'?®. The list of models and hyperparameters tested in the grid
search can be found Appendix Table 8.5 Brief technical descriptions of the tested models can

be found inMethods. The 8 folds consisted of 8 subsets of data, meaning the data retrieved from
each well of the device was separated such that multiple cycles from the same well would not be
in both the training and test sets. This was implemented to avoid data leagagbgimodel

would not encounter data in the test set from the training sefielddunjustly high performing
models. Rsquared (R values and negative mean absolute errors (MAE) were calculated as

performance metrics for all cases.
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(A) Data pipeline development schemegB) Electrochemical metrics. Diagram of electrochemice
metrics from ferrocene (left) and iridium (right) which are used as training featG)eSysteine model
grid search results.Average MAE values from the top ten models from each preprocessing and m
selections were plotted (left). Cysteine predictions on dual mediator datasets from models with the
MAE per preprocessing method were plotted against their true ailgle§. Mediator concentrations fc
PBS and DMEM were250 uM Iridium and 500 pM Ferrocene, and 288 Iridium and 50 uM Ferrocene
respectively. Performance metrics from these prediction plots are folliathlie5.1.
In Figure 54C, we plotted the top ten models with the lowest cross validation average
MAE values for each preprocessing method and mediator approach. We found that across all
preprocessing approaches and both background solutions, datasets with features from both
medators had higher performing models as denoted by lower average cross validation MAE
values. In terms of models trained on single mediator datasets, pipelines trained on Ferrocene
probed datasets generally had larger MAE values than those probed witi INdith respect to
the various preprocessing approaches, the top models for each ranked as follows from lowest to
highest MAE: electrochemical metrics, PCA components and electrochemical metrics, and PCA
components. This emphasizes how the use of featel@sant to the data collection method may
yield better model performance.
Overall, model performances for predicting cysteine concentrations in DMEM were lower
than in PBS as indicated by their larger MAEs. As showhigure 54C and Table 5.1, PBS
models could achieve MAE values below 5 uM whereas the top performing DMEM model had a
MAE of 8.63 uM. This is not surprising given the previously demonstrated background in DMEM
measurements due to its media components. Both grid searches yieldedhoueis with R
values above 0.9, indicating that both mediators in either solatamd predict cysteine
concentrations with a strong correlation to their true values. The full grid search results for are

available in Appendix Table 8.6 In both solutions, the highest performing models per

preprocessing methods were trained dual mediator datasets. For PBS, the top ten models using
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dual mediators for all preprocessing approaches wekeihbors regressors. We suspect that

due to the lack of background in PBS, the input features naturally group together based on their
cysteine concentrations. This type of input data is ideal foremehtation of a Keighbors
approach, where predictions are based on the
in the training set within the vector space. For DMEM, a pipeline using dual mediator
electrochemical metrics and PCA components asténio a simple linear regressor performed the

best with a MAE of 8.63 and?®f 0.9967. Whereas DMEM pipelines with just electrochemical
metrics had top performances with MLP regressors, and pipeline with only PCA component inputs
worked well with kneighbor regressors. This may speak to the complexity of electrochemical
metrics, 8 some of these features take in to account current data as voltage dependent variables.
Comparatively, PCA preprocessing is applied to raw current values, in which each ialdividu
current value is considered an independent variable.

From these results, we moved forward with 250 uM Iridium and 500 uM Ferrocene for
probing samples in PBS and 250 uM Iridium and 50 uM Ferrocene for probing samples in DMEM.
These concentrations were high performing in dual mediator datasets but were higthtist
concentrations for the sake of reducing the need for mediator reagEigfuta 5.4C, we plotted
the prediction results using these mediator concentrations and their respective top model per
preprocessing methods for one fold in our cross vitidasuch that we trained the models on data
from wells 28 and presented the model predictions for the data from well 1. The performance
metrics for these plots can be foundeble 5.1. These plots illustrate the performance variability
between the various pipelines and background solutions, notably DMEM has an overall larger

MAE across all pipelines.
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Solution Preprocessing Model Hyperparameters 2 Slope MAE

PBS PCA KNN  n_neighbors=5 0.9682 0.9841 5.0
PBS E-metrics KNN  n_neighbors=5 0.9989 1.0088 1.56
PBS PCA+E KNN  n_neighbors=5 0.9838 0.9920 2.5
metrics
DMEM  PCA KNN  n_neighbors=2 0.9313 1.0257 28.59
DMEM  E-metrics MLP  activation=logistic, 0.9933 1.008 12.46
alpha=0.01,
hidden_layer_sizes=(10C
) max_iter=10000
solver=sgd
DMEM PCA+E Linear N/A 0.9967 0.9862 8.63
metrics

Table5.1 Cysteine grid search tgpipeline parameters and modstrformance metrics.

We then tested dual mediated probing pipelines with their top models and preprocessing
methods on a test set which contained measurements of cysteine concentrations not present in the
training set in both PBS and DMEMFigure 55A). To do so, we trained the higheahking
pipelines (same aBigure 5.4C) on the full datasets from our grid search with their solution
specific mediator concentrations. We then used the trained pipelines to predict the cysteine
concentrations in our test set. The prediction ltedtom these pipelines are shown Figure
5.5B. The predictions of cysteine in PBS had high correlation to the true cysteine concentrations
with R-squared values above 0.88 for all preprocessing approddias 5.2). The best pipeline
consisted of electrochemical metrics as inputs teNeikjhbors regressor, which was also the top
performing pipeline from our grid search. The DMEM test set predictions were not as accurate as
the PBS predictions, where using the sémpepipelines from the DMEM grid aech yielded MAE
values of around 100 puM. Therefore, we explored other models from our grid search and found
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that using PCA components and electrochemical metrics together as inputs to a linear regression

model yielded higher Rvalues than other top models previously tested, however the MAE was

still 122.56 uM. Whereas when testing other models from our PBS grid search, we found that

using a MLP regressor on electrochemical metrics yielded the lowest MAE (27.76 uM) of the

pipelines tested. This demonstrates that the higiaeging from our grid search results may not

necessarily yield the best results on our et This is common as models can hone in on features

and trends in the training dataset that are not always significant or present in n&k data
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Figure 5.5 L-cysteine test set data.

True: Cysteine [uM]

True: Cysteine [uM]

(A) Cysteine test set dataCyclic voltammograms of the test set, containing samples of (
150, 225, 375, and 450 uM cysteine in PBS (left) and DMEM (right). PBS measurement
probed with 500uM Ferrocene and 250uM Iridium, DMEM measurements were probe
50uM Ferrocene and50uM Iridium. @B) Cysteine model test set performancePrediction
plots from top cysteine quantification models on test set data (left and center). Predictic
from alternative high performing models (right). Performeaneetrics from these predictiol

can be found iTable 5.2.
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Solution Preprocessing Model

PBS
PBS
PBS

DMEM
DMEM

DMEM

PBS

DMEM

PCA
E-metrics

PCA+E
metrics

PCA

E-metrics

PCA+E
metrics

E-metrics

PCA+E
metrics

KNN
KNN
KNN

KNN
MLP

Linear

MLP

KNN

Hyperparameters
n_neighbors=10
n_neighbors=10
n_neighbors=10

n_neighbors=2

activation=logistic,
alpha=0.01,
hidden_layer_sizes=(100,
max_iter=10000,
solver=sgd

N/A

activation=tanh,
alpha=0.01,
hidden_layer_sizes=(100,
max_iter=10000,
solver=sgd
n_neighbors=10

R? Slope

0.8839
0.9602
0.8840

0.6822
0.6141

0.8223

0.9677

0.7065

Table5.2 L-cysteine test set pipelines and model performance metrics.
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0.9924
1.0939
0.9928

0.9965
0.4460

0.7785

0.8733

1.024

MAE

63.45

50.21
63.29

127.92
109.65

132.56

27.76

119.88



5.2.3 Method transfer to IgG from human serum
After demonstrating the feasibility of developing a pipeline to quantdydteine, we next

tested whether we could transfer this approach to quantifying reduced monoclonal antibody. All
antibodies possess interchain disulfide bonds that are cruci@itstitucture. Specifically, these
interchain bonds dictate whether antibodies are in their correct formatting as depi€igarén
5.6A. When these bonds are reduced fragmentation and subsequent reoxidation can occur into
incorrect formats® 111122 previous work has demonstrated that MEP can be used to probe the
thiol groups on reduced human 1 gG despite thei
embedded nature compared to freeyisteine in solutioh!®. Thus, we applied the top performing
electrochemical parameters from oucysteine pipelines (500uM Ferrocene and 250uM Iridium
for PBS; 50uM Ferrocene and 250uM Iridium for DMEM) to collect datasets of reduced and intact
IgG from human serum. To prepdhese samples, we intentionally chemically reduced stock IgG
to generate free thiol groups to probe with our method. These datasets were used to develop data
pipelines that can quantify the concentration of reduced IgG from cyclic voltammetry data. The
sanple space of each dataset consisted of samples with only reduced or intact antibod$ from O
g/L and samples at a total of 3 g/L at various ratios of reduced to intact antihgdse(5.6A).
We then applied the same methodology where we tested three various preprocessing approaches
(PCA, electrochemical metrics, and both) and used a grid search to test various regression models
on these datasefSigure 5.4A). The results from these grid searches are aléppendix Table
8.6.

From the top ten grid search results we saw that in PBS, the electrochemical metrics
preprocessing approach had the smallest MAE values. We anticipated this result owing to the
relatively clean background. Additionally, models trained on just Ferrocere@rdata had

largest error across all preprocessing approaches compared to models trained on Iridium and dual
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probed datasets. This too was anticipated based on cysteine results above in that Ferrocene is
weakly oxidizing and can patrticipate in reduction and oxidation reactions. Whereas Iridium is a
strong oxidant and likely participates in a more uniform maniagonmarily oxidation reactions.
Comparatively in DMEM, models trained on Iridium datasets preprocessed with PCA had higher
MAE values than Ferrocene. Interestingly, Iridium datasets preprocessed with electrochemical
metric extraction had lower MAE valudsan Ferrocene and dual mediator datasets. This suggests
that when probing IgG in DMEM with Iridium, the media background and increased sample
complexity may reduce the effectiveness of PCA extracted components. We also noted that unlike
previous l-cystene grid search results, DMEM models trained on just Ferrocene probed data had
lower MAE values than those trained on just Iridium probed data for PCA and PCA plus
electrochemical metrics preprocessing methods. This also speaks to the added complexity of
sanples in DMEM, which may cause altered signal of iridium through the oxidation of other
residues in solution. Overall, the top performing models in from our grid search vidggKbors
and Random Forest for all of the preprocessing methods tdsiguate 5.6B). Both models
demonstrated strong correlations between true and predicted valuessyttafed values above
0.9, as well as |l ow MAE metrics (00.1 g/ L).
We then prepared human IgG samples at different ratios of intact to reduced at a total
concentration of 2 g/L per sample and measured them electrochentaglise(5.6C). We trained
models on the full IgG dataset from the grid search and then used them to predict the reduced
concentration of IgG per sample. In PBS, we found that the top performigidghbors models
from the grid search yielded poor prediction resulthi&-squared values below 0.6 and high
MAE values. However, we found that the RandomeBbmodel on dual mediator datasets were

able to increase the correlation tesRuared values around 0.7, although the MAE values were
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quite high around 0-B.7 g/L. We noted that the performance of these antibody models were
generally lower than the-tysteine models, as the Ralues were lower and MAE values were

larger relative to the predictions. This may be expected as the samples are inherently more
complex as the additional residues on the 1gG protein can contribute to the increased noise in the
sample and due to the atilohal structure of the protein the accessibility of cysteine residues are

not as readily available as purecysteine in solutiort?® ¥4 While this is the case, the reduced
performance on the antibody test set could also be a sign that the sample space is too sparse and
increased performance may just be a matter of

space or increasirtye amount of model training dét&.

Solution Preprocessing Mediator Model Hyperparameters R2 Slope MAE ‘

PBS PCA Both KNN | n_neighbors=1 0.9097 0.9235 0.1107
PBS E-metrics Iridium KNN | n_neighbors=1 0.9967 0.9863 0.0161
PBS PCA+E Iridium KNN  n_neighbors=1 0.9843 0.9660 0.0304
metrics
DMEM | PCA Both KNN | n_neighbors=10 | 0.9658 | 0.9879 0.0554
DMEM | E-metrics Iridium RF max_features=25, 0.9945 0.9952 0.0534
n_estimators=100(
DMEM | PCA+E Ferrocene | RF max_features=10, 0.9780 0.9950 0.0761
metrics n_estimators=500

Table5.3 Antibody grid search top pipeline parameters and model performance metrics.
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Figure 5.6 Antibody grid search and test set results.

(A) Diagram of antibody and IgG sample spaceDiagram created with BioRend€B) 1gG model grid
search results. Average MAE values from the top ten models from each preprocessing and m

selections were plotted (top). Reduced IgG concentration prediction plots of models with the smalle
per preprocessing method were plotted against their true valuesr{(hoRerformance metrics from the:

prediction plots are found ihable 5.3 (C) IgG model test set sample space and performancd.est set
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samples in the sample space (left). Prediction plots from top IgG quantification models on test set da
and right). Performance metrics from these predictions can be foliathlie5.4.

Solution Preprocessing Mediator Model Hyperparameters R2 Slope MAE
PBS PCA Both RF max_features=5, 0.7605 0.4194 0.5679
n_estimators=1000
PBS E-metrics Both RF max_features=5, | 0.7141 0.2566 0.7181
n_estimators=1000
PBS PCA+E Both RF max_features=5, 0.7209 0.2831 0.7003
metrics n_estimators=1000
DMEM | PCA Both KNN | n_neighbors=10 0.7156  0.9955 0.317
DMEM | E-metrics Iridium RF max_features=25, 0.6744 1.010 0.3610
n_estimators=1000
DMEM | PCA+E Both KNN | n_neighbors=10 0.7131 0.997 | 0.3175
metrics

Table5.4 Antibody test set pipeline parameters and model performance metrics.
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5.2.4 Prospective method transfer to cell culture supernatant
We additionally measured samples from CHO cell shake flask culture over the course of

their 11 day growth. These cultures were seeded at approximately 500,000 cells per mL in CHO
cell specific media (AMBIC 1.1 basal media) and were fed every odd daytswiggested paired
supplement (AMBIC Feed A and B). We measured the cell free supernatant from these samples
using the same mediator concentrations optimized for DMEM cell culture media and found the
signal at Iridium scan ranges (08€V) were much -5 folder higher than measurements in
DMEM (Figure 57A) . We suspect this is indicative of
that additional components resulted in more oxidizable residues. We also observe that at 250 uM
of Iridium, the measurements appear to have lost their distinguishable redox p&4&EM, we

also observed the attenuation of the reductive Iridium peak at these but were still able to see its
oxidative peak at approximately 0.75 V. We note, that DMEM does not contaystéine
(Cornng 17205CV). Ferrocene mediated measurements appeared to be within the same range

as measurements in DMEM, approximately H[A.
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Figure 5.7 Shake flask culture MEP.

(A) Shake flask cell culture cyclic voltammogramsPlots of cell free supernatant from shake fli
cultures, probed with 50 uM Ferrocene (left) and 250 uM Iridium (rigBf) Shake flask CESDS and
El | mands a Sotalaeglative grateinlcaneentrations of shake flask culture supernatant froi
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SDS were plotted across time in days (upper left). Thé®kDa (bottom left) and 16065 kDa (bottom
right) proteins were plotted as percent of the total protein over time. The total thiol concer
guantified by EI | man 6 s(uppes riglat)yC) DMES madel predictods o
shake flask samplesCysteine (left) and IgG (right) model predictions on shake flask probed data
DMEM optimized mediator concentrations; 50 uM Ferrocene and 250 uM Iridium. Error bars ref
standard deation of voltammogram cycles, n=10.

We then characterized the amount of free thiol and antibody fragments in the cell culture
supernatant to establish the true concentrati
found that the cysteine concentration increased across the diagis4then decreased after day 5
(Figure 5.7B). This trend correlates to previous reports in which antibody production greatly
increases after viable cell density reaches its p@ak® This suggests that cysteine consumption
may increase once cells enter their protein production phase. To quantify protein in the supernatant,
we ran microchip capillary electrophoresis and found that the total protein fluctuated over time,
withitdecres i ng at the cultureds endpoint. | t- i s no
fold more total protein than the cell culture supernatants, indicating some aggregates or proteins
in the media components that are consumed by the cells during clilisgrés also indicated by a
large band at 2B0kDA from the basal media sample. Before day 5, most protein can be attributed
to these media components as this3RRDA band was above 90% of total protein. After day 5,
we observe an increased percent ofgn at 160165kdA which correlates to intact IgG. Although
we note, this only contributed to about 10% of the total protein at its highest.

We then applied the models which performed the best on test setystidine and reduced
antibody in DMEM to the cell free supernatant measurements. Prediction results showed pipelines
using PCA components predicted increasing cysteine and reduceddgrttentrations after

day 8 Figure 5.7C). This suggests that the clear increase in amplitude for day 10 and 11 on the

raw iridium CVs, likely contribute to these predictiofsgure 5.7A). The pipelines which used
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solely electrochemical metrics did not predict variable amounts of cysteine and reduced antibody
over the course of the cell culture, instead predicted concentrations close to the maximum
concentrations the model was trained on. These results suggestiti umés i ncreased
in this cell culture media causes the models previously trained on DMEM to just approximate the
signals to the highest concentrations it has encounter. The inaccuracy of these predictions indicated
that the pipelines trained dhe datasets collected on DMEM samples are not transferrable to
samples of different basal component composition. We suggest for further application of these
pipelines, additional collection of datasets in cell line specific media would be necessary or a
library of cell culture samples at various conditions should be used. Given the high production
volume and analytics performed at industrial bioprocessing sites, gathering these datasets would
be quite feasible; enabling rapid pipeline development thatl dmutransferred to earlier process

development workflows or used for production scale monitoring.

97



5.3 Conclusions
In this chapter, we have demonstrated a workflow for generating rapid detection methods

for cysteine and reduced antibody concentrations. The development of these methods aimed to
provide simple, inexpensive, and rapid approaches to monitor cell cultdrpraduct quality
during bioprocessing. To establish our workflow, we first screened and optimized data pipelines
for quantifying L-cysteine in low and high background solutions. This data set is made available
in our supplemental and would be appropriatethers as a means to do an initial screen. Datasets
generated for this screening were captured efficiently through the use of an 3D printed device that
increased measurement throughput. Additionally, the rapid nature of electrochemical
measurements ebled quick turnaround times for data collection. This yielded electrochemical
methods and data pipelines that could prediaty&teine concentrations in low and high
backgrounds with high correlations to their true concentrations.

We then transferred the highest performing pipelines from awysteine screen to human
IgG to quantify the concentrations of reduced antibody. We collected datasets-oyishelne
optimized probing parameters and used them to test various data pipgdénestrained models
on IgG in PBS and DMEM were able to predict reduced antibody concentrations with a positive
correlation between the predicted and true concentratiot 0 (B. However, we suggest that
increasing the diversity and quantity of data threse training sets could increase model
performance. This may take the form of collecting additional samples measurements with more
ratios of intact taeduced IgG to enhance the distribution of conditions that the model is trained
on. Measuring more samples of conditions that the dataset currently obtains may also increase

performance by helping expose the model to more noise introduced by experiragataiel®*
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Lastly, we tested icysteine and reduced antibody prediction pipelines on antibody
producing CHO cell culture supernatant. We found that DMEM probing parameters may not be
ideal for this CHO specific cell culture media due to its increased complexityngeddditional
oxidizable components. Subsequently, the pipelines trained on DMEM datasets did not perform
well for quantifying mAb levels on the cell culture samples. However, we suggest that future
dataset acquisition and pipeline development demondtratethis chapter can be easily
transferrable to other cell culture medias or real cell culture samples. The rapid analysis and ease
of measurements enabled by electrochemical measurements and efficient low sample volume
sampling setups make technologynsfer simple and feasible. This is further supported by the
existing throughput and analytics already being implemented by industrial manufacturers which

could be used to develop these pipelines.
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5.4 Methods

5.4.1 Materials
1 , -Fdrrécene dimethanol (Santa Cru222778) was dissolved in DMSO at 100 mM and stored

at 20C until use, potassium hexachloroiridate (Ill) hydrate (Thermo Scientific 011887.03) was
dissolved in water at 10 mM and stored22°C until use. Phosphabeiffered saline prepared
from tablets (Sigma Aldrich P4417) and Dul be
glucose and sodium pyruvate and without phenol red agidtamine (Corning 1-205CV) were

used as sample diluents.

5.4.2 Electrochemicaimeasurements

Cyclic voltammograms were captured using a CHI1040c Multichannel Potentiostat with a scan
rate of 0.1 V/s, sensitivity of 18 A/V, and a positive scan polarity. Electrochemical measurements
taken with a glassy carbon electrode working electrodes were@edusing a 3D printed-&ell

device. Samples were measured by placing 100 uL per well and placing the working electrode into
each well. Measurements were taken as one cell as all samples were connected to the same
reference and counter electrode.

5.4.3 Device fabrication

The 3D printed 8vell device for small volume samples was designed based on a standard 3
electrode system including a device with 8 satellite sample wells for standard working electrodes,
and a central salt bridge well for an Ag/AgCI reference electrodeaalit wire serving as the
counter electrodeAppendix Figure 8.10. Specifically, to make the 3D printed device housing,
designs were created using Autodesk® Fusion 360 and Autodesk® Inventor (Autodesk, Inc, US).
The CAD files were then converted to wrigipath using the Chitubox 1.9.4 (Guangdong, China).

Mars 3 Pro was used to fabricate the housing. When the printing process was completed, the

substrate was placed in a bath of met hanol Wi
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nitrogen. This step was repeated three times to thoroughly remove any uncured residues. The prints
were then further cured under a@@tt UV lamp for 10 seconds followed by a-8€cond rest at

room temperature. This step was repeated three times to eéhllestrength.

To prepare the device for use, a 1% agarose prepared in 1M KCI solution is first heated, and 200
pL of a liquid agarose solution is injected into the designed grove located in central well to cast
the agarose salt bridge noted above. After solidificatioa central well was filled with 4 mL of

salt bridge solution (1M KCI). An Ag/AgCI reference electrode and a Pt counter electrode were
then inserted into the central well, completing the standai@@rode system. In all cases, 100

pL of test samples arthen loaded into the satellite sample wells followed by insertion of the
working electrodes for further interrogation.

5.4.4 Reduction of human IgG

Lyophilized IgG from human serum (Sigma Aldrich 14506) was dissolved in PBS and was reduced
in 10 mM TCEP at 4°C overnight. Reduced IgG was then buffer exchanged in either PBS or
DMEM to remove TCEP using desalting spin columns (Thermofisher Zeba Spinuif C
Desalting Columns).

5.4.5 Freethiol quantification

El | mands rdahiodis(B-nittobebzoic abid) or DTNB, was used to quantify free thiol
concentration of samples against &\lsteine standard curv¥&’ Briefly, 2.5 pL of 4 mg/mL of

DTNB dissolved in reaction buffer (0.1M sodium phosphate pH 8.0 containing 1mM EDTA) was
added to each sample well in a®6ll plate. Next, 125 uL of reaction buffer was added to each
well along with 12.5 pL of either dcyskine hydrochloride monohydrate standards or unknowns.

All wells were mixed and incubated at room temperature for 15 minutes and then their absorbances

were measured at 412 nm using a TECAN Spark Plate Reader.
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5.4.6 Capillaryelectrophoresis
Microchip capillary electrophoresis was performed using a 2100 Bioanalyzer (Agilent). Samples

were processed according to Agilentdés Protein
5.4.7 Datasetcquisition

Datasets were prepared by measuring 11 cycles of cyclic voltammograms per condition with all 8
channels on an CHI1040c 8 channel potentiostat. The first cycle is removed from the dataset, as it
served as an initial conditioning cycle, yielding 80 cyclitasmmograms per condition.

5.4.8 Datapreprocessing anchodeldevelopment

The following electrochemical metrics were calculated per each cyclic voltammogram: Total Area
Under the Curve (AUC), Reductive Charge (Q_red), Oxidative Charge (QR&ddx charge ratio

(Q_red/Q _ox),Max peak current (Ip_max), Minimum peak current (Ip_min, Initial Current
(i_initial), Switching Current (i_switch), and Final Current (i_final). In addition to these metrics,

the top ten components from principal component analysis performed on thegtreétiwere

computed and utilized as input featurPsta wasscaled to its mean using standard scaling prior

to principal component analysikastly, the cycle numbers of the cyclic voltammogram were
included as an input feature for model training.

Mo d el devel opment was p e iLdam rlibreeyd?°. Dagai cteaningp y t h o n
analysis, and visualization done using the following python libraries: NdfilBandasd?®, SciPy

130 and Seabor?f.

5.4.8.1 Modeldescriptions
Below are brief technical descriptions of the models tested in this chapter.

5.4.8.1.1 Linear Regression
Linear regression us@sputs as independent variables and compragiession coefficient®

bed linearly fit input variable to their corresponding dependent variables

102



5.4.8.1.2 Support Vector Machine
Support vector machisgSVMs) are modelsthat utilizes data points as vectors aiéntifies

hyperplanes that are used deparate thsamplest®? 133 The kernel hyperparameterefers to
different kernel functions that provide a basis for hyperplane The hyperpara@dtera
regularization paraeterthatmodifies the margins of the decision boundarie®ther wordsa C

can toggle the model 6s sensitivity to outlier

5.4.8.1.3 Decision Tree
Decision TregDT) models contain trelke structures where each r@é an input feature and

each leaf is a clags$* 13 The hyperparameter maeatureshyperparametetietermines the max

number of split®ach node can undergo at each level of the tree.

5.4.8.1.4 Random Forest
Random ForesfRF) modelsconsist of ensembles of decision trees, in which subsets of data will

randomly be used to generate decision treésrm a random forest**°, Like decision trees, the
max_features hyperparameter is used to determine the max number of splits perheode

n_estimators hyperparameter is usedetermine the number of trees in the forest.

5.4.8.1.5 K-Neighbors
K-nearesheighbors(KNN) modelspr edi ct class val ues-nedwgst s ampl

neighboring data point$®’. The hyperparameter n_neighbors determines the number of

neighboring data points the model uses to predict the class of the input sample.

5.4.8.1.6 Multi-Layer Perceptron
Multi-Layer Perceptron (MLPinodels consist of multiple layer of connected nodéh the

following architecture: 1) Input layer: A layer thabnsists of one neuron per input feature, 2)
Hidden layer: One or more layeshose weights are updated duringining to optimizeerror, 3)
Output layerFinal predictions are generated using the output i§iéFhesolverhyperparameter

determineghe solver used for weight optimization, activation determines the activation function
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for the hidden layers, max_itexthe max number of iteratiotise solver undergoes if it does not
convergehidden_layer_sizes determines the number of hidden layers and the number of nodes in

each layeralpha is a regularization term.

5.4.9 Cell culture
A standardized IgGproducing recombinant CHGS ¢/-) (glutamine synthetase) cell line

referred to adlISTCHO*®was cultured in AMBIC 1.1 basal media (MilliporeSigma, Burlington,
MA) in 250 mL shake flasks with 70 mL media. Rudtures were passaged every three days and
three times out from thaw prior to inoculating the experiments. Cultures were seeded at 0.5 x
10° cells/mL, incubated at 37°C with 5% @Gand shaken at 130 rpm. AMBIC 1.1 Feed A and
Feed B (MilliporeSigma, Burlington, MA) were fed at 10% and 1% of the working volume every

other day beginning on Day 3, respectively.
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Chapter 6 Electrochemical identification of bacterial
vaginosis associated microbes

This chapter is adapted from an unpublished manuscript.

6.1 Introduction
The vaginal microbiome is of great importance to female reproductive health and fertility.

Previous studies have found that the vaginal microbiome is typically dominated by one
Lactobacillusspecies, or is otherwise presenting as a polymicrobial state of dystfid&isThese

are referred to as community state types (CST), in which CSTI, CSTIl, CSTIll, and CSTV are
dominated byL. crispatus, L. gasseri, L. iners, and L. jensergspectively . Whereas CSTIV
consists of heterogenous biomes that typically include higher levels of strictly anaerobic bacteria,
indicative of dysbiosis. CSTIV commonly presents itself as the disgeaserialvaginosis (BV),

which is defined by a shift in vaginal microbiota from a beneficial dominancaabbacillito a
diverse set of anadr@ bacteria, often forming polymicrobial biofilms, and an increase in vaginal
pH to above the normal range of pH-&514% 144BV is characterized by itching, burning, and
malodor and is linked to increased risk of gynecological complications such as preterti®jabor
urinary tract infection and acquisition and transmission of sexually transmitted infé¢fidfié

In addition to CSTIV, CSTIIl which describes a dominance_ofners has been observed in
clinical temporal analyses to often be a precursor to shifting into CETH? L. inershas also

been documented to be present in BV positive patients, although whether the species is causal to
the disease is undetermined due to lack of evid&nt® ° Comparatively, othdractobacillus
dominated CSTs are generally considered hedfthy*® These findings have led to increased

interest in determination of CST in the clinical setting beyond traditional methods of BV diagnosis.
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The gold standard of diagnosis of BV is the Nugent scoring method in which patient swabs
are Gram stained and scored by a trained technician according to a rubric that quantifies the
presence of various microbial species morpholotfie¥ However, this methodology does not
provide the resolution to a determine patient
samples to a clinical laboratory, such that results are not available at the time of a patient visit.
Additionally, methodolgies utilizing molecular diagnostics have been developed in recent
decades to increase the diagnostic accuracy and speed. However, these assays are often expensive
and labor intensive resulting in limited clinical translation. This often leads clinic@ns t
preemptively prescribing antibiotics at the time of care, based on patient symptoms. The over use
of antibiotics has been documented to be a key accelerator of antibiotic resistance, especially in
low resource settings where inadequate diagnostic fesiléad to over prescription of antibiotics
151 In addition to symptomatic patients, monitoring the vaginal microbiome would also be
beneficial to general female reproductive health and fertility. Such that, symptoms may not always
align with microbiome composition although certain CSTs may indecgtatient is at increased
risk for disease or fertility and labor complicatidhs*® 152 Generating a quick pokutf-care assay
for determining the CST of the vaginal microbiome would allow for preventative care as well as
help provide better informed treatments.

In this work, we implemented mediated electrochemical probit§ 17 *'%echniques
and machine learning analysis [e.g., from Chapter 4] to develop a simple and rapid methodology
to determine the majority species in vaginal associated microbe samples as shaureit.1.
Mediated electrochemical probing (MEP) is an indirect technique that usesaetdaxchemical
species as electron shuttles that can exchange electrochemical information from a biologic sample

in the local environment to an electrode surfdc¥.’ Here we transferred MEP approaches to a
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disposable and inexpensive platform by modifying commercially available sgprieved
electrodes (SPEs) with mediators. We utilized two mediators traditionally used in colorimetric
detection: 1) 2.&lichlorophenolindophenol (DCPIP), which is used for tt@&orimetric
guantification of ascorbic acid, and 2) Ninhydrin which is used for the detection of amines.
Previously studies have shown significant differences in metabolomic profiles betweef®€STs
such that we were able to use these two mediators to probe for these differences in vaginal microbe
cultures as they pertain to pH and amine concentration. We grew monocultures of vaginal bacteria
strains in the same growth media and collected theiersapants to characterize with these
modified SPEs. We then generated datasets from the supernatant samples to train a machine
learning model that would discriminate between species in test cultures. We then transferred this
methodology (e.g., training sebased on individual monoculture growth profiles) to test patient
mucus samples, in order to determine if a model traineth antro bacterial samples could

accurately classify clinical samples.

Dataset generation of in vitro cultures Trained ML Model predicts

species in vaginal mucus
Dropcasted Sensors

® s AN Trains
° classifier A
RNl

Figure 6.1 Vaginal microbe detection overvie@reated with BioRender.
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6.2 Results and Discussion

6.2.1 Sensor characterization
We first performed colorimetric assays for DCPIP and Ninhydrin using vaginal

microbiome relevant parameters.Higure 6.2A, the mechanism for each colorimetric assay is
shown. For both mediators, reduction reactions occur in the presence of their respective analytes
and yield color changes. Specifically, DCPIP gets initially reduced at is center amine group which
yields a pinkcolor and then again on its terminal alcohol group to convert to colorless indicating
the presence of ascorbic acid (Vitamin Caagducing agerif* Ninhydrin, initially a colorless
solution, is reduced by alpha amine groups and subsequently complexes withrealuted
ninhydrin and free ami®¥. Itmay alsoforrma yRllovedolor mizem n 6 s
complexed with proliné®® We show inFigure 6.2B, DCPIP incubated with buffer at a vaginal
microbiome relevant pH range of pH53 using citrate buffer to accommodate for a suitable
buffering capacity for this range. Visually, it is observed that lower pH samples yield more pinkish
color compared to higdr pHs. To quantitatively assess the samples, we measured absorbance at
600 nm for 30 minutes at room temperature. Over time the absorbance values decrease more for
samples at lower pH, indicating the continued reduction of DCRPPICPIPH over time. For
Ninhydrin, we tested its colorimetric performance usifD0 mM of cadaverine, a diamine that

was found to be significantly higher in BV positive patiefitsFor the initial 5 minutes at room
temperature, we observed the absorbance at 570 nm positively correlated with cadaverine
concentration. However, from 10 minutes onwards the absorbance of 10 mM samples exceeded

that of the 100 mM samples.
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Figure 6.2 Mediator structures and colorimetric properties.

(A) Structure of mediators and reactions. (B) Colorimetric mediator assaysError bars
represent s.d. of technical triplicates.
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To characterize the DCPIP and Ninhydrin modified screen printed electrodes, which we
will refer to as DCPIFSPE and NirSPE, we first compared their electrochemical measurements
to unmodified screeprinted electrodes. To fabricate mediator modified ebelets, we used
commercially available carbon ink SPEs (Zensor) as a base. These consisted of a carbon working
electrode, a carbon counter electrode, anbeudeAg/AgCl reference electrode printed onto
cardboard material. We performed mediator modificatiby simply drop casting mediator
solutions onto the surface of the working and drying them at 60°C (see Methods). This elevated
Acuringo temperature helped in st da&lgurd6i3&i ng t h
we measured cyclic voltammograms of the unmodified and mediator modified electrodes in buffer.
In the cyclic voltammograms of DCRIFPES in buffer compared to unmodified SPEs, we observe
two oxidative peaks, reflecting the two steps of reduction of ®eIB to DCPIPH and DCPIPH2.
Whencomparing unmodified electrode measurements te¥is, we observe a single oxidative
peak around0.25V which aligns with a previous report that used ninhydrin as a probe for a DNA
hybridization sensot®®.

We then characterized the modified SPEs using the same vaginal microbiome relevant
conditions previously tested colorimetrically. We observed that with lower pH, both oxidative
peak potentials increased as seeffrigure 6.3B. This finding aligns with previous reports in
which the redox potential of DCPIP increases with lowet§$HVe then measuredM0 mM of
cadaverine in PBS using NBBPEs and observed that with increasing cadaverine concentration the
amplitude of the oxidative peak increased and the oxidative peak potential shifted negatively. To
capture these behaviors, wetdal the oxidative peak voltages from DCHEPE voltammograms

and the oxidative charges from NEPE voltammograms iRigure 6.3C. The oxidative charges
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(Q_oX of these voltammograms were calculated by taking the total area under the curve for current
negative current values. Here, we see the oxidative charge increasing linearly aeiads 10
increases in cadaverine concentrations. This may be due to threaargent of reducible resides
available when ninhydrin complexes with amine groups. These various intermediates are depicted

in Figure 6.2A.
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Figure 6.3 Modified SPE characterization.

(A) Cyclic voltammograms of modified vs unmodified SPEYB) Cyclic voltammograms of
modified SPE controls (C) Metrics from control voltammograms Error bars represent s.
of technical triplicates.
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6.2.2 Bacteria monoculture testing
We next tested the sensor ionvitro cultures of three vaginal associated microbes. We

usedG. vaginalis L. iners andL. crispatusas representative cultures of the following clinical

states unhealthy (CSTIV), healthy with probability of disease (CSTIIl), and healthy (CSTI),
respectively. We cultured all of these species as monocultures in the same media (NYCIII) , see
Methodsfor strain origins and storage protocols, and sampled their cell free supernatant over time

to assess whether the sensors could discriminate between species at various growth stages over the
course of 48 hourd~{gure 6.4A). We note that these species have vayygrowth rates in the

order of fastest to slowest growth: crispatusL. iners andG. vaginalis The doubling times of

these strains cultured in NYCIIl media are locateBigure 6.4A.

We electrochemically measured the samples from each monoculture at 0, 6, 12, 24, and 48
hours with each sensor. Regardless of species, we observed tRER-SRE oxidative peak
potentials shift positively over tim&igure 6.4B), correlating to the expected acidification of the
media as nutrient components were consumed_antbbacillusspecies produce lactic acid. We
also observed with NBSPE measures, that regardless of species the oxidative charge decreased
with time, indicative of the consumption ah@o acids in the medidigure 6.4B). With respect
to speciedo-species differences, we typically sdw crispatuswith the highest DCPHSPE
oxidative peak voltage~{gure 6.4C) which can be expected as it has been recorded to produce
the most lactic acid between the two Lactobacillus species investigateattiitionally, we found
thatL. inershad the second highest oxidative peak voltage as it also produces lactic acid, whereas
G. vaginalissolely acidifies the media by nutrient consumption rather than acid production. These
trends also appear with respect to the-NRE measurements, wherecrispatuscultures have
the largest peak amplification as noted by their oxidative charge v&ligese 6.4C). This may

suggest thdt. crispatushave consumed the least metabolites containing alpha amines.
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Growth Measurements
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Figure 6.4 Microbial monocultureVEP.

(A) Monoculture growth curves. Error bars represent s.d. of biological duplicai@. Cyclic

voltammograms of monoculture culture media measured with modified SPEs. (C
Electrochemical metrics of monoculture culture mediaError bars represent s.d.taplicates
of biological duplicates (n=6).
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We then utilized the datasets generated from these monocultures to test and train a model
to classify which species the electrical measurement is derived from. The dataset consisted of
biological duplicates of the monocultures timepoints at 0, 6, 12, rith,48 hours that were
measured in technical triplicates, resulting in a dataset with 90 samples, 30 samples per species
class. Each sample consists of two cyclic voltammograms; one from each-BEBIBnd Nin
SPE measurement. Multiple approaches to pressing were tested to assess the optimal pipeline
for model performance, all of which can be foundAppendix Table 8.7 We tested using the
data from individual sensors as well as both sensors, and applied electrochemical feature metric
extraction Figure 6.5A) and various methods of dimension reduction to the voltammogram. We
then applied these various preprocessing pipelines to avaldated grid search, in which we
tested the various classifiers with different hyperparameters also lisfggpbandix Table 8.8
The ReceiveOperatorCurve AreaUndertheCurve (ROGAUC) was used as a performance
scoring metric for the grid searBhiThe ROGAUC of the top 10 models from each preprocessing
pipeline were plotted ifrigure 6.5B, which showed that across all dataset groupings (i.e. one
sensorb6s data or both sensorsd) using only el
predicting a samplebs species. We also found
the pipelines increased the model 6s overall p
single sensordés dat a. Al t h enupgrformihghneodels pep éacht s o n
preprocessing method, all grid search results can be fodbendix Table 8.9 In Figure 6.5B,
we also plotted the confusion matrix and ROC curves for the top pipeline, in which applied Linear
Discriminant Analysis to the cyclic voltammograms from each modified SPE. Then, the resulting

components in addition to electrochemical metrics were ugedsifior a MultiLayer Perceptron
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classifier. The plotted predictions were generated using 30% of the dataset while the other 70% of

the samples were used to train the classifier prior.

Figure 6.5 Electrochemical metrics and monoculture grid search results.

(A) Electrochemical metrics. (B) Monoculture grid search results. ROC Curves anc
Confusion Matrices.
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