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ABSTRACT

One of the goals of systems biology is to developoael which encapsulates the
molecular, structural and temporal complexity ¢ivang organism. While modern omics
experiments can deliver a high resolution viewrobeganism’s molecular complexity,
methods for correlating the information from mukifpiomolecular systems (i.e. genes,
proteins and metabolites) and their changes ower temain greatly underdeveloped.
Presented in this research are: (1) methods foerstahding the inter-relation of multiple
biomolecular systems correlating genomics, protesrand metabolomics experiments;
(2) techniques for machine learning based metabadimarker selection; (3) robotics
technology for real-time measurement of changesatabolism. The methods for
correlating information from multiple biomoleculsystems have provided a new
perspective of biomolecular adaptation and evohatig relationships in the thermophilic
archaea. The techniques for biomarker selectioe pasvided a method to assess the
reliability of biomarkers in experiments where lied samples are available. The new
technology has provided an engineered system fonaated analysis of metabolic
patterns and how they change over time. Togethese results have created a
framework for future improvement of our understaigoof biology through the use of
molecular biology, machine learning and robotics.
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CHAPTER 1

INTRODUCTION

Systems Biology

Systems biology is an emerging paradigmatic destgppted by the scientific
community for the study of biomedical and biologjiseientific research. This design
dictates transcendence from any one scientifiaglise to encompass a holistic
interdisciplinary perspective of biology. Usingstinterdisciplinary perspective we shift
from the reductionist approach of looking at singdenponents (genes, proteins,
metabolites) to an all-inclusive model for undenmstiag living systems. The adoption of
systems biology has largely been driven by techmoéd innovations, particularly in
genome sequencing and high-throughput abundanceune@aents using mass
spectrometry (MS). Aided by this technology, mathé&cal and abstract models that can
predict the behaviors of life through the integratof information from multiple
biomolecular systems have been constructed. Taglsaid, the dimensions of systems
biology are vast and even as we assemble mordetkekaiowledge of the parts, we
cannot simply linearly add them up to model a lvorganism. However, it is helpful to
break down the dimensions of systems biology iategories we can physically
encompass, to help rationalize behaviors and gaight to the emergent properties that

manifest in everyday life. Here | suggest we cascdbe systems biology with three
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separate categories: (1) molecular complexitys{@ictural complexity, and (3) temporal

complexity; similar to those suggested by (Huanglet 2006).

Molecular Complexity

Molecular complexity refers to the complexity whicbmes from the cell as the
sum of all of its molecular parts i.e. DNA, RNAopeins, and metabolites. As such, one
of the major goals of research in this area isstal#dish a piece by piece comprehensive
network map of all regulatory interactions betwésgse parts (Davidson et al., 2002).
The deduction of these complex networks is mucleeaaid than done, as assembly can
only truly be completed with the arduous demonstnadf individual interactions
through experimentation. Many networks have baelt for generation of theoretical
models using genome based homology, but insiglteddrom these remain limited
because of a lack of in vivo experimental data @Basi and Albert et. al., 2009, Barabasi
et. al., 2004). It becomes obvious when lookinthatgenomes of model organisms that
functions of a living system are determined notdny individual genes and their
encoded proteins, but also by how evolution hapesthéhe interactions at the molecular

level.

Structural Complexity

While comprehensive omics study of complex systemphasizes the network
architecture and molecular processing aspect efanting biomolecules, the complexity
of an organism must also take into account theiptelsize scales across a wide range of

space (Bar-Yam et. al., 2004). Metabolites belnggsmallest (Da), are used to build
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genes and proteins (kDa), who assemble into congtiextures (MDa), which organize
into cells um). Cells assemble into biofilms or tissues (mrhjolr can make up multi-
cellular organisms (m). The orientation and lomain each of these three dimensional
structures (from nm to m) allows precise controlt@f organism as a whole. This aspect
of a living system is invisible to genomic baserksce and is traditionally considered the

domain of biophysics.

Temporal Complexity

Time is probably the least understood dimensiaystems biology. The
properties of both molecular and structural comipyexary with time, the dimension of
dynamic behavior. Physical and metabolic procesghkiit characteristic temporal
changes of varying time scales. Electron trartsé@pens on the femtosecond timescale
(PHz) (Beratan et. al., 1991), protein conformadiazhanges nanoseconds (GHz), ion
channel gating events occur in microseconds (MHzg, cardiac cycle every second
(Hz), and all can directly affect the physiologyawf organism which can live on the
order of gigaseconds. The timescale depth of emernorganism confounds our current
ability to accurately model each individual intedran, a depth that does not even begin
to encompass how time has influenced evolution thestast 3.7 billion years (Ohtomo

et. al., 2013).

Abstraction and Modeling

Because of their complexity, biological dimensitiase been modeled either

with a reductionist approach where small chunkihefcell are modeled with the utmost
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detail (Barik et. al., 2010, Chen et. al., 2004ttikrishnan et. al., 2010), or with abstract
models using simplified representations to desdhleeemergent properties of living
systems (Tyson et al. 2003, Voit et al. 1991, Samaget al. 2009, Soni et al. 2008,
Margolin et al. 2006).

For reductionist models, flux balance analysis (fF&2one of the more popular
mathematical approaches to analyzing the flow aabmdites throughout a system, using
mathematical formalism as a shortcut (Orth et@L.®. Even in their reduced
complexity, these models have limitations as séweEn@mon scenarios cannot be
accounted for. Such as, the intracellular pathisdseated as unidirectional (Feng et al.
2012), parallel metabolic routes and cyclic flugasnot be resolved, and futile cycles
cannot be represented in the solution (Steuer 208D).

In contrast, abstract models try to explain emerggstem features or observed
collective behavior that cannot be explained bywhng the dissected parts. Examples of
emergent system behaviors include the collectiedlasons observed in yeast (Richard
et al. 2003, Chen et al. 2004, Barik et al. 2011@) the maintenance of intracellular redox
homeostasis (Sevier et al. 2002). These behauviersfgarticular interest because they
inevitably lead to predictable spatiotemporal page How these patterns emerge is
often unknown, but they must be created by thequaar behaviors and interactions of

components at a lower level.
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Omics

The adoption of systems biology has probably bemmu by the development of
omics technology. These datasets have greatlynebgoleour ability to understand
biological complexity at the molecular, structuaald temporal levels. Starting with
genomics which saw the sequencing of the first gendacteriophagixX174 in 1977
(Sanger et al. 1977), transcriptomics gained paojtyldhen proteomics and more
recently metabolomics. Omics data, which inclugiesomics, transcriptomics,
proteomics and metabolomics provides a bird’s ege of the low level molecular
complexity in the respective biomolecular systddowever, only abstract models can be
obtained from this data, as detailed reaction kisetnd spatiotemporal changes typically
are not quantified. Thus the ability to generateaghematically predictive model using
omics data is currently not possible, as only tkistence of biomolecules and their
abundance patterns can be observed. Despit@thiss based abstract models can offer
valuable biological insight. In adaptive biolodisgstems, stress or disease can cause
expression changes of RNA, proteins and metabalitesh can be detected (Ortmann et
al. 2008, Maaty et al. 2009, and Patti et al. 20TBese low level regulatory changes
provide the biomolecular identities of those resiolle for maintenance of homeostasis
in the presence of the disease or stress. Thals,cddhe omic categories can provide an

important biological perspective.



Genomics

The first DNA sequences were obtained in the 12i80%g two-dimensional
chromatography (Sanger et. al., 1977), but then@lodgy has evolved to allow next-
generation methods which are automated and ordenagnitude faster. The demand
for fast and low-cost genome sequences has madetBOYear of the thousand dollar
human genome (Hayden et. al., 2014) only forty-fgears after the first full genome
sequence (Sanger et. al., 1977). Genomic sequehas revolutionized our perspective
of biology from multiple angles. The rapid spe¢dbdlA sequencing attained with
modern technology has been instrumental in the mgghe genomes of thousands of
organisms. We now know the range of genome basd¢ecoiar complexity for
sequenced organisms, the smallest currently beamgli@atus Carsonella ruddii (<160
kbp) (Nakabachi et al. 2006) and largest Parisnjagao(>150 Gbp) (Pellicer et al. 2010).
Genomics has revolutionized microbial taxonomy, kad to the identification of a third
domain of life, the Archaea (Woese et al. 20003idifionally, the large number of
genome sequences gives us a radical new view aaulalr evolution and information

how DNA is shared across species boundaries (Hainerat. al., 2011).

Transcriptomics/Proteomics

The transcriptome is the set and concentratiotl &MNA molecules, including
the mRNA, rRNA, tRNA, and other non-coding RNA puoed from the genome of a
given population of cells. Initially the transdigpe was surveyed using DNA
microarrays (Augenlicht et al. 1982, Schena e1295), but like genomics has adapted to

next-generation sequencing techniques to allow roongprehensive survey (Chu et al.
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2012). The transcriptome can be seen as the p@darthe proteome, the entire set of
proteins expressed. Expression profiling has imecpopular with both transcriptomics
and proteomics, where the measurement of the esipresf thousands of genes (or
proteins) can be done simultaneously. These psfibor example, can distinguish
between cells which have been stressed with hydrpgeoxide (Maaty et al. 2009) or
infected with virus (Ortmann et al., 2008, Maatykt 2012), and determine the
metabolic pathways involved. While the correlatafriranscriptomics and proteomics
seems like it should create redundancy, many @iffegs such as alternative splicing,
posttranslational modification and a differencéamporal timescales can create a

disparity between the two expression systems (Gedeal. 2012).

Metabolomics

Of the omics categories described, metabolomitiseimewest to gain popularity
and arguably the hardest to correlate to the athecs levels (Fiehn et al. 2002). This is
because tens of thousands of unknown small molecetabolites can be detected and
unlike genomics, transcriptomics and proteomicschviiave a common unifying code,
small molecule metabolites are not so easily mappéadeir interacting partners in other
systems (Yanes et al. 2010, Want et al. 2006).abt#ic abundances also appear more
dynamic in time, although comprehensive high tiesotution data for the other omics
data is also somewhat lacking. Regardless of tmoerelation, the scope of this data

makes for no easy interpretation.



Sulfolobus solfataricus P2
as an Omic Systems Model

S. solfataricusas emerged as one system of choice for corrglatirti-omics
datasets in the thermophilic archaea for severdtimal reasons. It is an aerobic
heterotroph that can be easily cultured to highdmsities in either batch or continuous
culture, with a reported doubling time of approxieta four hours (Grogan et al. 1989).
The genome of the organism has been sequence@{8h&001), and a rudimentary
network model of its central carbon metabolism lbeesn assembled (Snijders et al.
2006). This has led 8. solfataricusise as an archaeal systems model for studying vira
infection (Ortmann et al. 2008, Maaty et al. 20H2)gl oxidative stress (Maaty et al.,
20009).

The era of omics technology has generated a Ioéwfbiological insight on
many organisms, but comparisons in archaeaSikeolfataricugprovides a unique
perspective on the emergent and divergent progartithe third domain of life. Using
integrated omic technology a general coordinatioresults between the expression
changes in transcriptomics and proteomics coulddserved (Ortmann et al. 2008,
Maaty et al. 2009, Maaty et al. 2012). Expresgimfiling during viral infection has
shown a coordinated response in up regulationeétidosomal sorting complexes
required for transport (ESCRT), a property alsceobsd in eukaryotic viral infection
(Maaty et al. 2012). Coordinated transcriptomid proteomic expression changes were
also seen in the oxidative stress response, viaglatnovel regulatory system in this

organism. Thus, coordinated omics data betwe@&sdrgptomic and proteomic systems
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has already shown the adaptation of biomoleculahmary to thermophilic life which is

both similar and vastly different than those obedrin other domains of life.

Potential of MS-based Omics

The development of omics technology has indispytaben the driving force
behind its popularity, as accessibility and easesefhas facilitated its adaptation in
many research laboratories worldwide. The omiceideed provides a high resolution
view of the molecular complexity which exists in ltiple cellular systems. These
technologies are much less informative in answegungstions about structural or
temporal complexity. While structural complexitypsobably better studied with directed
fluorescent labeling within living cells, classi@ahics techniques using mass
spectrometry are suitable for study of the relatiop between molecular and temporal
complexity. However, to view temporal complexdtylifferent strategy must be adopted
in the development of these technologies. MS-bas&ds aim at being comprehensive
in their detection of biomolecules from the respecsystem. This is good for viewing
molecular complexity, but bad for viewing temporamplexity as time consuming
separations are required on top of sample prepacafihe inhibitory speed of
preparation and analysis is creates difficultyigwng higher time resolution. Modern
technology provides the capability of overcomings shortfalls and stands to

revolutionize biological study through the integvatof several important functions.
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Mass Spectrometry

Mass spectrometry is an analytical technique thadyces spectra of the masses
of atoms or molecules in a sample or material.cBpean be used to determine the
identity, abundance, isotopic signature and chermstcacture of biomolecules on
millisecond timescales (MHz). MS does not reqtiie arduous development of
chemical sensors as it can be used to detect agytiiithe appropriate size that ionizes,
which includes many biomolecules. Because of tlikesgcale use of MS in proteomics
and metabolomics it has been optimized for theatiete of biomolecules and generation
of large biological datasets. Additionally, MS teso being engineered using
microelectromechanical systems (MEMS) technologthabit can exist on a
miniaturized chip, with recent developments stgaititreasing mass range and

resolution (Syms et al. 2009).

Microfluidics

Microfluidic or lab-on-a-chip (LOC) technology priokes an interface between
MS and biological systems (Gao et al. 2013). LOfcfions have been demonstrated to
manipulate cellular systems in many ways not péssilth other technologies, with the
added benefit of being microscale (Macounova @00, Bhagat et al. 2010). These
systems can be engineered to be reproducible acedrbpatible enabling long term
separation and manipulation of biomolecules (Bhagat. 2010). Microfluidics has
been instrumental in the development of some nereation sequencing machines as

its tiny size allows for massive parallelizationo® built in a small space (Voelkerding et
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al. 2009). Additionally LOC valving has been dersinated to operate on millisecond

timescales (MHz) making it easyily adaptable to ®lin et al. 2007).

Machine Learning

Machine learning (ML) is a branch of artificial @lfigence that focuses on the
learning of computers from data. While ML is admiccategory that encompasses many
forms of computational learning, it has been palady effective in complex pattern
recognition and generalization. Generalizatiothéproperty that the system will
perform well on unseen data. Support vector mash{8VM) have become a popular
form of ML, which analyze data and recognize patarsed for classification and
regression analysis (Cortes et al. 1995). Givseta training examples, each marked as
belonging to one of two categories, an SVM trairahgprithm builds a model that
assigns unseen examples into the most appropattgary. In the context of omics
datasets an SVM can be trained to identify theepastassociated with any given
physiological condition (Guyon et al. 2002). Thewe the added bonus of being
applicable to datasets where the number of traiekagnples is small and the variables

associated with the examples is large (n>>p), éegaommonly observed in omics.

Robotics and Integration

A robot is typically a electro-mechanical machihattis guided by a computer
program or electronic circuitry to accomplish &tafobotic systems can be designed to
take the place of humans in repetitive tasks. Rabwtionality has already been

integrated in with MS through the computationaltcoinof robotic arms located in
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autosamplers. This robot allows a user to setge laumber of samples into a holding
chamber until the appropriate time when the robwt will inject the sample for MS
analysis. This semi-autonomous robot has greatireased the number of samples
which can be analyzed in MS-based metabolomickeasobot can be programmed to
operate twenty-four hours a day, seven days a wébkut stopping. This robotic
functionality has streamlined the data collectioocess, and carefully engineered
functions for fast sample preparation have therm@kto further increase both the
reproducibility and time resolution of MS based osi

Robotic integration of MS, microfluidics and maahilearning has the potential
to automate biological study using a carefully eegred system (Soldatova et al. 2006,
King et al. 2009). This would be ideal for thadst of metabolism as evidence suggests

a large degree of natural metabolic flexibilitysziin an organism.

Research Goals

The work presented in this dissertation was dagetith two major goals. The
first goal was to provide biological insight inteetevolution of the model organissn
solfataricusand its adaptation to life at extreme temperatusasg the integration of
information from multiple biomolecular systems.e#ous work has provided insight
into how changes in molecular complexity allow dnganism to cope with viral
infection (Ortmann et al. 2008, Maaty et al. 20t )expression profiling at both
transcriptomic and proteomic levels. This rese&ahidentified biomolecular targets

which share homology with metabolic pathways frafmreo domains of life, and others



13
which appear to be divergent systems. Howevegelgaps in our understanding remain,
such as, how previous viral infections have affé¢kee evolution of this organism. The
genomic landscape of many organisms contains irdgbom about the evolutionary effect
of viral mediated horizontal gene transfer, but Hamreaching it is in thermophilic
archaea? In addition, expression profiling undedative stress (Wiedenheft et al. 2005,
Maaty et al. 2009) suggested tkatsolfataricusises a novel system for coping with
oxidative stress, but the explanation which jussifihe need for this system was not well
understood. This organism lives in an environnvemth would be fatal for most life,
therefore how has the defense from oxygen freeatslaffecteds. solfataricusurvival
strategy, if at all.

The second goal was to develop meaningful insagbut how metabolic patterns
change in time and in response to stress. Thisogoabe separated into two different
guestions. The first question is can machine lagrbased pattern recognition, which is
typically used for facial recognition; find consedvpatterns and biomarkers in
metabolomic datasets? This is a complex problerause machine learning algorithms
perform best with a large number of training exass@nd few variables. However, most
biological experiments (to include metabolomicsyehanly a limited number of
replicates and a large number of variables (meitzispl

The second question is how much metabolic varitgbdgiintrinsic to an
organism? The answer will allow us to deterimina BGiomarker can be a reliable
indicator in every possible metabolic configuratiBmnevious evidence suggested that

organisms have natural metabolic variability wheelm be encapsulated into a theoretical
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metabolic phase space (Schmidt et al. 2011). Aéery of phase space was proposed
because there are natural oscillations in metababtindance. Best studied in yeast,
metabolic oscillations have been seen in bacteaadring et al. 2013), plants (Farre et
al. 2005, Henson et al. 1990), insects (Schwemetlal. 1980), mice (Dahlgren et al.
2005) and human@®ergesten et al. 200/ytti et al. 2010, Berk et al. 201 atural
metabolic oscillations have not been studied aargel scale, mostly because of a lack of

technology for tracking these changes over time.
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FOSSIL RECORD OF AN HK97-LIKE PROVIRUS

Joshua Heinemafnwalid S. Maat§; George Gau&sNarahari Akkalade¥j Susan K.
Brumfield, Vamseedhar RayaprdjiMark Yound, C. Martin Lawrenc®and Brian

Bothnef*

abepepartment of Chemistry and Biochemistry, MontateteSUniversity,126 Chemistry

Biochemistry bldg., Bozeman, MT 59717, USA (406)52¥0
Abstract

One of the outstanding questions in biology todathe origin of viruses. We
have discovered a protein in the hyperthermo@hukolobus solfataricug/hile
following proteome regulation during viral infeatiohat lead to the discovery of a fossil
provirus. Characterization of the wild type andombinant protein revealed that it
assembled into virus-like particles with a diameter32 nm. Sequence and structural
analysis showed that the likely proviral capsidteim, Sso2749, is homologous to
a protein fromPyrococcus furiosuthat forms virus-like particles using the HK-97jora
capsid protein fold The SsP2provirus has a high degree of mosaicism and cositai
proteins with similarity tpamong others, eukaryotic herpesviruses and tag&iNéA
bacteriophage families, reinforcing the hypothe$ia common ancestral gene pool
across all three domains of life. This is thetfttescription of the HK-97 fold in a
crenarchaeal virus and the first direct genomimeation of linocin-like protein cages to

a virus.
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Introduction

It has been suggested that the viral universe eardmnized into a limited
number of lineages. But, with an estimated*1@rus particles on earth (Suttle, 2005) and
only 2443 viral genomes in the National CenterBmtechnology Information (NCBI)
database, the current data is limited. Recentesuafithe human genome indicate that a
significant portion of our genetic information isopably of viral origin and it seems
likely that viruses have strongly influenced theletion of most, if not all, cells through
the transfer of genetic elements (Brussow, CanchayéHardt, 2004; Campbell, 2003;
Chibani-Chennoufi et al., 2004; Dunigan, Fitzgeralad Van Etten, 2006; Forde et al.,
2008; Hatfull, 2008; Hendrix, 2003; Jiang and P&@B8; Lin and Li, 2009; Moreira,
2000; Rokyta et al., 2006). The growing numbesaxrfuenced genomes (viral and
proviral) has enabled the construction of viral@ee based phylogenies (Hatfull, 2008;
Krupovic, Forterre, and Bamford, 2010). Genomele@omparisons are sufficient to
establish relationships for closely related virysesvever, for distantly related viruses,
phylogenetic relationships must be based upon imigidy conserved features, such as
protein structure and function (Bamford, 2003; Bardf Burnett, and Stuart, 2002;
Krupovic, Forterre, and Bamford, 2010). Identifyithese conserved features helps
define evolutionary relationships between distarglgated viruses, and may provide
better understanding of how virus-host relationgehafluenced evolution.

Due to the small size of viral genomes and theiquiby, viruses are an excellent
case study for investigating genomic stability. ilkiruses must retain a minimal set of

core functions to ensure replication, some fam#iesh as the tailed dsDNA viruses,
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have highly plastic genomes. This large familyegp to be both a reservoir and conduit
for exchange of genetic information throughoutéhére biosphere (Bamford, 2003). In
depth genomic comparison of viruses from this fgrhds provided valuable information
about their mosaic nature and capacity for horialog¢ne transfer in the host population
(Hatfull, 2008). Amino acid sequence comparisos tewealed a relationship between
the tailed dsDNA viruses infecting bacteria anchaea (Krupovic, Forterre, and
Bamford, 2010; Prangishvill, Garrett, and Koonif08&). Icosahedral virus-like particles
(vips) predicted to be of viral origin have beesadivered and several examples of tailed
dsDNA viruses have been observed in the Euryarcitaglut there have been no reports
from Crenarchaeota (Namba et al., 2005). Theseaip composed of subunits with a
distinct similarity to the major capsid protein (MLof the bacteriophage HK97 (Akita et
al., 2007). The HK97 MCP fold is found in bactenalises, encapsulin protein cages,
and shares structural similarity to the human hegpaplex virus 1 (HSV-1) VPS5 floor
domain (Bamford, Grimes, and Stuart, 2005; Kruppokarterre, and Bamford, 2010;
Sutter et al., 2008). Expanding upon the simiksibf protein sequence and structure in
tailed dsDNA viruses, to include DNA packaging (Reml Feiss, 2008) and assembly
(Heymann et al., 2003) has led to the proposaldinaitar viruses from all domains of
life may have descended from a common ancestor f@dn2003; Bamford, Burnett,
and Stuart, 2002; Bamford, Grimes, and Stuart, 2B@%povic, Forterre, and Bamford,
2010). These familial ancestors are thought tthbesource of the common
characteristics, which are referred to as the I'gedf”, and provide insight to

evolutionary processes (Bamford, 2003).
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The three domains of life can be split into BaeteArchaea, and Eucarya based
on a 16S ribosomal RNA phylogenetic tree. Using dpproach, Archaea are more
closely related to Eukarya than Bacteria (Woes8pR0Because virus-host systems
coevolve, it seems reasonable that viruses frorh ebthe three domains would share a
similar phylogenetic relationship. Previously désed classification systems have
organized viruses into families based upon genamissity arising from a shared gene
pool (Hatfull, 2008). Expanding on this, we praxievidence that the tailed dsDNA
virus family from bacteria has shared a gene pathl the eukaryotic herpesvirus family
and archaeal viruses through a newly discoverednmofound in the Crenarchaeote
Sulfolobus solfataricuéSsP2. The genome of the SsP2 provirus (SsP2-pro) is aimos
of proteins with similarity to those of herpesviiargd tailed dsDNA virus families.
Additionally the SsP2-pro major capsid protein (MGRares predicted structural
similarity with MCP gp5 of the HK97 bacteriophageagcapsulin protein, the virus-like
particle fromPyrococcus furiosugnd VPS5 floor domain from herpesvirus, strengthgni
the idea of a common evolutionary root. Analogtmughe bones of extinct organisms
locked in geological layers, we suggest this arigeeovirus in the genome of SsP2
provides a “fossil” record of dsDNA viruses (Akgaal., 2007; Schwartz et al., 1996;

Tipper, Bencsics, and Coffin, 2005; Yamada and lat@m2000).



27

Results

Infection of Sulfolobus solfataricus
P2 and Particle Discovery

The paucity of information about viruses that infachaea and placement of
archaea at the base of most trees of life has Etietiresearch in this area. Along these
lines, we have been conducting structure/functtadiss on the crenarchaeal Sulfolobus
turreted icosahedral virus (STIV)(Fulton et al.090Larson et al., 2006; Rice et al.,
2004; Wiedenheft et al., 2005). As part of thigky@roteomic analysis of the infection
of S. solfataricu$2 cells by STIV led to the identification of the fifentially expressed
hypothetical protein Ss02749 (GenBank I3899464. The 2-D gel spot containing
Ss02749 decreased in abundance as determined dyedyased 2-DIGE (12 hr
timepoint; 2.7 fold reduction, p-value < 0.01),.f5J1A. BLAST sequence analysis
revealed that Ss02749 has significant amino acjdesgce similarity to a virus-like
particle fromPyrococcus furiosu@Pf-vip) (GenBank 1D:14638723% (fig. S1)(Altschul
et al., 1997). Previouslf-vip was shown to form virus-like particles of apgiroately
30 nm as revealed by transmission electron micps¢bEM) (Namba et al., 2005).
Subsequently, the crystal structure revealed Bfatlp assembles from 180 copies of
protein into a T=3 icosahedral particle with thenomer having significant structural
similarity to major capsid protein (MCP) gp5 of HK®acteriophage (GenBank ID:
609313 and encapsulin fromihermatoga maritimgGenBank ID:19772526)(Sutter et
al., 2008). To check for virus-like particlesSnsolfataricusfractions of cell lysate were

pelleted by ultra-centrifugation onto a sucrosehous
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Figure 2.1 Treatment &. solfataricuwith STIV Leads to a Down Regulation
Translation ofSsvlp. (A) 2-DIGE gel image with protein spot for hypotheticabigin
SS02749 highlighted. Protein identification was mading il-gel proteolysis followe:
by LC-MS/MS B) Electron micrograph of purifiecSsvlp after negative staining wit
1.5% uranyl acetateCj Monomer for hypothetical protein SSO2749 modeiskhg
2EQ0ZP1V ( X-ray crystal structure 3.6 Angstrom resoluticD) Ssvlp model using 18!
copies of modeled SSO2749 with T = 3 icosahedrmalnsgtry based on crystal structt
of PfV (Akita, Chang et al. 2007

The pellet was then analyzed by LCMS and founctdain Sso2749. Subsequ
analysis with TEM confirmed the presence of pag8da3(-32 nm) similar tcPf-vip (fig.
2.1B).To better investigate the structural and functiqoraperties oSsvlp, the gene
was cloned into an expression vector for heteralsgexpression iE. coli. Analysis of

the soluble protein fraction by SI-PAGE showed the presence of an intense bathe

expected molecular weight of Ss02749 (39kDa)(f@). Bnalysis of partially purifiec
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Ssvlp (rSsvlp) by size exclusion chromatography (SEC) canéd that the recombinant
protein was multimeric, with an elution time conerg with Cowpea chlorotic mottled
virus (CCMV), a small RNA virus that has a T=3 ddpddentity of the protein in the
SEC fractions and gel band was confirmed by prggoknd LC/MS (data not shown).
As a final test, negative stain TEM analysis ofifoend Sso02749 showed particles of the
expected size for a T=3 vlp (fig. 2). The majowfithe particles appeared to have a
hollow center and a thick shell. This is consisteith the images of the Pf-vlp and
positioning of the N-terminal region of the genetbe interior of the particle. Purified
fractions of 6svlp were tested for possible linocin-like bacteroactivity and for
susceptibility to proteolytic cleavage. No bacteiual activity was observed whe8g
vip was added to cultures Bfyrococcus furiosysor Sulfolobus acidocaldariugs judged
by optical density growth curves (data not showhgsting also showed that the particles
were resistant to proteolytic cleavage by trypsid etnhermolysin.

In an attempt to gain insight into the structuréh&Ssvlp, a bioinformatics
approach was used. Sequence-based structure/fupetdiction using the Phyre and
HHpred servers (Hildebrand et al., 2009; Kelley &ternberg, 2009; Soding, Biegert,
and Lupas, 2005) reinforced the homology betw&evip andPf-vlp showing that they
are highly likely to have the same protein folchefefore, a 3-D model, using tRévip
crystal structure (PDB IDREQ2) as a template, was constructed for Ss-vip residaé-
346 with Swiss-Model (Arnold et al., 2006; Guex &nwltsch, 1997; Kiefer et al., 2009)

(fig.1C-D).The N-terminal 109 residuesfvip are not visible in the crystal structure,
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Fgre 2. 2lectron iérogahs of Recombinant S:U'ips After -f\legative Staining wit
1.5% Uranyl Acetate. Foreground is a close up of the samec|es

but are believed to form a domain that is intetodahe protein shell. HHpred analyof
residues 1-109 from Sdp indicates that these residues form a putagvetin-like
DIIRON-carboxylate domain (PDB I[1vjx_A). The quality of théSsvip model was

then verified usindgP’roSA-web (Wiederstein and Sippl, 2007). The@sre of the

pseudoatomic model of S-vip (Z-score =2.96) is within the range calculated
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experimentally determined structures where accéptabdels fall between -2 and -11.2
for proteins 0f~236 aa in length (fig. S3). Although there is igngicant amino acid
sequence identity between Ss-vip, encapsulin, &@7HGP5, structural alignment of
these three proteins with Pf-vlp suggest the samieip fold. The overall analysis 8
vlp and Ssvlp shows that the protein assembles into icosahedpsids similar to tailed
dsDNA viruses (Wikoff et al., 2000Rf-vip (Akita et al., 2007) or encapsulin (Sutter et

al., 2008) and strongly suggests that this pradiopts an HK-97 like fold.

Characterization of a Provirus in S. solfataricus

The differential expression &svlp during viral infection combined with
structural similarity to a known family of tempegatiruses, and previous findings by
other groups (Akita et al., 2007; Sutter et alQ&0 led us to hypothesize that these
particles were of viral origin. Viruses are knot@recombine with host and other viral
elements to yield unique genetic mosaics that apaldle of promoting horizontal gene
transfer (Brussow and Desiere, 2001; Hendrix, 200Bala et al., 2000; Mosig et al.,
2001; Rokyta et al., 2006). To determin&#vilp was part of an integrated provirus, the
genomic context of the gene was examined. In dadefentify other phage-like or
provirus elements, iterative BLAST homology-basedrshes against protein sequences
in the non-redundant protein database and dsDNAses (taxid35237 at the National
Center for Biotechnology Information were conductesing genes in close proximity to
Ss02749 as seeds. Profile-profile comparisonalatest always indicative of true
functional and structural relationships and ar¢ipalarly valuable when looking for

evolutionary relationships. (Altschul et al., 199@)wever protein sequences of viruses
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infecting Sulfolobus tend to bear little similarity other known proteins making
comparisons more problematic (Fulton et al., 2B08@ngishvili, Stedman, and Zillig,
2001; Prangishvili et al., 2006). Recent compaussof proteins using discriminative
state-of-the-art machine learning algorithms, Hawvmd this to be a reliable approach for
assessing distant relationships; therefore, thiél@tmased comparisons were
complemented by analyses with support vector mashiblakic, 2009; Shah, Oehmen,
and Webb-Robertson, 2008).

Consistent with a viral origin for SsP2-vlp, protewith similarity to a phage
replicative helicase, and herpesvirus DNA bindingtgin lie directly 3’ of Ss02749
(table 1). The helicase and DNA binding proteinegeare in an operon which has been
shown to be induced by exposure to ultraviolettlignols et al., 2007); UV light is a
common trigger for provirus induction (Muche and/ire 1983; Osterhout et al., 2007,
Takebe et al., 1967; Trautner et al., 1980). Fondlogs found in a proviral region from
the genome o$%ulfolobus islandicustrain Y.G.57.14, all three, virus MCP, helicaased
DNA binding protein are found to as an operon,dsfyling their codependence. A
tRNA-Thr gene (genome position: 2503123) was tloemd in a 3’ distal region
approximately 36 kbp frorBsvlp (genome position: 2539011). It has been shthan
bacterial and archaeal viruses user33-distal regions of tRNA genes as targets for
integration. Krupoviet al, 2010 reported tRNA-Thr as an integration targetf
prophage found iklalorubrum lacusprofunditATCC 49239) a haloarchaeal organism.

To further support the presence of a provirus gémeomic neighborhood surrounding the



SzP2-protein | SsP2-Gl# | Organism/ Virus Protein GliAccession E-walue/P-value
5502724 158559440 | Bsacteriophage My Integrase PFO2914 Ge-06
5502725 13816082 | Siygliclobus rod-shaped virus Hypothetical 208505314 Ge-07
5502727 13818050 | Mycobacteriumphags Myrna gpl183 203454748 1e-12
=E002728 13816004 | Sfygiolobus rod-shaped virus hypothetical 202805314 42-05
E5502730 15859445 | Acinsfobacier baumannii hypothetical bacteriophage 169796743 1e-15
e5502733 15858448 | Desulfuromonsas acefoxidans Phage SP01 DNA polymerase-related protein | 95925443 2e-10
5502744 15859459 | Bacteriophags gpaT COG4422 4212
=5502750 15855455 | Phage ODnaB Replicative helicase TIGRO3&00 Se-7
=5502751 13816082 | Caviid herpesvirus gpdd 213159193 Se-03
5502754 15899469 | Escherichiz coliMds 21-1 tail fiber pomsn 300840050 3e-05
=5502756 15889482 | Anguillid herpesvirus ORF83 28217420 Ge-43
ESS02778 158558493 | Laclococcus ladis phage-nucleotide binding protein 2814591528 4g-12
25502782 13818122 | Acidianus two-tailed virus Putative tranzposase To750428 Te-165
a55027ES 13818122 | Acidianus two-isiled virvs Putative transposasze ToT750428 Te-172

€e

Table 2.1 SsP2protein matches to viral and proviral proteinspagtein similarity found in dsDNA viral databagaxid: 35237); b)
protein similarity found in NCBI non-redundant pot database c) protein classification done withpsut vector machine
corresponding probability scores are given as alpevand Pfam/TIGR/COG domain accession
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Figure 2.3 A) (Background) Circular Representatb®sP2Genome with Location of
Provirus. vertical lines show location of all strw@l tRNAs. B) Blowup of provirus
genome located between 2,478,239 - 2,539,011 gteardenote open reading frames
(ORF), black triangles represent ORF with predi@edno acid similarity to other virus
or provirus, boxed regions (attL and attR) aredpmson related elements on either side
of the provirus. C) %GC graph of the provirus (Brmond AJ, 2010).

structural tRNA and th&sP2provirus MCP were scanned for other proviral eletse
(see fig. 3). The identification of transposolasking both sides of the virus-like region
with N-terminal viral integrase allowed us to defiiikely boundaries of th&sP2

provirus (attL, attR) (fig. 3B). This would credite integrated provirus with 57 open
reading frames in a span of 60.7 kbp (betweenttheaad attR). The %GC-content in
this region is between 27.8% - 41.1% with an overnarage of 36%, compared to the
SsP2average of 35% (fig. 3C)(Drummond AJ, 2010). €abkhows the proteins with

viral or proviral similarity. The&SsP2provirus displays similarity to dsDNA viruses from

different domains, exhibiting the mosaicism comnyategscribed in the dsDNA
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bacteriophage family (Bamford, Burnett, and Stu2002; Hatfull et al., 2006; Hendrix,

2003; Varani et al., 2008).

Discussion

The high degree of sequence similarity betweerepré@so2749 angf-vip,
combined with the, protein model, and TEM charaz#tion of the particle has allowed
us to classifyBsvlp as a homolog dPf-vlp. This establishes a clear connection at the
protein level between Ss-vip, encapsulin, and gpbMCP of HK97. The genomic
context ofSsvlp suggests that this protein was part of a dsEMK& provirus, placing the
HK97 MCP fold in viruses from all three domaindiéé. This finding is significant, as
structural similarity has been put forth as a measfithe viral self (Bamford, Burnett,
and Stuart, 2002; Krupovic, Forterre, and Bamf@fl,0) and a prognostic indicator of
common ancestory (Bamford, Grimes, and Stuart, 2Rt et al., 2004; Maaty et al.,
2006). Clearly the observed particles are not @f@ent size to package the identified
proviral genome, suggesting that this provirusasamger functional, and only remains
as part of the HK97 virus family fossil record.thre SsP2provirus fossil, proteins with
similarity to dsDNA bacteriophages can be founegig-side with proteins that have
similarity to herpesvirus proteins. This providedirect connection between the dsDNA
viruses in all three domains and raises the questiovhether the sequence similarity
found betweerssP2pro proteins and their relatives in bacteriophage herpesvirus is a
product of ancestral virus-virus recombination mizontal gene transfer or a remnant

of evolution from a common ancestor.
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Pfam classification placéls maritimaencapsulin, Pf-vlp and Ss-vip in the
Linocin M18 family (PF04454), which currently hagmbers in 69 species. Sutétral
2008, suggests that the icosahedral shell of eniapsompartmentalize enzymatic
activity inside the protein cage to enhance fumctibhas been proposed by a number of
groups that encapsulins may have originated frainah capsid (Krupovic, Forterre, and
Bamford, 2010; Sutter et al., 2008). Because timdaiity between encapsulins and viral
capsid proteins is only visible at the level otisture and there were no reported cases
where encapsulins are associated with viral preteinvas assumed that the separation
occurred a long time ago. The analysis of SsoZle&ly shows a direct connection of
encapsulin proteins with viral origin. The uselod HK97-like protein fold by viruses
and host cells points to the versatility of the @m The domain is also fairly plastic as
large extensions can be added without disruptisgrably as in the case of encapsulin.
While the connection between encapsulins and anotias now been documented, the
fundamental question still remains; is the desifghast or viral origin? The prevailing
view is that in the context of capsids and cadesHK97 protein is foremost a viral
capsid protein. An alternative explanation is #gratapsulins were first derived as
primitive reaction vessels that enhanced the dgtofi primitive enzymes. In some cases
the enzymes then became linked with the cage farhamain so that packaging and
assembly occur in a single step. Then at sometiate, the HK97 fold mutated to allow
nucleic acid packaging, perhaps by simply assemlamund its own mRNA during

translation. At this point, the simple system vebbé ready to go viral.
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Materials and Methods

Culturing of S. solfataricus

Liquid cultures ofS. solfataricugP2), were grown aerobically in DSMZ media
182 (22.78 mM KHPQ, + 18.90 mM (NH), SO, + 0.81 mM MgSQ+ 1.7 mM Ca(] +
0.2% Yeast Extract) pH adjusted to 2.8 with 6p6B,. All cultures were grown in long

neck Erlenmeyeitasks at 80 degrees Celsius in shaking oil bathbators.

Purification of Spherical Particles

Cell cultures of SsP2 were lysed by freezing imiligNitrogen and thawing,
followed by water bath sonication for 5 minutesheTsuspension was then centrifuged at
39,500 x g for 15 minutes to remove insoluble datldebris from the supernatant. The
supernatant was then added to a 20% sucrose cuslgpended in 50 mM Phosphate
buffer with 9 g/L NaCl and centrifuged for 4 hoats150,000 x g in an ultracentrifuge.
The resultant pellet formed was resuspended inul,580 mM Phosphate buffer with 9
g/L NaCl and subjected to SDS-PAGE (4-20% Precdistem gels, Pierce), for 1 hr at 65
mA. Gel was then washed and stained using CoorBasliiant Blue (CBB). Protein
spots of interest were excised from the gels, wdsinegel reduced and S-alkylated,
followed by digestion with porcine trypsin (Promggaernight at 37TC. The Peptides
eluted from the in-gel digests were transferred tew tube prior to LC/MS/MS. Mass
analysis was on an integrated Agilent 1100 liguicbmatography—mass-selective
detection (LC-MSD) trap (XCT-Ultra 6330) controlladth ChemStation LC 3D (Rev

A.10.02). The Agilent XCT-Ultra ion trap mass spenteter is fitted with an Agilent
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1100 CapLC and nano-LC sprayer under the contr®M®D trap control version 5.2
Build no. 63.8 (Bruker Daltonic GmbH). Injected ga&s were first trapped and desalted
on the Zorbax 300SB-C18 Agilent HPLC-Chip enrichtin@iumn (4 mm with 40 nl
volume packed with 5 pm Zorbax 300SB-C18 partickegtent) for 3 min with 0.1%
formic acid delivered by the auxiliary pump at 4npih. The peptides were then reverse
eluted from a enrichment column and loaded ontareatytical capillary column (43 mm
X 75 um inside diameter, packed with 5 um ZorbadSH)-C18 particles) connected in-
line to the mass spectrometer with a flow of 60@m. Peptides were eluted with a 5 to
90% acetonitrile gradient over 16 min. Data-depenhdequisition of collision induced
dissociation tandem mass spectrometry (MS/MS) wiizad. Parent ion scans were run
over them/zrange of 400 to 2,200 at 24,3060zs. MGF compound list files were used to
guery an in-house database using Biotools softwanrgon 2.2 (Bruker Daltonic) with
0.5 Da MS/MS ion mass tolerance. Protein ideratfan was accomplished by database
search using MASCOT (Matrix science, London, URRyotein identification was
considered positive when the minimal protein sadrgreater than 100 indicated identity

or extensive homology.

Cloning

The PCR primers were added to attB sites toifaiglligase-free cloning using
the Gateway Il system (Invitrogen) and a Shine-Belg sequence to facilitate efficient
translation. The internal forward and reverse prerwere 5-ATG CAT CAC CAT
CAC CAT CAC ATG AGT GAG GAAAGAATT CCATTAATAGG3 and 5- GTA

CAAGAAAGC TGG GTC CTATTATGT TGT TTTAAC TTC TTRTAAGT GAA
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CCA C-3', respectively. Oligonucleotides usedtfue external forward and reverse
primers were 5'- GGG GAC AAG TTT GTAACAAAAAAG BG GCT TCG AAG
GAG ATA GAA CC-3' and 5-GGG GAC CAC TTT GTACAAGAAGC TGG GTC
CTA-3 respectively. The resulting entry clone veletermined using ABI BigDye
terminator cycle sequencing and is mutation ffEleis construct was then inserted into
pDEST14 (Invitrogen) destination vector, yielding@EXP14-Ss02749 expression

vector, for protein expression Escherichia col(E. coli).

Expression and Purification

PEXP14-Ss02749 was transformed iktacoli BL21- CodonPlus(DE3)-RIL
(Stratagene), and two colonies were used to inteditavo 2 ml cultures of Luria-Bertani
(LB) media and grown overnight at 37 €.ml cultures were used inoculate 100 ml of
LB media. All media contained 100 ug/ml ampinihnd 35 ug/ml chloramphenicol.
Cells were grown to an optical density of 0.6 & &6 then protein expression was
induced via addition of 1 mM isopropryl-D-thiogalalyranoside (IPTG). After 6 hours
of growth, cells were collected by centrifugatidB@ PR-7000 M) at 6,000 x g for 15
minutes and pellets were stored at -80 C (8).

For purification, cell pellets were thawed and sgmnded in lysis buffer (20mM
Tris—HCI, pH 8.0, 400 mM NaCl and 1mM EDTA) at 10/grof wet cell pellet mass.
Phenylmethylsulphonyl-fluoride (PMSF, 0.1 mM) walkled to the cell suspension and
cells were lysed by passage through a microflurdjizkcrofluidics Corporation,
Newton, MA). Cell lysate was centrifuged and sodutbhction was discarded and the

insoluble fraction was washed with lysis buffer ggedleted by centrifugation. The
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insoluble fraction was solubilized in 10 ml solutaltion buffer (50 mM Tris—HCI pH
8.0, 24 mM NaCl, 1 mM KCI, 8 M urea, and 5 nfiMmercaptoethanol) and the
remaining insoluble material was removed by cemgation. The supernatant was
dialyzed in two steps: first, dialyzed against teifag buffer (50 mM Tris—HCI pH 8.0,
24 mM NaCl, 1 mM KCI) containing 4M urea then diedg against refolding buffer
only. Initial purification was done by size-exclogichromatography on Sephacryl S-500
(Amersham Pharmacia). Further protein was purtitedomogeneity by ion exchange

(mono-Q) and size exclusion (Sephacryl S-500) clatographic techniques.

Electron Microscopy

For negative stain TEM samples of purified Ss\éwpotted onto copper grid.
The protein was set to absorb for 2 minutes befemeoving excess water by absorption
on a piece of filter paper. Uranyl acetate (1.5%¥\added to grid for 30 seconds at
which point excess fluid was wicked away with pie€¢&Vhatman filter paper for a
second time, and then allowed to dry. Stained &s\opper grid was viewed with a
LEO 912AB TEM and photographed with a Proscan 2,048 ,048-pixel charge-

coupled- device camera.

Proteolysis

Purified Ss02749 was exposed to trypsin for &tt87 C and thermolysin for 1hr
at 70 C. After which each concentration was rendceved subjected to SDS-PAGE (4-
20% Precise protein gels, Pierce) for 1 hr at 65 @&l was then washed and stained

using Coomasie Brilliant Blue (CBB).
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Identification of Putative Proviruses

Putative provirus elements related to tailed baatand archaeal viruses were
identified by homology-based searches against ¢ineradundant protein database at
NCBI. Analysis of putative viral protein sequené@stein sequences of the archaeal
viruses and putative proviruses were analyzed BUASTP or PSI-BLAST search
against (i) a complete nonredundant protein dagababICBI and (ii) a viral protein
database at NCBI. Additionally protein sequenceewevestigated using Hidden
Markov Models and support vector machines as destrioy Dlakic et al 2009.
Conserved protein domains were identified usingches against the Conserved Domain
Database at NCBI and the Pfam database at Sanger.

Prediction, Modeling, and
Verification of Pseudoatomic Models

MCP (Ss-vip) sequence of putative tailed archaealipus was submitted to the
Phyre structure prediction server for fold prediotand identification of structural
homologues. All X-ray structures that werentified as structural homologues with
significant scores (scores above 50 are cersid significant) were used as
templates for the structural modeling of the SsBX2. SSequence alignment of the target
MCP was retrieved from SWISS Model-workspace aradius build three-dimensional
model with version 4 of the Deepview program. Thality of the model was then
assessed with ProSA-web. Pairwise sequence aligrused to generate the model

presented in Fig. 5 can be found in Supplementdgrination.
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Abstract

Background: The current paradigm of intracelludax chemistry maintains that cells
establish a reducing environment maintained bya pbsmall molecule and protein
thiol to protect against oxidative damage. Thiatsfyy is conserved in mesophilic
organisms from all domains of life, but has beenfoconded in thermophilic organisms
where evidence suggests intracellular proteins hhueadant disulfides.

Methods: Chemical labeling and 2-dimensional ¢gdteophoresis were used to capture
disulfide bonding in the proteome of the model thephile Sulfolobus solfataricusl he
redox poise of the metabolome was characterizedyumith chemical labeling and
untargeted liquid chromatography mass spectromé&dgne annotation was undertaken
using support vector machine based pattern redgognit

Results: Proteomic analysis indicated the inttataal protein thiol ofS. solfataricusvas
primarily in the disulfide form. Metabolic charadization revealed a lack of reduced
small molecule thiol. Glutathione was found priityain the oxidized state (GSSG), at
relatively low concentration. Combined with genetnalysis, this evidence shows that
pathways for synthesis of glutathione do exishmarchaeal domain.

Conclusions: In observed thermophilic organismi|abundance and redox poise
suggest this system is not directly utilized footpction against oxidative damage.
Instead, a more oxidized intracellular environnygnaimotes disulfide bonding, a critical
adaptation for protein thermostability.

General Significance: Based on the placementeshibphilic archaea close to the last

universal common ancestor in rRNA phylogenies, ywgothesize thiol-based redox
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systems are derived from metabolic pathways orllyinasked with promoting protein

stability.

Introduction

Intracellular oxidation-reduction potential mustdagefully balanced to support
oxidative metabolic processes, while protectingrfrdetrimental effects of free radical
damage. Itis generally accepted that the cytoplaskept in a reducing (electron rich)
state, with small variations between different tghles (Sevier et al. 2002). The
cytoplasmic redox potential is typically quantifiegd measuring relative amounts of
protein disulfide (PSSP) to thiol (PSH) in equilibn with compounds of known redox
potential, such as oxidized (GSSG) and reducedéitiane (GSH) (Hansen et al. 2009,
Cumming et al. 2004) . In the cytoplasm of euk#icyand most gram negative
prokaryotes, GSH and PSH are the predominant farrdsexist at significant
concentrations (Smirnova et al. 2005, Pastore. 208I3, Fahey et al. 2001). Whereas,
GSSG and PSSP are primarily present in more oxiglienvironments, such as
extracellular space, mitochondria (ChakravarttaleR006, Fratelli et al. 2005, Pedone et
al. 2006, Derman et al. 1991) or as catalyticrmezliates.

In contrast, structural and genomic evidence sugdbesrmophiles and their
viruses favor higher ratios of PSSP to PSH. ThandaAnce of PSSP is proposed to be an
adaptation that increases protein stability atagksy temperatures (Mallick et al. 2002,
Beeby et al. 2005). The genomic analyses showatlaptation is exclusive to

thermophilic organisms, with the highest propos8&P/PSH ratios observed in the
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hyperthermophilic Crenarchaea (Jorda et al. 20hé&,e$ al. 2001, Menon et al. 2008,
Larson et al. 2007, Lawrence et al. 2008ulfolobus solfataricus a hyperthermophilic
Crenarchaeon living optimally at 8D and a pH of 3, and has been adopted as a model
for study of high temperature adaptation (Nunnl.e2@10, Lamble et al. 2005, Albers et
al 2009, Heinemann et al. 2011, Maaty et al. 200&aty et al. 2012). Previous studies
of S. solfataricusaand phylogenetically related thermophiles failedinnd glutathione
Hummel et al. 2005, Allocati et al. 2012), raisthg question, how do these organisms
regulate intracellular redox and protein disulfidemation? Organisms without
glutathione typically have an alternative small exlle thiol fulfilling this role (Allocati
et al. 2012, Malki et al. 2009); however both poohic and genomic evidence have
failed to provide evidence of common thiol-biosyedls pathways i. solfataricusand
its thermophilic relatives (She et al. 2001, Humetedl. 2005).

The maintenance of thiol redox homeostasis is fomedally important to an
organism’s ability to protect against oxidative daya. PSSP/PSH and GSSG/GSH
ratios are often used as a proxy for estimatingqa&lular redox state and tracking
changes.S. Solfataricusitilizes a novel enzyme system for regulating atiiee stress
(Maaty et al. 2009, Weidenheft et al. 2005), buermence supports the role of
intracellular thiol in this process. Herein we yide evidence that both the metabolites
and proteins 08. solfataricusare tuned to operate in a noncanonical redox enwient.
We find S. solfataricusloes utilize glutathione, although primarily iretbxidized form.
Because the balance of oxidized to reduced pratgihsmall molecule thiol is tilted

toward oxidized PSSP and GSSG, this strongly sug@esiore oxidized intracellular
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environment. Together these results charactermteeaotype which lies outside the
traditional paradigm, and provides an expanded tafdedox homeostasis in

thermophilic organisms.

Materials and Methods

Growth of Microorganisms

S. solfataricu$?2 (ATCC) was grown aerobically in liquid DSMZ medi82L
(22.78 mM KHPO,, 18.90 mM (NH),SO, 0.81 mM MgSQ, 1.7 mM CadJ, 0.2%
Yeast Extract)(Media 1), or with the addition o1@ glucose as carbon source (Media
2), pH adjusted to 2.8 with 6MJ80,. Media was analyzed to ensure no glutathione or
small molecule contaminant affected results. Batdtures ofS. solfataricusvere
grown with media in long neck Erlenmeyer flask8@&C. One liter of media was
inoculated with 10 ml of log phase (@90.33) culture and divided evenly between ten,
1-liter long neck flasks. At (Odgo, 0.35), 50 mls of each 0.25 liter culture was oeed
and placed in a 50 ml falcon tube as growth costr@ells were collected at exponential,
late exponential and stationary growth phases fabolite extraction. Liquid cultures
of recombinanEscherichia col(Strain: BL21-D3) were grown in Luria-Bertani madi
(1% Peptone, 0.5% Yeast Extract and 1% NaCl, phlin IL shaker flasks at 3. For
oxidative stress experiment,® was administered to a final concentration o0 (n
= 10). One liter of media was inoculated with 10ahlog phase (OB, 0.33)S.
solfataricusculture and divided evenly between four, 1-litand neck flasks. At (O

, 0.35), 50mls of each 0.25 liter culture was reetband placed in a 50 ml falcon tube as
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stressed growth controls. An additional 50 ml| adiowas collected from each culture at

30 min post HO; inoculation and used for metabolite extraction.

Zdye Maleimide Probe for Thiol Labeling

Cells were lysed with combination of freeze/thawleg. Protein sample extracts
were prepared from cell suspensions in ice coldsphate buffer solution (pH = 6.5,
1mM EDTA). All buffers were degassed and kept@nduring extraction to help ensure
lack of thiol/disulfide exchange. Proteins wereifoied and concentrated with 5-fold
volume of cold acetone (-8C). Protein concentration was measured with RC/DC
Protein Assay Kit (Bio-Rad). For each experim&@tug of protein was used. Three
replicates were reduced using 20mM tributylphoseltBigma) for 20 min at room
temperature, alongside three unreduced controj® I&beling was performed using a
fluorescent Zdye (ZB-M LC-01-56 , and BDR-III-17&)upled to a maleimide, in a
method modified from (Maaty et al. 2012). Dye waasled to a final concentration of 5
uM in PBS, pH 6.5, for 20 min at room temperatuReactions were quenched with 5-
fold excess acetone (-80). Samples were centrifuged at 15,000xg and tbin pellet
was resuspended in 2D gel-loading buffer contaididgnM DTT. Total protein internal
standards were labeled with CyDyes using minimagliag methods according to the
manufacturer’s protocol (GE Healthcare). (gpof protein extract was labeled separately
at 0°C in the dark for 30 min with 400 pmoles of N-hyxlysuccinimide esters of
cyanine dyes (Cy5) dissolved in 99.8% DMF (Sigmiadbeling reactions were quenched
by the addition of il of a 10 mM L-lysine solution (Sigma) and left me for 10 min.

Cy5, reduced and unreduced Zdye samples(ZB-M LCe6)1were combined
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appropriately and mixed with rehydration buffer (Tikéa, 2 M thiourea, 4% CHAPS).
2-DE was performed as described elsewhere (23y yserast IPG strips (pH 3-11 NL,
24 cm length; GE Healthcare) in the first dimendii&t). Labeled samples were
combined with a maximum of 450 of rehydration buffer (7M urea, 2M thiourea, 4%
CHAPS, 0.5% IPG buffer pH = 3-11 NL, 40mM DTT, aatrace of bromophenol blue)
and loaded onto IPG strips. 1p@ of protein was loaded onto each strip and IEF was
carried out with the IPGPhor Il (GE Healthcarepci#sing was carried out at 2D with
a maximum of 5QA/strip. Active rehydration was achieved by apptyB0V for 12 h.
This was followed by a stepwise progression of 5@@\500 Vhr, gradient ramp from
500 to 1000V for 1 h, gradient ramp from 3000-5006K1 h, gradient ramp from 5000-
8000V for 1 h, the 8000V constant for 44000 VhifteAIEF separation, the strips were
equilibrated twice for 15 min with 50 mM Tris-H@,M Urea, 30% glycerol, 2% SDS
and a trace of bromophenol blue, pH 8.8). Thé &cuilibration solution contained 65
mM DTT, and the second 150 mM iodoacetamide. Tiwgsswere sealed on the top of
the gels using a sealing solution (0.75% agaro&bi8-Tris HCI buffer). The second-
dimension SDS-PAGE was performed in a Dalt Il (G&althcare), using 1mm thick, 24-
cm, 13% polyacrylamide gels, and electrophoresigewarried out at a constant current
(45 min at 2 W/gel, then at 1 W/gel for ~16 h af@h 2D gels were scanned on a
Typhoon Trio Imager according to manufacturer'stpecol (GE Healthcare) at 1Q0m
resolution with excitation wavelength of 532 nmiwét long pass emission wavelength of
570 nm and 488 nm with 520 nm emission for Z-Dyel @&33nm with long pass

emission of 670 nm for Cy5. The number of visibletpin spots was counted for direct
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comparison; fluorescent measurements and image$smg was done using ImageJ

(Rasband et al. 2012).

Metabolite Extraction

A survey of theS. solfataricugnetabolome was done by extracting metabolites
using 60% aqueous (v/v) EtOH, 50% aqueous (v/v) Me®MeOH/Chloroform (1 mM
EDTA) solvents in an effort to ensure global cogeraChloroform methanol extraction
was a modification from (Canelas et al. 2009). Byjecell pellets were resuspended in
1.5ml of cold MeOH and transferred to glass tubéer which 1.5 ml of cold chloroform
was added. All samples were then shakeri@ffér 2 hours using a custom made orbital
shaker. The samples were then centrifuged (20§aL% min, -8C). Upper
MeOH/Chloroform layer was removed and 50% aqueoe®MI (v/v) was added to
cellular debris and vortexed for 30s. After cdntyation the upper phase was pooled
with the first extracts. Proteins were precipitatising 5:1 dilution with -8 acetone
and centrifuged. Upper phase was collected ansesuiently dried and resuspended in
50% MeOH. MeOH/H,O, EtOH/H0 extraction was a modification from (31). Briefly
each sample was resuspended in 1.5 ml 60% aquéOlsdE 50% MeOH (v/v)
respectively, 1 mM EDTA, vortexed for 30s, and skwgas frozen in liquid nitrogen
and thawed to room temperature three times. Sam@es subsequently sonicated 60%
duty cycle maximum power level for 5 min on ice €ldample was incubated 1 hr at -
20°C followed by a 15 min centrifugation at 13000 argl supernatant was pooled. Cell
debris was subsequently washed with 1 ml extrad@dvent, vortexed for 30s and

centrifuged. Proteins were precipitated using %lhitidn with -80C acetone and
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centrifuged. Upper phase was collected and sulesglgudried and resuspended in 50%
MeOH. Ignicoccus hospitaliandE. colimetabolites were extracted using identical 50%

MeOH method.

LCMS Based Metabolome Analysis

Analyses were performed using a 1290 UPLC coumed6538 UHD Accurate-
Mass Q-TOF (Agilent Technologies). The system o@erated in positive and negative
electrospray ionization modes. Vials containingacted metabolites and standard
mixtures were kept at -80°C prior to LCMS analydidetabolites were separated using a
reverse-phase Kinetix lurh C18, 100A, 150mm x 2.1mm (Reverse Phase), orge@o
Diamond Hydride, 150mm, (HILIC). In positive iomizon mode, A= 0.1% formic acid
in water B=0.1% formic acid in acetonitrile. Forgagive ionization mode two pairs of
solvent systems were used, Al= 0.1% formic acigdater B1=0.1% formic acid in
acetonitrile, A2= 1mM Ammonium Fluoride in water BAcetonitrile. The C18 linear
gradient was 100% A (0 - 2 min) — 100%B with areation volume of 1mL. HILIC
linear gradient was 5% A (0 — 2 min) — 50% A withigjection volume of 2 ul. ESI
conditions were modified from (25) gas tempera5€’C, drying gas of 12 L/min,
nebulizer 30psig, fragmentor 120V, and skimmer 69¥e instrument was set to acquire
over the m/z range 50-1000 with an acquisition spéctra/second. MSMS
fragmentation was performed in targeted mode, hadnistrument was set to acquire
over the m/z range 50-1000, with default isowidtbl]lision energy was 10-20V. Data
was visualized using MassHunter software packaggdéAt Technologies) and data

processing was done using XCMS software and XCMB@&rsmall molecule
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characterizations were done using the Metlin daalfdautenhahn et al. 2008, Smith et

al. 2005, Patti et al. 2013, Tautenhahn et al. 2012

GSH Labeling and GSSG Reduction

A method for labeling reduced glutathione with Naf@inoethyl) maleimide was
developed using a GSH standard (Sigma) in aqueetisamol (50%, pH 6.5). Using
HILIC chromatography described above, a charatiensass and retention time shift
allowed semi-quantitative analysis of labeling eogerformed. To test the reaction
conditions that were developed, 100 nmol GSH waschwith 35, 70, and 140 nmol of
N-(2-aminoethyl) maleimide in which a linear redantof GSH and linear accumulation
of product was observed (Supplementary Fig. 4Metabolite extracts frors.
solfataricusandE. coliwere then spiked with 100 nmol N-(2-aminoethyl)emaide in
triplicate and analyzed with XCMS software. Uskil.IC methods to visualize GSSG
reduction, GSSG standard was spiked into samp(% (deOH) and reduced, using 10
nmol, 100 nmol andimol dithioreitol (DTT). Metabolite extracts fro8 solfataricus
were then spiked with 2mol DTT in triplicate and analyzed with XCMS softeao

identify potentially novel small molecule thiols.

Determination of NADPH-ratio

The intracellular ratio in SolfataricusandE. coli (BL21-D3) cells was
determined as described by the manufacture of tieMNADPH Quantitation Kit,
MAKO038-1KT (Sigma Inc). Cells were grown to midgland stationary phase, with

NADP(H) extracted immediately before measurement.
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Results

The S. solfataricus Proteome Has Less
Cysteine and More Disulfide Bonds

Genomic analysis revealed that the proteinS.cfolfataricusave a lower
percentage of cysteine than proteins from bac{&saherichia coliyand eukarya
(Saccharomyces cerevisiae)cross the proteome & solfataricusysteine residues
make up only 0.6% of the amino acid compositiompared with 1.2% iik. coliand
1.3% inS. cerevisiae In addition, over a third (36.5%) of the proeinomS.
solfataricusdo not contain cysteine, a distinct differencenfi6. coli (15.2%)andS.
cerevisiag(9.3%).

To determine if a significant fraction of cytosopooteins inS. solfataricus
contained oxidized (PSSP), rather than reduceeicyes{PSH), a fluorescent thiol
reactive maleimide probe was used to label inthaleelproteins. Free cysteine thiols in
control and reduced protein extracts were visudllaerunning the labeled proteins on 2
dimensional gels. The number and intensity ofganogpots was substantially increased
after reduction (Fig. 1). The increase in reduteals after reduction was confirmed by
analyzing scanned images of the gels run in tapdicwhich showed that average
fluorescence intensity increased from 1126 + 7&trneé? units in the control, to 1797 £
282 after reduction. This supports predictionsebam sequence analysis, that the
intracellular proteins 08. solfataricusave an over representation of paired cysteines

(Mallick et al. 2002, Beeby et al. 2005, Jordalep@11).
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Figure 3.1 Cysteine Labeling of Cytoplasmic PraeafS. solfataricudBefore and After
Reduction of Disulfide Bonds. Comparison of redltte@ol content in total protein
sample using a fluorescent Zdye-coupled maleimidbegin the native state (A) and
after reduction with tributylphosphine (B). Themiper of proteins labeled and total
fluorescence intensity increased after reductiodisilfide bonds.

The Metabolome of S.
solfataricus Favors Oxidized Thiol

Results from the analysis of the proteome providdesce that the intracellular
thiol environment of5. solfataricuss unlike that reported in all eukaryotes ancball a
few prokaryotes. A detailed characterization &f thetabolome was undertaken to
identify any small molecules involved with maintaig the unusually oxidized PSSP,
and find a second indicator of intracellular reghmtential. To maximize the metabolic
coverage, ultra performance liquid chromatograpdseld mass spectrometry
(UPLC/MS) was used to analyze a series of metabelktractions using multiple
solvents (Supplemental Fig. 1). In batch cultagegiular metabolite expression is
dependent upon the phase of an organism’s growipp(8mental Fig. 2). Therefore,
metabolites fron®. solfataricusvere extracted from cultures grown at mid-log and

stationary phases as well as after 30 minutes iodfbtixe stress with 3(M H,0..
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Untargeted metabolite profiles were compared usoth reverse phase and hydrophilic

interaction chromatography, to ensure deep covdfage2A, B). Analysis of
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Figure 3.2 Metabolic Profiling and CharacterizatadThiol Content. (A) Full
chromatographic reconstruction of all mass spetdatlres detected and associated
retention times using LCMS was able to discrimir@t® and 556 molecular features in
reverse phase and HILIC separations, respecti{ig)y.ack of CoA in metabolite
extracts was confirmed by spike-in experiments Wwisicow a clear mass spectrum of
CoA standard. Inset, CoA standard(gray), and afesenmetabolite extracts (black). (C)
Presence of oxidized glutathione (GSSG%irsolfataricusMass spectra of GSSG from
S.solfataricus(above)compared to GSSG standard (belokket, retention time
comparison between GSSG standard (gray) and GS®B( t@aS. solfataricugblack),
structure of GSSG shown for reference.

metabolite profiles after 30 minutes of oxidatiwess with 3QuM H»0,, allowed
visualization of 2065 unique small molecule mag#add change> 2, p-value< 0.01);

none of which matched the mass of common reducedl smlecule thiol, such as
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Cysteine, GSH, or Coenzyme A (CoA) (Fig. 2C). Guedés previously suggested as a
redox mediator fo6. solfataricusand related thermophiles (Hummel et al. 2005).
While reduced GSH was not detectable, GSSG wasptrén low abundance (~12.5
uM) (Fig. 2D). To ensure the lack of appreciableH3&as not caused by the metabolite
extraction methodg. colimetabolites were extracted from stationary phaseum
identical method. GSH was highly abundant. Bagszh cell mass and LCMS spectral
intensity, the amount of GSSG detecte®irsolfataricusaveraged only 0.62% (p-value
< 0.05) that found ifE. coli. Previous reports failed to find glutathioneSinsolfataricus
(Hummel et al. 2005), suggesting our success magthbuted to the superior sensitivity
of UPLC/MS. In most prokaryotic and eukaryotiti€eGSH is typically found in
greater abundance than GSSG during normal healthwtly (Sevier et al. 2002). To
further validate this unique redox poise, metabslitom the anaerobic thermophilic
archaedgnicoccus hospitalisvere extracted and similar low levels of GSSG were
detected, again in the absence of measurable G@bpSnental Fig. 3).

Detection of Small Molecules
Using Chemical Biology

The failure to detect a common reduced small médeituol in S. solfataricusdid
not rule out the existence of a novel form, sucthasobserved in eubacteria and lower
temperature thermophilic archaea (Allocati et 8lLl2 Malki et al. 2009). Therefore, we
adopted a chemical labeling approach to searcthiolrcontaining small molecules. The
method allows for direct labeling of thiol in cdtin extracts using a maleimide reactive

group. To test the protocol, reaction of GSH wt{2Aminoethyl)maleimide was
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monitored using UPLC/MS. Extracted ion chromatoggdEIC) showed a decrease in
substrate and reciprocal accumulation of produgppfmental Fig. 4A, B),
demonstrating that the assay performed as expedtaeel maleimide probe was then
spiked into metabolite extracts from b&hsolfataricusndE. coli. Targeted analysis of
E. coliextracts showed native GSH was readily labeleefdliBreduction, p-value <
0.05) along with several other putatively identifihiols(Table S1), but in th8.
solfataricussamples, no native reduced thiol reacted withptiobe. GSH and N-(2-
aminoethyl) maleimide were iteratively spiked iitosolfataricusnetabolite extract, to
validate that there was no unknown interfering $mmalecule or matrix effects in the
extracts. Clear labeling of GSH standard was ofeskrconfirming that if GSH was
present at 25uM, it would have been successfully labeled (Supgletal Fig. 5).
Glutathione can exist at mM concentrations in eydic mesophiles (Smirnova et al.
2005).

To probe the metabolome 8f solfataricugor the presence of other oxidized
disulfides, a method for reducing oxidized thigsisnetabolite extracts was developed.
Using this approach GSSG was reduced to GSH byothtieitol (DTT) in a dose
dependent manner. Differential analysis of theainetome did not reveal other affected
small molecules, strongly supporting a lack of otisulfides. A concentration
threshold for the reaction was observed, below whbiddized disulfides could not be
reduced. The efficiency of disulfide reduction aged as the available GSSG

concentration decreased (Supplemental Fig. 4Cg iffdbility of DTT to reduce all
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detectable GSSG i8. solfataricusexplains why it would not have been detected

previously (Hummel at al. 2005).

NADPH/NADP' Ratio

NADPH provides reducing equivalents in anabolidypatys and facilitates
regeneration of GSH through glutathione reductBse €t al. 1983). The ratio of
NADPH to NADF in S. solfataricusvas determined using a standard colorimetric assay
(Sigma Inc.). The results showed that signifioahtfher levels of oxidized NADP
were present (Supplemental Fig. 6). While theoratioxidized to reduced equivalents of
glutathione and NADPH are not directly connectlad; provides further evidence that

related metabolite pools & solfataricusnaintain a more oxidized potential.

Genomic Justification for GSSG

The experimental evidence indicated GSSG exis® solfataricushowever,
substantial pathway annotation was missing. Wighexception of gamma-glutamyl
transpeptidase (Ss03216) and disulfide proteinayeductaseS9DPO) (Pedone et al.
2006), requisite enzymes for the synthesis of G®&rfewot known to be present.
Updated genome annotation performed by SulfoSY 84l et al. 2009), revealed an
archaeal clusters of orthologous genes (COG) tatjione synthase, lactoyl-
gluatathione lyase, and glutaredoxin-like proteiBsscovery of GSSG prompted us to
investigate these gene clusters further, with thed gf completing the synthetic pathway.
While sequence based comparisons often fail where tis high divergence, even low

identity can provide evidence of homologous striegwand activities (Heinemann et al.



67
2011). To elucidate the glutathione pathway, gémeputative enzymes were analyzed
using machine learning approaches (Dlakic et @92@hah et al. 2008). This resulted
in the identification of three genes with signifitaimilarity to those of glutathione
synthase, a protein disulfide oxidoreductase witheementally validated GSH-thiol
transferase activity (Pedone et al. 2006), andicuation of a newly annotated gamma-

glutamyltransferase (Table 3.1)



Table 3.1 Summary @&. solfataricuprotein with similarity to glutathione synthesisdametabolism

Gene arCOG Annotation arCOG # P-value
5500159 Glutathione synthase/glutaminyl transferasefalpha-L-glutamate ligase arCOE01589 2.8E-45
S500645 Glutathione synthase/glutaminyl transferase/alpha-L-glutamate ligase arC0GE014585 6.2E-39
SS02346 Glutathione synthase/glutaminyl transferasefalpha-L-glutamate ligase arC0GE01589 3.3E-37

Catechal 2 3-dioxygenase or other lactoylglutathione hyase family 0
S501223 enzyme arCOGOs037

Catechol 2 3-dioxygenase or other lactoylglutathione lyase family 0
S302054 BnZyme arCOE06037
SS02426 Lactoylglutathione lyase or related enzyme arC0G02706 SE-24
SS00192¢ Thinl-disulfide isomerase or thioradaxin (SsPDO) arCOG01218 ref [8]
SS00314 Fredicted thioredoxin/glutaredoxin arCOG04235 0
S503216* (zamma-glutamyltransferase arC0E04063 Annotated

(o)}
(0]

55001927 has been biochemically characterized and displays activity with GS5G and GSH; $503216% is annotated.
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Discussion

This report provides evidence from multiple systeéhad the ratio of oxidized to
reduced thiol irS. solfataricuss substantially shifted toward the oxidized forithis
cellular state does not appear to be maintainatblogl pathways or enzymes, but
through adjustment of the canonical redox syste&tobal analysis of intracellular
protein disulfide shows there is a substantialease in the number of fluorescently
labeled proteins after reduction, an observatioitkvbontrasts most bacterial and
eukaryotic systems (Sevier et al. 2009). Previnusstigations of thiol content in
thermophilic organisms reported an absence of tjliciae or alternatives, suchpas
glutamylcysteine found in archaea from cooler emvnents (Allocati et al. 2012, Malki
et al. 2009). We confirmed the absence of smaleoute thiol by chemically labeling
reduced thiol irS. solfataricusnetabolite extracts. However, our large scale
metabolomic survey detected glutathione in an aediform, GSSG. This result
prompted a careful investigation of tBesolfataricugenomejn which genes with
significant similarity to those involved in glutabime synthesis and regulation were
validated. Enzyme assays on protein disulfide ardductaseS$DO) fromS.
solfataricusshow that glutathione (GSH) dependent thiol-tramsfe activity is
suppressed (Pedone et al. 2006). This would fbksh/maintain oxidized protein
disulfides, because the GSH/GSSG ratio is linked36l/PSSP ratio through direct and
indirect redox transfer reactions. Connectivitcbhémical potential between small

molecules and proteins allows cells to take adwpntd substantial redox buffering
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capacity of the protein thiol pool (Hansen et &8l02, Cumming et al. 2004, Chakravarthi

et al. 2006, Pastore et al. 2003).
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Figure 3.3Results of Genomic, Proteomic and Metabolomic Itigaion Comparing
Thiol Content. Thermophili§. solfataricu€ompared to mesophilic organisms
Escherichia coliandSaccharomyces cerevisiaéBottom) Placement &. solfataricus
E. coliandS. cerevisa@é rRNA based phylogenetic tree (after 3{A) Thiol and redox
conditions typically observed in mesophilic orgamss The ratio of oxidized (GSSG) to
reduced glutathione (GSH) is much highe8irsolfataricus(B). Genomic analysis
indicates a reduced use of the amino acid cysteittee proteins o8. solfataricus
Proteomic investigation indicates that cystein€SHPin S. solfataricuoccur primarily
as protein disulfides (PSSPEombined these results promote a system-wide niodel
redox homeostasis in thermophilic organisms.

Historically, it was suggested proteins in archaege low in cysteine residues
and disulfide bonds (Ladenstein et al. 2008), botemecently evidence shows

significant disulfide bonding in thermophilic argd@a(Mallick et al. 2002, Beeby et al.
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2005, Jorda et al. 2011). In the cas&o$olfataricusthe amount of free thiol in the
proteome and metabolome is lower, and the abundano&acellular protein disulfides
are higher than bacterial or eukaryotic model oigran, prompting us to put forth a new
thiol-redox strategy (Fig. 3).

Many of the proteins frors. solfataricushow an absence of cysteine (36.5%),
but this is not surprising considering studieshairimophilic viruses which show the
membrane proteins often lack any cysteine (Menah. &008). Combined with previous
results it seems likely thermophiles utilize a moxelizing intracellular environment to
take advantage of the structural stability impatigdlisulfides. To achieve this,
thermophilic organisms need to maintain an intdatai environment in which protein
disulfides persist. In this case, a glutathiongeldathiol pool may not be appropriate as a
redox buffer. It has been previously suggestetidbanzyme A could take on this role,
but a lack of detectable levels in this study (Ri@) and others (Hummel et al. 2005)
suggests this is unlikely. An alternative expl@ats thatS. solfataricusas reduced the
role of thiol in redox chemistry, freeing disulfeléo be used extensively for
thermostability of intracellular proteins. Consist with this model is the fact that while
disulfide number is increased, the overall peragmta cysteine residues is reduced
because of the potential to form unwanted drdss Previous investigations of the
cellular response to oxidative stress lend furtlugaport to an alternative cytoplasmic
potential. We found that during periods of oxidatstress the gene encoding gamma-

glutamyltransferase (Ss03216) is up-regulated tl@gbutative protein glutathione
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synthase (Ss00159) is down-regulate& isolfataricuswhich would trigger a depletion
of the GSH poo(Maaty et al 2009).

By using an integrated analysis of metabolites@mateins, a unified model of
thermophile redox physiology is put-forth. A pothat remains to be addressed is the
role of glutathione irS. solfataricusand whether this represents an ancestral cetdde
from a time before reactive oxygen species altéredandscape of biology
(Schwartzman et al. 2005). A substantial thiollgoasts in mesophilic organisms from
all branches of life; even mesophilic archaeazdihl glutathione-like thiol pool. Based
on the placement of thermophilic archaea closbdddst universal common ancestor in
rRNA phylogenies, we suggest that thiol-based systeow used for maintaining a
reducing intracellular environment are derived fnor@tabolic pathways originally tasked

with keeping protein disulfide bonds intact at htgimperature.
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Abstract

Identifying biomarkers that are indicative of a pbgypic state is difficult because of the
amount of natural variability which exists in amypulation. While there are many
different algorithms to select biomarkers, previougestigation shows the sensitivity and
flexibility of support vector machines (SVM) makteetn an attractive candidate. Here we
evaluate the ability of support vector machine reime feature elimination (SVM-RFE)
to identify potential metabolic biomarkers in liguthromatography mass spectrometry
(LCMS) untargeted metabolite datasets. Two separgieriments are considered, a low
variance (low biological noise) prokaryotic stresperiment, and a high variance (high
biological noise) mammalian stress experiment.dawh experiment, the phenotypic
response to stress is metabolically character@¥dl-based classification and
metabolite ranking is undertaken using a systemliiticeduced number of biological

replicates to evaluate the impact of sample sizeiomarker reproducibility and
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robustness. Our results indicate the highest ratkedf metabolites, the most predictive
of the physiological state, were identified by S\RFE even when the number of
training examples was sma# 8) and the coefficient of variation (CV) was high0.5).
An accuracy analysis shows filtering with recurdieature elimination measurably
improves SVM classification accuracy, an effect tegpronounced when the number of
training examples is small. These results indidaa SVM-RFE can be successful at
biomarker identification even in challenging scémskvhere the training examples are

noisy and the number of biological replicates i8.10

Introduction

Cellular life utilizes a wide range of metabolicgulotypes to survive in different
environments. These phenotypes can be discrimineieg liquid chromatography mass
spectrometry (LCMS) based untargeted metabolitél@sowhich are sensitive to a wide
variety of environmental influences including boiikease and stress (Patti et al. 2012,
Herder et al. 2011, Serkova et al. 2011). Ultimatkeiologists would like to identify
biomarkers that link to a disease, stress, or enment, however, normal biological
variation in metabolic response can make thisdifti Support Vector Machines (SVMs)
are machine learning classifiers designed to nigi¢fae effects of noisy data and have
recently been employed for biomarker discovery giSWM-recursive feature
elimination (SVM-RFE) (Lin et al. 2011, Guyon et 2002). Results indicate that SVM-

RFE works well when the number of training samjpesmall and the number of features
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is large (Lin et al. 2011, Guyon et al. 2002), hweere further investigation into the effect
of total sample number on experimental resultsasganted.

When used for biomarker detection SVM-RFE is emgtbgs a backwards
elimination algorithm which ranks metabolites bgitrability to accurately discriminate
two phenotypes. In this way SVM-RFE creates a ragkiystem, where the features best
at discriminating phenotype are ranked higher teas informative features. This
ranking system is convenient for biomarker discg\ar it ranks based upon predictive
accuracy. Unfortunately, it is difficult to detemei if a sample population is of sufficient
size to identify accurate metabolic biomarkersadarger population. While SVM has
been highly successful when applied to datasetslaige numbers of training samples:
e.g., n=78, 42, 38, 32 (Duan et al. 2005), n=34t(Bect al. 2009), n=72 (Guan et al.
2009), and n=59 (Mahadevan et al. 2008), we arevareaof studies on biological
systems where the effect of the number of traisiaugples is tested.

The number of biological samples accessible toarebers is often limited by the
cost and feasibility of collecting data. . Here pvevide evidence that biomarkers
selected by SVM-RFE are robust even in cases wthersumber of training examples is
low. We find the sample size has little influenecetbe top 1% of ranked metabolites
when SVM-RFE is trained with three or more sampdgsesentative of each phenotype.
The highest ranked biomarkers remain predictivenndgplied to larger populations.
Even in an unfavorable experimental scenario, wtiexdiological noise is high and the

number of training samples is low, SVM-RFE can tdgmobust biomarkers.
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Materials and Methods

Culturing of Sulfolobus solfataricus

S. solfataricusvas grown aerobically in liquid DSMZ media 182 (22 mM
KH,PQO;, 18.90 mM (NH),SQy4, 0.81 mM MgSQ, 1.7 mM CaClJ, 0.2% Yeast Extract)
pH adjusted to 2.8 with 6 M 430,. Batch cultures 08. solfataricusvere grown in long
neck Erlenmeyer flasks at &0 One liter of media was inoculated with 10 mlazf
phase (Ol 0.33) culture and divided evenly between tenfel-long neck flasks. At
(ODs¢s0, 0.35), 50 mL of each 0.25 liter culture was rgatand placed in a 50 ml falcon
tube as baseline controls;® was then administered to a final concentratioBM
(n=10). An additional 50 mL aliquot was collectedr each culture at 30 min posi®}
inoculation and used for metabolite extraction ggarmethod modified from (Maaty et

al., 2009).

Metabolite Extraction from S. solfataricus

Metabolite extraction was done using 50% aqueoly3 MeOH, a modification
from (Yanes, et al., 2011). Briefly each sample vessispended in 50% MeOH (v/v)
respectively, 1 mM EDTA, vortexed for 30s, and skmwpas frozen in liquid nitrogen
and thawed to room temperature three times. Sam@es subsequently sonicated 60%
duty cycle maximum power level for 5 min on ice €eldample was incubated 1 hr at -
20°C followed by a 15 min centrifugation at 13,000 argl supernatant was pooled. Cell

debris was washed with 1 ml extraction solventtesaed for 30s and centrifuged.
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Proteins were precipitated using 5:1 dilution wBB°C acetone and centrifuged. Upper

phase was collected and subsequently dried andgesded in 50% MeOH for injection.

S. scrofa Urine Collection and
Hemorrhagic Shock Protocol

An already established model of porcine hemorrhalyack was described
(Lusczek, et al. 2011; Scribner, et al. 2010; Mylet al. 2005). Briefly, hemorrhagic
shock was induced on 8 male Yorkshire pigs (Manitteg Farm, LLC, Elk River, MN)
while anesthetized; a blunt percussive injury ®@¢hest was created using a captive bolt
device followed by withdrawal of blood (35%) froimetinferior vena cava. Final trauma
was induced by two crush injuries created in therlparenchyma. To secure urine
sampling, a Foley catheter was placed in urinaagdbér during the surgery. Baseline
urine samples were collected prior to inductiostodck; urine shock samples were

collected after 2 hrs. Urine was kept at °8Qill used for analysis.

Metabolite Purification from S. scrofa Urine

For Sus scrofasamples, raw urine samples were spun at 10,00@xIpmin and
then supernatants (200 L) were carefully placedkimosep spin device (Pall Corporation)
equipped with 3.5 kDa molecular weight cutoff mear@s. Samples were diluted with
200 L of water and spun at 13,000 x g for 15mirteAfflards membrane was treated
twice with 100ul of 10% MeOH solution. Eventually supernatants were mixed

together and 25 L aliquots were placed in autosangil4C.
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Untargeted LCMS Analysis

Analyses were performed using an Agilent 1290 URhGpled to a 6538 UHD
Accurate-Mass Q-TOF (Agilent Technologies). Theteiyswas operated in positive
electrospray ionization mode. Vials containing agted metabolites and standard
mixtures were kept at -80°C prior to LCMS analySissolfataricusnetabolites were
separated using a Phenomenex C18 column (Kinétimm1100A, 150mm x 2.1mm)
using a flow rate of 500l/mirs. scrofametabolites were separated using an Agilent C18
column (Zorbax RRHD Eclipse Plus 1.8 m, 150mm »#tri) using a flow rate of
700l/min. In positive ionization mode, A = 0.1%tiwic acid in water B = 0.1% formic
acid in acetonitrile, temperature was maintainesi0a€C for separation. Fd3.
solfataricus,a linear gradient was used 100% A (0 - 2 min) 8%B with an injection
volume of 15 L. FofS. scrofaan optimized step gradient was used 2%B (0 — 2,rRin
22%B (2 - 29min), 22 — 92%B (29 — 36 min), 92%B {387 min), with an injection
volume of 20I. ESI conditions were modified fromap¥es et al., 2011) gas temperature
300°C, drying gas of 12 L/min, nebulizer 55 psig, fragmor 120V, and skimmer 65V.
The instrument was set to acquire over the m/ze&@g1300 with an acquisition of 1
spectra/second. Data was visualized and convestetztiata format using MassHunter
software package (Agilent Technologies). Data pgsicey was done using XCMS
software, small molecule characterizations wereedgsing the Metlin database (Patti et

al. 2012, Smith et al. 2005, Tautenhahn et al. 2008
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Principal Components Analysis
and Hierarchical Clustering

Data visualization was done using principal commb@alysis (PCA) and
hierarchical clustering (hc) to visualize the grimgpof the samples. For each sample (S.
solfataricus and S. scrofa) control and treatnfeG#\ analysis was done using R
functions prcomp for calculation of principal conmemts and hc with R function hclust
for calculation of dendrogram (fig.1). PCA wasualized using rgl library (R

Development Core Team et al. 2012).

Evaluation of Variation

To estimate the degree of biological variation oisa in samples of each datasets,
the coefficient of variation (CV) of ion intensityas calculated for all identified
metabolites across replicates in each experimeatalition as the standard deviation
divided by the mean. A frequency plot of the CVrigecalculated was created, one plot
for each condition (fig. 2). This evaluation hasethpurposes. First, it reveals any
imbalance in biological variation across experimaénbnditions being compared in a
given dataset. Second, it reveals the degree ®bthlogical variation. Third, it allows a
direct comparison of the biological variation o$tinct datasets, such as escrofa

hemorrhagic stress ai®l solfataricuxidative stress datasets.

SVM-RFE Data Processing

A reference implementation of the SVM-RFE algorittawailable from the Weka
machine learning toolkit (Hall et al. 2010.) wadsdor this project (class

SVMAttributeEval, used with default parametersheTunderlying SVM classifier that
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was used has a linear kernel as in (Guyon et 8220n short, SVM-RFE is based on
SVM, a set of related supervised learning methaesl dor classification and regression.
Briefly, an SVM algorithm will represent objects @@ints from various classes in a n-
dimensional space (in our case, objects are sarfiplaseither control or treatment
condition, classes are either ‘control’ or ‘treattigand n is the number of metabolites
identified in the corresponding dataset). SVM whkn construct a hyperplane which
maximizes the distance to the neighboring pointsath classes. SVM-RFE works by
iteratively training SVM to discriminate controbim treatment samples, identifying the
features (metabolites) most informative for thiscdimination, removing features that are
least informative, then repeating the process thi¢hnew, reduced dataset. The end result
is an ordering of the metabolites from most totleiscriminative of the two conditions.
To assess the robustness of the SVM-RFE algorititmrespect to the number of
replicates of control and/or treatment conditidhs, following procedure was
implemented. Starting with a set of 10 control seem@and 10 treatment samples, the
SVM-RFE algorithm was used to produce a rankedfishetabolites for all
combinations of numbers of control and treatmentas from ten of each (20 samples
total) down to one of each (2 samples total). Th@nany given numbék of samples in
either control or treatment conditions, leltombinations of samples were explored. A
total of 1,046,529 runs of the SVM-RFE, were perfed on a high-performance 11-
nodes computer cluster. Merit scores of all metéshcross all sets of control and
condition samples were aggregated to report thenraed standard deviation (for any set

(n, m of numbers of control and sample samples, thenmezit and standard deviation
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for any given metabolite was calculated by aggiaganerits across afl-combinations

of all m-combinations).

SVM-RFE Model Validation

In order to validate the classification models anddsequent compounds ranking
produced by the various SVM-RFE runs, the top 1%, 50% and 20% of the
compounds ranked by SVM-RFE were used to train &l $Mssifier to discriminate
between control and stress treatments. The classidns.SMO from Weka was selected
as the reference implementation and used with ftgfatameters. For comparison, an
additional SVM training was performed using thegoral list of compounds (100%).

Leave-one-out cross-validation was performed togumeovertraining.

Results and Discussion

Metabolites were extracted from biological reptes of the archaeal microbe
Sulfolobus solfataricug = 10) stressed with 30 M,B, and compared to baseline after
30 minutes (Heinemann et al. 2014). In a secoper@xentSus scrofairine samples (n
= 8) were collected 2 hours after hemorrhagic stesakcompared to baseline. Molecular
features were extracted using XCMS (Tautenhahh 2088). To allow the comparison
of multiple replicates and experimental conditiomsly those features present in all of
the biological samples were consider8dgolfataricuss 795,S. scrofa= 1,312).

Principal component analysis (PCA) grouping shoaeldgree of conservation in

phenotypic response when comparing the stresdeaiseline conditions for both
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experiments, however hierarchical clustering shogrediping forS. solfataricusvas

much better than S. scrofa where the phenotypmorese was more ambiguous (fig. 1).
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Figure 4.1 PCA Plots and Hierarchical Clusteria) ten biological replicates &.
solfataricus before and after 30 mMJ, stress and (b) eight biological replicates from
S. scrofabefore and after induction of hemorrhagic shock.

The coefficient of variation (CV) of relative abuartte was calculated for each

metabolite. The population CV for baseline andsstreas plotted for each experimental

condition (fig. 2). The average CV for tBe solfataricupopulation was less than half
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Figure 4.2Coefficient of Variation (CV) Plots for Metabolite@) S. solfataricusand (b)
S. scrofagraphs show the CV in metabolite abundancesS (aplfataricuCV plots
from baseline samples (gray) versus stresseddjyinitajority of features have low
variance (CV < 0.1) (b%. scrofavariation is considerably higher, (average ~ 0.5)
shocked (white) have a distinct shift in CV fronsébne (gray).

that of S. scrofaindicating the two sample sets provide both arciend noisy example
of biological variation.

SVM-RFE was designed to output a rank for each bodita based on the power
to discriminate two sets of samples from distinqiegimental conditions. A known
problem in the application of machine learningusrraining, which can occur when the
number of features is large and the number ofitrgipatterns is comparatively small
(Guyon et al. 2002). In contrast, SVM perform padarly well with a large number of
features and a small number of training patterns/¢@ et al. 2002). However, relatively
few examples are available for the analysis of igeti@d metabolite data. Therefore, to
evaluate how metabolite ranking was affected byntiaber of training replicates,
relative intensity of metabolic features calculatisthg XCMS were directly imported

into SVM-RFE via the Weka machine learning too(Kgll et al. 2010.). Starting with all

available replicates we sequentially removed acefd and evaluated how the
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metabolite rank was affected (fig. 3). Using theMBRFE algorithm, a ranked list of
metabolites together with merit scores was genefateall combinations of metabolite
samples (i.e., sets of metabolite identifiers amdesponding abundances). This score
guantified the ability of a given metabolite foetBVM algorithm to properly distinguish
between the baseline and stressed conditionsesisethe SVM algorithm relied on a
metabolite to make this distinction, the lowemitsrit score. A common outcome was
observed in both datase®. (solfataricusandS. scrofg the highest ranked metabolites
maintained a consistent rank as the number ofit@ureplicates was reduced (fig. 3).
This provides evidence top ranked features detedhusing few replicates can be robust
predictors even in larger populations. Howeverldgizal variation had a clear impact on
the ability of the SVM to consistently rank metated. In theS. solfataricusamples,
metabolites retained their rank better tl&arscrofa(fig. 3A, B). Due to less variation in
S. solfataricusnetabolite abundance, classification accuracylvester maintained when
the number of training replicates was reduced3fig D). However, even in tH& scrofa
experiment after SVM-RFE was used to reduce theeifes, classification accuracy could

be maintained at 100% after cross-validation wherBr(Table 2).
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Fig. 4.3 Effect of Missing Replicates on FeaturelRand Accuracy. Each line represents
an individual metabolite. The different colors wesed to help visualize feature rank
when reducing the number of training replicatep (Bnked features, green:1%, violet:
5%, light blue: 10%, dark blue: 20%) (Y-axis) rawmfkmetabolites (X-axis) number of
replicates omittedAbove (a) Rank of metabolites found $ solfataricugn=10), feature
rank is consistent even after reducing the numbeggicates (>2). (b) Rank of
metabolites found i®. scrofa(n = 8), after reducing the number of replicatesrank is
affected dramatically.SVM accuracy with reduced amounts of training regiks inS.
solfataricus(c) andS. scrofa(d) grey line represents classification accuracgnvall
features are used. Accuracy appears the safesolfataricusvhether all features or
reduced numbers are used.



Table 4.1 Top ten features as determined by SVM-RFE

8. solfataricus

Rank m'z Fold P-vale
Change
1 116.0694 4.84 0
2 T0.0649 441 0
3 129.0427 482 0
4 86.0937 236 1.55E-12
5 210.0591 5328 9.08E-12
& 118.0849 1.47 4.20E-10
7 157.0310 270 0
g 4581829 4.16 3.15E-12
9 2840964 240 0
10 423.0773 1.92 1.64E-12

8. scrafa
Rank m'z Fold P-value
Change
1 192.0240 547 2.53E-7
2 361.0597 6.84 3.29E-5
3 763.3061 2:73 1.02E-5
4 303.1190 2.66 132E-3
5 546.0043 392 4 01E-4
6 3281172 294 2.15E-3
7 377.0165 8.51 2.33E-5
g 4271115 4.15 1.79E-3
9 5892185 238 4 53E-3
10 246.1489 3.85 3.02E-4

c6



Table 4.2 Training accuracy (%) of feature subsgtsn reducing the number of biological replicates

5. solfararicus

Features (%)

Number of Missing Replicates

0 1 2 3 4 5 6 T g 9
1 10000 10000 10000 10000 10000 10000  100.00 100.00 100.00 0
5 10000 10000 10000 10000 10000 10000 100.00 100.00 100.00 0
10 10000 10000 10000 10000 10000 100.00 100.00 100.00 99 95 0
20 10000 10000 10000 10000 10000 10000 10000 100.00 100.00 0
100 10000 10000 10000 10000 10000 10000 10000 99.99 9922 0
Number of Missing Replicates e
Features (%) 0 1 2 3 4 5 6 -
| 100.00 10000 100.00 100.00 100.00 100.00 98.60 0
3 100.00 10000 100.00 100.00 100.00 9994 98.47 0
10 10000 10000 100.00 100.00 100.00 99.92 97.35 0
20 10000 100.00 100.00 100.00 99.99 9954 93.75 0
100 100.00 10000 98.40 95.23 89.78 81.77 67.03 0

€6
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The urine samples provided a good example of bicébgvorst case scenario as
metabolite abundance in these samples is extremogdy in comparison to other
biological fluids (Veselkov et al. 2011). In bothtdsets, when using all features for
classification, there is a reduction in accuradyh& number of training examples is
reduced; however, if SVM-RFE is used to filter thenber of features, classification

accuracy can be maintained.

Concluding Remarks

Reliable identification of accurate biomarkers iatabolomics data can often be
problematic as the number of biological replicasesften small and the degree of
variation can be high. SVMs have been successkélatting accurate biomarkers from
noisy data in the past (Guyon et al. 2006). Howewben using machine learning for
biomarker selection in metabolomics studies, tieresk of overfitting because of the
limited number of training examples and large nundfenetabolites. Here we show
SVM-RFE has the ability to consistently identifycacate biomarkers even when trained
with a limited number of biological samples ). Our data shows that the top ranked
biomarkers remain robust even when the training as high variation. Further
improvements are possible; indeed, SVM-RFE evatueaeh biomarker independently
and as such may miss functional relationships ancongpounds (e.g., metabolites
involved in the same pathways). Other feature seletechniques such as SVM-based
forward selection (starting with a randomly seldatempound and adding to it as long as

the accuracy of the resulting classification im@®yor backward elimination
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(compounds are randomly removed followed by iteeatesting for changes in the
accuracy of classification) combined with a propeuristic (Hall et al., 2010) will rank
sets of biomarkers, thus potentially exploit infatron about existing functional modules
in the cell. Still, the culmination of these resuduggests that use of SVM-RFE for
biomarker selection is highly appropriate and caretbectively applied to biological
experiments when there are a limited number of sangplicates. It has been shown
that SVM performs similar to other machine learnmgthods for feature selection
including genetic algorithms and random forest (iral. 2011), therefore these methods

may be similarly appropriate in feature selectiathwmited replicates.
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Abstract

The real-time quantification of changes in intrbdar metabolic activities has the
potential to vastly improve upon traditional tramgtomics and metabolomics assays for
the prediction of current and future cellular phigpes. This is in part because
intracellular processes reveal themselves as spésmporal patterns of variation in
metabolite abundance that can be detected withirgxisignal processing algorithms.
While metabolite abundance levels can be quantifiethass spectrometry (MS), large-
scale real-time monitoring of metabolite abunddmae yet to be realized due to
technological limitations for fast extraction of takolites from cells and biological
fluids. To address this issue, we have designedttfluidic-based inline small
molecule extraction system, which allows for contins metabolomic analysis of living

systems using MS. The system requires minimalrsigsen, and has been successful at
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real-time monitoring of bacteria and blood. Featbased pattern analysis of E. coli
growth and stress revealed cyclic patterns andcéstable metabolic trajectories. Using
these trajectories, future phenotypes could beredeas they exhibit predictable
transitions in both growth and stress related ceangHerein we describe an interface for

tracking metabolic changes directly from blood elt suspension in real-time.

Introduction

Evidence suggests metabolite abundance exhibitseplike behavior when
studied over time (Schmidt et al. 2011). Thisestidescribed in yeast, where glycolytic
and other general metabolite oscillations are wlelkiumented (Richard et al. 2003).
Metabolic oscillations have also been observedaictdyia (Levering et al. 2013), plants
(Farre et al. 2012, Henson et al. 1990), inseatby®mmler et al. 1980), mice (Dahlgren
et al. 2005) and humans (lotta et al. 2010, Betgenst al. 2002, Obrig et al. 2000).
Despite the potential value to systems biology ardkeeper understanding of metabolic
networks in general, little effort has been madeobserve these oscillations using
traditional metabolomics. Current analyses geheffalcus on fold change values at
distinct time points, similar to transcriptomicsRMNA) and proteomics (protein) studies
(Patti et al. 2012, Macounova et al. 2000). Melism@abundance can change rapidly in
response to even small perturbations, suggestiag ithportant metabolic regulatory
changes occur that current experimental and equipe®t ups cannot capture due to low
time resolution. Generally speaking, time courseal@ic experiments are several

orders of magnitude slower than the capability eh@dern mass spectrometer (MS) to
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collect data. This is because the rate limitingy $t& long term metabolite monitoring is
the extraction of metabolites and their subseqoemiputational interpretation.

The integration of lab on a chip technology (LOG)wmmass spectrometry (MS-
LOC) has the potential to revolutionize biology 8yectly integrating living systems
with real-time computational analysis. LOC funogsohave the ability to extract and
selectively separate metabolite and protein bioerarkrom biological fluids for MS
abundance measurement (Schilling et al. 2002)s Tifakes MS-LOC an ideal candidate
for real-time computational analysis of living systs, and while MS does not share the
computational speed of microprocessors (GHz), & hdz detection rates making it
compatible with the current timescale of paralletiZ OC valving (Melin et al. 2007).

Liquid chromatography mass spectrometry (LCMS) Udasentargeted
metabolomic profiles provide an excellent source pifenotypic information, as
phenotype specific patterns emerge from the queatibn of thousands of molecular
features which change in response to time andss{fEmutenhahn et al. 2012). The
majority of LCMS features are not easily identifielowever, they still carry
reproducible biological information which can beemtified with pattern recognition
algorithms. These algorithms allow us to predalgvinterpret the relationship between
abundance patterns and phenotypes. Using a sthnelsystem, metabolomic patterns
could be used to monitor phenotypic transitiongeal-time. However, one technological
breakthrough which has inhibited metabolomics &al4time physiological analysis is an

automated system to continuously separate the wilégtsghfrom a physiological fluid.
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Here, we have engineered a system for extractiradl snolecules from
biologically relevant fluids using a microfluidi@abed metabolite extraction chip (MEC)
which is directly coupled to a mass spectromeldrs technology facilitates continuous
automated biomolecule extraction, dramatically@asing the temporal resolution
compared to standard metabolomics studies (Beak 2011). Analyses of cell growth
and perturbation studies demonstrate the poteotighetabolic forecasting using the
MEC (Box et al. 1976). This will vastly increasitige information recovery from
metabolomics experiments through the detectiorsoiilating metabolic transient states.
The overall setup is semi-supervised and can bealtmd wirelessly providing a
framework for cloud based computational analysd r@al-time predictive

metabolomics.

Materials and Methods

Metabolite Extraction Chip

Rapid prototyping of the MEC was achieved usingrttethod described by Duffy
et al. 2008 (Duffy et al. 1998). Polycarbonate asdior polydimethylsiloxane (PDMS)
(Sylgard 184, Dow Corning) chips were fabricatedaimini milling machine (Grizzly
Industrial Inc. Model G8689). The PDMS layer foetMEC was mixed at a ratio of
10:1, and was cured in a vacuum oven for 4 houB5&E. MEC were then sealed with
oxygen plasma (MARCH etcher, Nordson) to a glagtesIPEEK Tubing with 1/32”
outer diameter 0.005 mm ID (Upchurch) was inseded sealed into a modified 18 Ga

needle (Supplemental Figure 1) using PDMS as dtuenterface with the MEC. The
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design of the chips was inspired by Bhagat et @082 but optimized for diffusional
separation of small molecules from cellular lyséBdagat et al. 2010, Bhagat et al.
2008). The fabricated MEC consisted of a five ltmgmarithmic spiral microchannel with
two inlets and two outlets (Figure 1). The spiratitan outer diameter of 17.78 mm, and
an inner diameter of 7.62 mm. Each port was 2.54 imaiameter, the inlet and outlet

channels were 250m wide, with the central microchannel 506 in width. All port and

channels heights were 10-juth.

Metabolite Samples

E. coli strain BL21(DE3) was grown in Luria Bertani (LB)edia (10 g tryptone,
5 g yeast extract, 10 g NaCl, pH=7 per Liter) inchamode at 25 C with a beginning
volume of 49 ml. Cultures were started by additmn500 ul of E. coli that were
precultured to a cell density 2.96 x*1@lls/ml (Volkmer et al. 2011). Ovine whole blood
was collected in a sterile vial spiked with (2.6nf/ EDTA to prevent coagulation and

injected directly onto the chip without any addiib processing.

Mass Spectrometry

The oxidized glutathione (GSSG) diffusion experitn@as performed on an ion
trap (6340, Agilent Technologies). Analyses werdgrened using an isocratic flow
(1100 HPLC, Agilent Technologies) of pldmin (50% A = 0.1% formic acid in water,
50% B = 0.1% formic acid in acetonitrile). Thessm was operated in positive
electrospray ionization mode. In MS mode, the maxmaccumulation time was 500

ms, scan range of 50-2200 m/z, and averages = 3n&ltiple reaction monitoring
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(MRM), masses were selected and isolated for M&(ih) a width of 4.0. For E. coli, a
direct injection of ~30-592 cells (OD) generateatstactory signal in an injection
volume of ~2ul. ESI-TOF analyses were performed using an &excflow (1290
UPLC, Agilent Technologies) of pmin (50% A = 0.1% formic acid in water, 50% B =
0.1% formic acid in acetonitrile) coupled to a QH ®538, Agilent Technologies). The
system was operated in positive electrospray itimizanode, using extended dynamic
range (50-1700 m/z), 1 scan per second. For E.didct injection of ~148-2960 cells
in an injection volume of ~1(l generated satisfactory signal, without saturatirggchip
or MS.

Interfacing the Metabolite Extraction
Chip and Mass Spectrometer

MS for metabolomics is typically setup in tandenthwliquid chromatography
(LC) for separation of the complex mixtures of shmblecules. However, our system
utilizes an isocratic LC flow through the MEC att taines with periodic direct injections
of sample into the continuously flowing stream. ®™peed, volume and periodicity of
each injection can be adjusted using the syringmppUNE-4000, New Era Pump
Systems Inc.) whose control is synced with the &@MXP-9900, Rheodyne) using an in
house program designed with labview (National lmsgnts). Small molecule diffusion
was controlled by adjusting the passive flow rdieuwgh the chip where slower flow
rates allowed greater diffusion across the chanrted. syringe pump valve combination
allowed for metabolomics data to be generated ¢ordinuous fashion from culture and

directly from blood. The data manifested as iontatpulses in the MS, where pulse
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intensity could be controlled by the size of injens. Pulses had a periodicity of five
minutes which was precisely controlled by the itigt cycles of syringe pump valve
combination. Testing showed that with the currerting and value set up the period

could be decreased to 3 minutes without significegradation in performance.

Data Analysis

Data was extracted using pymzML, a Python libragy high-throughput
bioinformatics on mass spectrometry data (Bald let2812). MS pulses were
approximately two minutes in length and the intgnef each m/z was summed for the
duration of the pulse and placed into a list. Focdi, m/z were manually validated with
Masshunter Qual (Agilent). The m/z intensities wengported into R where data
visualization was done using principal componerdlygsis (PCA) or plot, R function
prcomp and plot. Data was mean centered (usingiumprcomp or scale) to negate the

difference in pulse ionization abundance.

Results and Discussion

An engineered system for automated fast extractionetabolites from cellular
lysate that can operate in a continuous mode lesgt gotential to revolutionize
metabolic study by allowing direct analysis of\arlg system with high time resolution.
To realize this goal, a MEC that consisted of & foop logarithmic spiral microchannel
with two inlets and two outlets was fabricated (Fa1). During operation, an isocratic
flow of 50 pl/min (50% acetonitrile, 0.1% formic acid) was danbusly run through the

MEC and into the MS, with periodic injections ohgale into channel 2. The MEC took
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advantage of low Reynolds numbers in microfluidic environmety which enabled o
system to diffusively extract small molecules froall lysate without turbulent mixg

(Atencia et al. 2005).As the injected sample traversed the MEC, diffusibsolute

L2 ; e A "-; . (I N 3
Figure 5.1Diffusion of Small Molecules on Metabol Extraction Qip (MEC). (a)

PDMS chip, (b) inletport 1: 25% ACN, 0.1% FAport 2 cell lysate and (coutlet: MS
extracted metabolites to mass spectrometer andaretlebris tcW: waste
moleculedrom channel 2 to channel 1 occurred (Figure 1By.design, only sma
molecules displayed rates of diffusion that allovaegignificant accumulation in tt
channel directed for analysis. The outlet of theQvdent the majority of the samy
(cellular déris) to waste and the diffused small moleculesdliy to the MS fo

detection (Figure 1C). Channel diameter and flovg watimized to capture sufficie

material for mass analysis, while minimizing bujdduring long periods of continuo
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instrument opration (>8 hrs). Injection of sample into the M&@&s facilitated by a dui
syringe pump which was placed in line with-way 6 port valve (Figure Z In valve

position 1, syringe 1 was ¢

Position 1

I i 50 /kcetomtrlle
H  Syrnge1 \ 1% FA
I_ Syringe 2 *_a_ Mixer

|

J
Syringe Pump Flow - N ;l LCells.fBlood
Ace‘nonitn'le/j L\ / \
0.1%TA /

(@) [y

| Posilion 2
I— Syminge 1 =
| (-H”'
I— Syringe 2 -
I L
Syringe Pump Flow - ’ 4
/

/ \
/ @ \
: ) Mauss
(b) \x Spectrometer
. Wasle
Figure 5.2Binary Setup of Integrated Syringe Pump, Ve Solvents, MEC, and Mas
Spectrometer(a) valve is in position 1, syringe pump is setitaw from cells an:
solvents; (b) valve is in position 2, syringe puisget to pumj

to draw MS solvent (50% acetonitrile, 0.1% formic gca&hd syringe 2 the sample
interest(GSSG/E. coli/ovine blood) mixing with acetonitriiEigure 2A). In position Z

the sample was injected into the respective chaoheghe MEC (Figure 2B). Th
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periadicity of injections resulted in pulses of metabedi which were easily detected
ESI-MS.
GSSG is a good molecular target for assessinglaeBtatus as it is present
blood, during stress, disease and a (Pastore et al. 2003[f is also a micized
metabolite with a molecular weight of 612 daltong4 613.159 M+H+) see Figure

(a) (b) [MH]"

& 1.0 f A 1
s o | A / |
S 5 0 20 23

Figure 5.3Diffusion of GSSG (613.1 m/z) in MEC on E-Trap. hjections are mad
every 5 minutes in a 30 minute run. (a) Extracteddhromatogram (EIC) of GSSG.C
of GSSG standard (higher) versus EIC of GSSG siffuin MEC (lower). (b) Resolve
isotopic peaks of GSS(

Therefore, GSSG was used for testing performancehef MEC. Quantification ¢
diffusion was measured by the abundance of GSS@ciet in ech of the outlet
channels. These experiments used a set periodnoih5 and testing showed that 1
period could be decreased to 3 minutes withoutifsiggnt carryover. The MEC had
diffusion efficiency of 23.23 - 2.33% for GSSG &m channel 2 to cinnel 1 at 50
ul/min in 50% acetonitrile with 0.1% formic acid. egting showed this efficiency
small molecule diffusion to be the optimal, asrnseared that the vast majority of cellu

polymers and lysis debris had insufficient timediffuse and rmained in the wast

channel(Atencia et al. 200! preventing buildup in the mass spectrome
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To test the capabilities of our system for monitgra living system, we tracked a
growing culture of E. coli. Automated samplingaditly from the cell culture on a five
minute cycle was used. A special lysis chamberubad a voltage gap to lyse cells was
designed and tested. After use it was noticedtieaprocess of mixing the cell culture
broth with acetonitrile resulted in efficient cbisis (Supplemental Figure 2) so the
additional module was removed. The cell lysate thas injected into the MEC for
metabolite extraction and subsequent MS detect8aventy-seven small molecules from
media and cells could be detected consistentlynduhe E. coli growth (Supplemental
Figure 3). The relative abundance of select smalkcules showed both smooth
increases and decreases in abundance (Figure d/)sarilatory behavior during growth
(Figure 4B). Because each of these small moledi$ggayed unique abundance
changes over time, the oscillations were thoughietoelated to metabolic changes and
not an instrument artifact. Interestingly the tations were not smooth, but bore a
striking resemblance to the chaotic glycolytic datibns observed in yeast. Using the
abundance of the seventy-seven small moleculeadn pulse, the changes over time
were visualized using PCA (Figure 5). Time pointyevseparated in chronological
order, where each was most similar to those cldeastn time (Figure 5A, B). During
one time course the system was paused and ressdieedwenty minutes. This left a
gap in the data which appears as a void in the Biga&etime (Figure 5C). To provide
evidence that the changes in metabolomic patteeme & product of growth, E. coli was
allowed to progress to stationary phase and pwses plotted by PCA (Figure 5D). The

data now showed that sequential samples were mgetaearly distinguished by
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229.1511 288.1872 293.9735 632.3955

Figure 5.4Change in Metabolite Abundancever 6 hrs. oE. coli Growth, for Eighi
Small Molecules. (a) Abundance changes of four of smalemues which exhibi
smooth transitions over time. (b) Abundance chaogésur small molecules whic
exhibit oscillatory changes over tirr
temporallinkage. Combined the PCA analysis revealed tieygeddent patterns could
clearly distinguished in the growing E. coli culs

Replicate cultures of the same cells under sineiteaditions would be expected
have similar metabolic fingerprintnd somewhat reproducible changes over time
test that this was in fact the case, data fromrthependent batch cultures of E. coli w
analyzed together. A PCA plot of the data showeadl ttirere was distinct conservatior
the trajectory of individal plots, however, the beginning and ending padiftered
(Figure 5E). This variation is probably due to faet that cells used to inoculate
batch culturewere taken from a continuous cultureliéferent days. The goal of 1

experiments was nod minimize the variation between growths, buttsiéad obsen

the natural variation of the organism devoid ofcs&xperimental control. In this w
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Figure 5.5Real-Time Analysis ofE. coligrowth by MS. Coloref PCA indicat
sequential subsets of time points. (a) Periodiecitipns of cellular lysate onto ME
yields total ion count (TIC) as the small molecudes detected by the MS (left
Difference in TIC depending on injection time pofnght). (b) PCA of fifteer
seqiential time points during growth. (c) PCA of fiftyne points during growth, re
circle indicates missing time points when syringenp ceased injections. (d) PCAE.
coli in stationary. (e) PCA of three growth replicatesch represented with a drent
color. (black) 8.5 hour growth, (red) 8.5 hour gthw(green) 6 hour growth, stress

with H,O; after 4 hours, resulting in a different trajectorythe plot indicated with re
circle.
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the degree of conservation could be attributedatamal metablic constraints not hume
experimental control. In order to test if smalhofges in the metabolic state of the ¢
could be detected, 1M hydrogen peroxide was added to one replicateemtiddle of
the run. A change in the trajectory of the gih can be clearly seen (Figure 5E). -
time points after the addition deviated from theosthly curved overlaid trajectorit
before stress.

Plots in the abundance of the 77 small molecules time were compared to fir
consistencies between the threplicates and difference which could be indicat¥
stress. Temporal changes in small molecule abwedarre conserved across th

different growths (Figure 6)This explains the similar trajectories presentethe\PCA

70.0643 _110.0709 » 120.0788] 147.1102] 148.0578] 156.0742| 166.0834| 175.1164[205.0932 | 132.0998
T : MY o Y L | "‘f"li!'fl
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Figure 5, 6Change irbmall Molecule Abundanceunng E. coli Growth for Ten Smal
Molecules in three growth replicates. Abundance gbarfior nine small molecules whi
exhibit similar changes over time with the exceptid 132.0998 m/z where a decreas
abundance appears déccur in response ta,0, stress.

above. However, markers of stress are also present. &aeire at 132.0998 m/z w
present in all growths, yet had a very differeniradance after the addition of hydrocg
peroxide. Combined, this evidence demcates this system is suitable for automz

monitoring of metabolic processes. It is capabilguockly identifying growth pattern

and phenotypic changes such as those caused atigridtress. Further developmen
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this technology could be especially useful for éasgale monitoring of cell culture during
mass production of pharmaceutical therapeutics @otein nanomaterials (Huang et
al.2012).

The ability to monitor metabolic regulatory pattercould have implications far
beyond the scope of tracking microbial growth phgmes. This is because
metabolomics abundance data can be a highly semsib a wide variety of
environmental influences including both disease stneks (Patti et al. 2012, Herder et al.
2011, Serkova et al. 2011). Therefore a miniagarigystem such as the MEC used here
could one day be used for extracting detailed médron about the human body. Real-
time monitoring of metabolic patterns from a popiola could allow preemptive
identification of disease and/or monitoring of phaceutical intervention. To test the
applicability of the current MEC setup and datalgsia for mammalian metabolic
monitoring, samples of whole blood were analyz&te system injected d samples of
blood every five minutes and was successfully mmif5 hours without any problems
(Supplementary Figure 4). Over one hundred smaleaules could be detected. The
system was capable of monitoring for extended periof time, but because we were
analyzing a blood sample that was previously ct#lgccompared to an intervenous

draw, no changes in metabolic activity were obsirve
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Concluding Remarks

Metabolomics technology is often used for idendifion of biomarkers that can
be indicative of disease or stress. However, mxdoe low time resolution of typical
metabolomics data it is easy to see how transibahges in metabolism could cause
erroneous biomarker identification. Here we hagsighed a system to vastly increase
the time resolution of metabolomic stddypy automating metabolite extraction from
living cells. The results indicate we can identifycillatory regulatory patterns in real-
time (while the organism is growing) from as fewthsty cells. However, the system
does have pitfalls. The direct injection of smalblatules decreases the number of
molecular features we can see. Typically hundtedtousands of small molecules can
be viewed with MS when chromatography is used,doutsystem is limited as we only
detected between ~77-100 small molecules per injctiThis shortcoming could be
overcome by integrating fast chromatography betwepttions, as injections only take
place approximately every 5 minutes. In additibwe, system is very large would need to
be miniaturized for portable use. Portable cajgbdould be close however, as most
functions already exist in miniaturized forms irdilg microfluidic pumps, valves and
mixers, and MEMS mass spectrometers (Syms et 8R)20Here we have provided the
first system for observing real-time metabolomittgras from a living system and raise

the bar for future metabolomics time course study.
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CHAPTER 6

CONCLUDING REMARKS

The results of this dissertation have reinforcexwealth of biological
information which can be gained through the integreof multi-omics datasets. Here
we describe the integration of these datasetstivtimodel thermophil®. solfataricus
which shows both convergent and divergent propettieorganisms located in other

domains of life. Interestingly, large parts of@aganism’s genome are thought to
be the result of proviral integration andSnsolfataricusve see a portion of the genome
which still remains similar to the virus. The prms contains similarity to viruses from
all domains of life, indicating viruses share a coom gene pool. The sequence level
similarity between the provirus major capsid pnotand that of the encapsulin families
seems to provide evidence of a viral origin fosttaimily of proteins. Providing support
to the theory, that many viral proteins have beswpged by the host for novel functions.

In addition, the study of oxidative stressSofsolfataricuscombining the
proteomics, metabolomics and genomics of this asgangives an example of a
biomolecular system which has been adapted to seceenpletely divergent role in
thermophilic organisms. That is, typical thioldigle ratios are maintained to favor the
reduced thiol which protects against oxygen frelceds. In thermophilic organisms
such asS. solfataricust appears the thiol/disulfide ratio is skewedawor disulfides, a

characteristic which appears to increase the gabflproteins at high temperatures.
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The successful integration of omics technologyledgo questions on how
emerging omics technology may further revolutioroze insight of biological processes
and thus improve healthcare and quality of lifeaditional omics experiments can be
referred to as “fishing expeditions” where the iatlon of a cellular phenotype is caused
by a perturbing agent, i.e. the oxidative stresS.®olfataricu®r hemorrhagic shock in
pigs. When analyzing the data we seek to findelgelated metabolite, proteins or
transcripts, in order to find which biomolecules ap or down regulated in response to
the stress. This strategy is useful for generatigdgmentary insight into biological
processes, however does not generate data whidjueanify the relationships between
interacting biomolecules. The development of teak capability in computational
systems begs the questions “can we observe metaloslin real-time, and what would
be the potential benefit of real-time computaticaalysis?” In this dissertation, |
answer these questions. In tiAgplication of support vector machines to metabadsm
experiments with limited replicates’explore the information yield in metabolomics
patterns. Here we see that even in inherentlynoiargeted profiles we can see
conservation of metabolic response to stress. iMpertant part is that we only need a
few metabolic replicates to find these conservadli@s. This may not seem significant
in its singularity however when you combine it wikie results from the other
publication,“Real-time digitization of metabolomics pattermsm a living systemive
have the ability to monitor patterns associatedh @isease or stress in real-time. Why is
this significant, and what is the next step? He@n example of a timing device for

digitization of biological components. In the MEBgstem, the chip separates pulses of
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microbial lysate or whole blood into binary puls@he frequency of these pulses can
serve as a uniform timing system for functional mpatation of biomolecules in a
microfluidics chip, where each pulse is timed aad be processed with different fluidic
functions following its transformation into a puls€he frequency of these pulses can be
modulated to ensure compatibility with a wide varief biosensors. Therefore, the
future of this research lies in the developmergpeEcific biosensors and the structuring

of a kernel for assembling the data into a compartat form.
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Figure S1: Alignment of hypothetical protein S502749(G15899464) with Virus-like particle (GI:146387236) from Pyrococcus
furiosus. * denotes identity; : and . denote homeologous substitution.
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Figure 54: Results of SDS-PAGE of the component protein of Ss-vlp. Samples were
fractionated by SDS-PAGE on al2.5% polyacrylamide gel and stained with Coomassie
Erilliant Blue. Lanes A, Prestained molecular mass markersiDaj; lane B, lysate from a cul-
ture of 55P2; and lanes C, D, E are fractions collected across the SEC peak in observed
for purified Ss-vlp. The band of Ss-vlp protein, with a molecular mass of approximately

39 kDa, isindicated by an arrow.
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Figure 55: CQuality assessment of the pseudoatomic models of the Ss-vlp (MCPs) from 5s82
provirus. Quality of the generated models as well as that of the template usad for structural
modelling was evaluated using ProSf-web athttps://prosa.services.came.shg.ac.at/
prosa.php. The quality (Z) scere of the modelled Ss-vlp protein is displayed in the context of
the Z-scores of all experimentally determined protein structures available in the Protein
Data Banlk. Every dot represents a distinct structure solved by X-ray crystallography (light
blue) or NMRE {dark blue). 1 {Blackcircle) Ss-vlp model based upon BV crystal structure
(PDE id: 2E0Z, Z-score: -2.96)
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Figure 56: Structural comparison of Ss-vlp (model}, B furiosus PAV, T. Maritima encapsulin and HEK97
virusgps. Structural alignment of Ss-vlp (yellow), PRV (white), encapsulin (magenta) and gp5 (blua).
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APPENDIX B

SUPPORTING INFROMATION FOR CHAPTER 3
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A : Extraction using 60% ethanol {agueous)
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Supplemental Figure 1 Extracted ion chromatograms of 250 most abundant
features: 30min linear-gradient 0-100% ACN on Phenomenex C18 column. Greater
representation of hydrophobic small molecules are seen in metabolite samples
extracted with a higher percentage organic solvents (C = B = A). Methods are highly
complementary and when combined cover a significant percent of total metabolites
in 8. solfataricus (Kinetix 1.7u C18, 100A, 150mm x 2.1mm).
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Supplemental Figure 2 Metabolite profiles depends on growth state and media. A) Base
peak chromatograms (BPC) of metabolites from 5. solfataricus harvested at stationary
(red) or mid-log (green). Analysis used a HILIC {Cogent Diamond Hydride) column. B)
Metabolite extraction S. solfataricus cells grown to the same optical density (OD) in media
1 {green), and media 2 with 0.1% glucose (blug)
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Supplemental Figure 3 Oxidized glutathione within metabolite extracts from fgnicoccus hospitalis. (Top)
extracted ion chromatogram of 613.15 (GS5G) from metabolite extract (green), with retention time comparison
with GSSG standard (blue). GSH itis present in the unlabeled state, but near the level of detection. (Bottom)
Mass spectrum from the elution peak at 4 minutes showing the expected m/z for GSSG.
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Supplemental Figure 4 Mass spectrometry based detectionand chemical modification of GSH and
GSSG. (A) Labeling of Glutathione (GSH) with N-(2Aminoethyl)maleimide causes product formation.
Glutathione (GSH) [m/z : 308] extracted ion chromatogram (Black); Product [m/z : 448] extracted ion
chromatogram (Gray); (B) Labeling of GSH with N-(2Aminoethyl)maleimide results in product formation,
as amount of N-(2Aminoethyl)maleimide is increased, productamount increases and GSH decreases
linearly. (C) GSSG reduction in S. solfataricus metabolite extracts treated with dithiothreitol (DTT), x-
scale is exponential.
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Supplemental Figure 5 Labeling of reduced glutathione with N-(2Aminoethyl)maleimide within metabolite
extracts from S solfataricus. (Top) Base peak chromatogram of metabolite extract (purple). Extracted ion
chromatogram (EIC) for [mfz 448 144] corresponding to reduced glutathione (GSH) + N-(2Aminoethyl)
maleimide conjugate (product of labeling reaction). GSH itis present in the unlabeled state, but near the level of
detection. (Bottom) Mass spectrum from the elution peak at 21.8 minutes showing the expected m/z for labeled
GSH. Retention time was confirmed with a standard.
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Supplemental Figure 6 (Top) NADPH standard curve. (Bottom) Absorbance for
correlation of cells extracted at mid-log and stationary phase to determine NADPH
levels according to protocol (Sigma). The amount of reduced NADPH was below
the threshold of detection of the kit

Table 31: Putative identifications for small molecule thiols labeled in E. coli
extracts spiked with 2Aminoethyljmaleimide

Name Mass Fold Change P-value
Glutathione 3070838 18 79601457 0048054
L-Cys-Gly 178.0412 inf* 0039185
Glu Cys Ala 321.0995 42 34292754 0.010958
Cys Met Gly 309.0817 248 9864284 0042244

Inf* designates labeling dropped molecule below threshold of detection (Kinetfix 1.7u C18,
100A, 150mm x 2. 1mm).
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Supplementary figure 1: Custom made macro to micro interfacing using 1&h&eadle
and 1/32 inch PEEK tubing. (a) Tip of 18 Ga neeudhs ground down flat and PEEK
tubing was threaded into needle. PDMS was curnedtap of needle to create an airtight
seal. (b) Needle was pushed into ports in PDMS fdrigasy interfacing to syringe
pumps and MS.
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Supplementary figure Rysis of E. coli cell in the presence of acetofatr{a) Cells
viewed through phase contrast microscope (1000xAfter exposed to AC
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Supplementary figure 3: Normalized abundance of 77 small molecules over time (~ 6 hrs, 34

timepoints).
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