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SUMMARY

As a key component of the adaptive immune response, T cell lymphocytes are
widely studied but often difficult to isolate and visualize for experimentation with single
cell resolution. Intracellular signaling upon activation of the T cell recdptaantigen
presenting cellss necessary for proper immune function. The resulting cytosolic calcium
(C&*) concentration has been shown to oscillate, differentially encoding downstream
transcription factors. Activation also requires the concurrent signadf hydrogen
peroxide (HO2) and C&', with implications on protein and channel functions between
these networks. Frequency response analysis, originally developed in control engineering,
has been shown to be useful for analyzing biological systems e ais to probe
intracellular C&* dynamics in the frequency domain to better investigate the relationship
between HO, and C&". To enable singkeell studies of intracellular T cell signaling
dynamics, we first developed computational and microfluidic tools necessary for single
cell trapping, imaging, and analysis. This novel platform provides a systematic approach
for analyzingT cell signaling in the frequency domain and is applicable for assessing
many biological questions.

Stimulation with oscillatory EO. solutions identified specific input frequencies
that facilitate entrainment of &asignaling. We observed heterogengaasponses of
cells upon stimulation with dynamic 282, illustrating the necessity of singtell
analysis to understand the realm of potential responses and ultimately better identification
of diseased states. Jurkat T cells were found to respond sobugtiput oscillations of
2.78 mHz frequency, corresponding to a period of 6 minutes. The resulting transfer

functions for subpopulations had different characteristics, mainly in the damping

XV



coefficient. This illustrates the potential for high and lowpoexling cells to display
different filtering characteristics to28. signaling upon T cell activation.

We extended this analysis and switched the input and output signals such that
cells were exposed to oscillatory Taolutions and localized intraceldu HO, was
measured using two variants of the reporter protein, HyPer-sBostlation, cells were
fixed and hybridized owchip with smFISH probes, enabling us to track sivugis from
signaling events to the downstream transcriptional responserdbifies arise in Ca
stimulated HO. dynamics depending on location of the reporter within the cell; we
observed a clear reduction in cytoplasmigOtilevels while mitochondrial K> was
shown to initially increase. This difference in signaling dynamioggests different
regulatory mechanisms for €aH.0, crosstalk dependent on subcellular localization.
We report the first investigation of the downstream transcriptional response using
SmFISH analysis following oscillatory stimulation with cytoplasmic?*Csignaling.
These findings uphold our previous results with a natural frequency identified to be
approximately 2.78 mHz as our smFISH response was maximal at this frequency,
connecting the functional consequence with upstream fregiesad signaling.

In summary, we developed experimental and computational techniques to
robustly deliver oscillatory stimulation to cells, monitor the response of various reporters,
and automatically analyze these singhdl traces through time, highlighting a previously
unexplored domain of C& signaling in T cell lymphocytes. We found a natural
frequency of the system in response t®pand validated that this dominant frequency
encodes the maximal transcriptional response, indicating a functional change for

activated T cells. By visualizing the previously uncharacterize@; Hesponse to Ca

XVi



stimulation, we found differences in redorveonments between the cytoplasm and
mitochondria. Overall, through the use of innovative microfluidic platforms, localized
reporter proteins, computational models, and frequency response analysis techniques, we
were able to perturb Jurkat T cells in amprecedented fashion, uncovering new insight

into the dynamic signaling of €aand HOx.
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CHAPTER 1 INTRODUCTION

Immune response to specific pathogens includes the activation of T cell
lymphocytes, which will sosequently differentiate into effector cells and secrete specific
cytokine panels to help eliminate the identified thrggt Ca&* has been shown to
increase upon stimulation, with heterogeneous, dynamic, and spatially localized
responses seen across a population of (lsVith such complex signals, it is difficult
to (1) understand the possible responses, and (2) correlate these with downstream
effectiveness. Successful Elcactivation includes the concurrent signaling of multiple,
interconnected molecules such as?Cand reactive oxygen species (ROS), yet the
spatiotemporal resolution of this signaling has not been fully charactgé8ized

ROS such asH>0. and superoxide act as secondary messengers within the cell
and are involved in numerous cellular processes such as signal transduction, protein
expression, and gene expressjdn5]. Modification of ROS production and regulation
within the cell has been implicated in many diseases such as cancer and autoimmune
disorders and ts poses a relevant target to styéyl3]. ROS can be produced in
distinct locations within the cell and act locally; yet most studies of ROS production
currently consider global averages within the cell. Furthermore, these values are often
obtained with techniques that only allow for population averages through Itifnas
been shown that ROS may tune’Csignaling, providing evidence that €aroteins ad
channels are redox sensitive and modification helps orchestrate the complex behavior
[14]. Through the technologies of microfluidics and computational modeling, it is
possible to study individual cellsrtbugh time and elucidate key network features and

fundamental phenotypic differences between cells within a population.



This study sughtto understandi20; regulation and the effects abnnections
with C&* during T cell activation with the overarchingypothesisthat frequency
response analysis provides a novel understanding of the complex signaling né&tweork
main rationale for this work is thatinglecell analysis ofH.O, production andC&*
signaling dynamics in T cells will better enable understandindpefrealm of potential
singlecell responses to give insight into the underlying network of complex regulatory

factors.

1.1 Research Objectives and Specific Aims
The main objectives of thisgearch are to further develop and create new computational
and microfluidic tools for use in better understanding T cell activation by: (1) developing
the experimental and computational framework for dynamically stimulating and
subsequently analyzing simgtell signals of intracellular fluorescent reporters, (2)
measuring the filter characteristics of?Cim response to ¥D, using frequency response
analysis, and (3) uncovering localized@J dynamics in response to oscillatory ZCa
signaling while simulineously observing the downstream transcriptional response.

To address these research objectives, this dissertation has three specific aims as follows:

Aim 1: Develop computational and microfluidic tools to investigate intracellular T

cell C&* signaling: This aimsoughtto develop computational tools for characterizing
both a novel microfluidic platform capable of applying robust frequency stimulation to
individual T cells and the response of cells to these oscillatory stimuli ssiragl

molealle dyes and fluorescengporter proteinsWe created stably transfected Jurkat T



cell lines with a recently developed recombinant protein capable of subcellular
localization and KBO. tracking. Utilizing these cells and a previously developed
microfluidic device, we show the utility of singtll analysis techniques and the
multitude of responses that exist. Further, we built on this cell trapping microfluidic
device and characterizeddevice capable of dynamic stimulation with oscillatory input
signals. The initial creation of the stably transfected cell lines and methods of analysis is
reported in Chapter 3. Chapter 4 builds upon a previously developed computational
model to systentaally interrogate cellsn silico to elucidate novel underlying protein
modifications during T cell signaling. Finally, Chapter 5 discussed two microfluidic
devices and the characterization that confirmed our ability to deliver dynamic stimulation

and tghtly control the cellular environment of T cells with singkdl resolution.

Aim 2: Extract filter characteristics of T cell Ca?* signaling in response to
frequency based stimulation with HO2: In this aimwe continuedo monitorsinglecell
dynamics lirough time to more completely characterize the response?st€Ci20; in

the frequency domaif o accomplish this, we extended our analysis methods to include a
spectral analysis component that highlights frequencies of interest from catigieces,
enabling an unprecedented view into the frequency domain “fsigmaling.We used

this data to create Bode plots of the cellular response, which give an indication for cell
behavior aarss multiple frequencies samplethis visualization enabled compswn

both between cells within the populatiorhighlighting heterogeneity, and between
different experimental frequencied/e were able to derive transfer function fits to the

experimental data and partitioned the data into different subsets to visufiéirendies in



the resulting system&Ve also expanded the computational model from Chapter 4 and
created ann silico method to perturb the model to reflect experimental conditions
Ultimately, we provide a new view of €asignaling in response to oscillatory
stimulation and demonstrate the utility of computationally modeling complex kinetics to
begin understanding new aspects of the signaling network. This work is presented in

Chapter 6.

Aim 3: Characterize H202 production and transcriptional response to C&
oscillation with single-cell resolution: The goal of this aimwas to determine the
immediate response of localized®} production to C& signaling by exchanging the
input and output signals from Aim 2 such thatlceteceived a well characterized,
oscillatory pattern of C4 signaling while HO, production was measuretVe further
developed the microfluidic protocol from Aim 2 to utilize on chip smFISH methods for
downstream transcription factor measurement. Weddrtom these experiments a better
understanding of the 4@, response to intracellular €asignaling. Using the microfluidic
device, we subsequently fixed and hybridized cellsclip for measurement of
downstream transcription factors FOS and HF&hichwe could then relate to position
within the trap to compare data for cells at both timescales post stimultitn this
approach, we gained understanding for multiple levels of regulation within the cell:
immediate signaling events encoding downstreagulation of gene expression. This

work is highlighted in Chapter 7.



1.2 Significance of Results
T cell signaling involves the orchestration of a myriad of signaling molecules with
disease ramifications for temporal or spatial inaccuracies of signalingsgi@nt9].
Ca* andH.0,, two secondary messengers, have been shown to be important for T cell
activation [20, 21], but a clearunderstanding of their connections is elusive with
conventional experimental techniques. Further?*Gsignaling has been shown to
oscillate through time with differential downstream transcriptional activation dependent
on the frequency of signalinf22]. Yet these spatiotemporal dynamics have not been
explored in a systematic fashion due to technical limitations. Taken together, analysis of
this sysem requires a tunable platform for the delivery of dynamic stimulation coupled
with a frequency based spectral analysis counterpart to perturb and analyze cellular
responses that give rise to a successful immune response.

Within this work, we develop coputational and microfluidic tools to enable a
frequency response analysis approach for studying T cell activation, a platform necessary
for a more complete understanding of this complex network of signaling molecules. We
were able to model the responseCaf* to H.O», investigating the natural frequency that
exists in this signaling connection and ultimately providing models capable of generating
future experimental hypotheses. Further, we imaged the respons@®optdduction to
Ca&* using subcellular loalized reporter proteins to examine differences WOMH
response within the cytoplasm and mitochondria, providing a more complete
spatiotemporal understanding of the redox environmentudfatT cells. Finally, we
found that the natural frequency ofCaignaling identified in Jurkat T cells also elicited

the highest level of transcriptional response by combining signaling studies with



downstream transcriptional information using a single microfluidic device. Taken
together, we have highlighted the ugiliof these complementary experimental and
computational approaches in providing additional signaling information and foresee
additional applications in analyzing other fundamental signaling pathways. Future work
can also build on these platforms with apgifions in drug screens or better
characterization of population heterogeneity that may be responsible for differential

disease progression or prognosis.
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Figurel-1. Overview of dissertation.



CHAPTER 2 BACKGROUND

2.1 Immune Cells and Diseases

T cell lymphocytes are a part of the adaptive immune response and dysregulation of their
activation has been implicated in many diseased states. T cells are characterized by a
peptiderecognizing receptor, known as the T cediceptor (TCR), on the plasma
membrane. Maturation of T cell occurs in the thymus, and they reside as suspension cells
primarily in the bloodstream for activation by antigen presenting cells (APCs) to fight
pathogens and to store immunological mem@Q, 23, 24]. T cells are classified as a
variety of subtypes, each capable of produenmique cytokine repertoire to fulfill their
function within the immune syste[25-29]. When T cells are not activated appropriately,
it is thought to contribute to the progression of cancer as the aberrant cells are able to
avoid death by cytotoxic CD8T cells [30]. Dysregulation of CD4 T cells are also
associated with a host of diseases such as asffisja allergic reactions[16],
autoimmunity{17], lupus[18], and tumor immunity19].

Activation induces rapid proliferation and a change in signaling casoaddteit
gene expression and ultimately cytokine relef@. More specifically, when an APC
engages the TCR, the kinases Lck, LAT, and Zap70 are recruited to the complex to
activate phospholipasgeé o9  (-# J34Q. Once phosphorylated, PE€ c | e axMoes P11 P
generate IR which will then bind to IR Receptors (IER) and release calcium into the
cytoplasm [32]. T cell acivation is also associated with an increase in glucose
metabolism and a subsequent burst of ROS from the mitochdd@}iaAlthough not

completely understood, these molecules work in concert to help orchestrate cell signaling



and the resulting immune functions of T cells following activatiburkat T cells we
used throughout thidissertation, and experiments ev@erformed on this immortakll

line unless otherwise stated.

2.2 ROS and Calcium as Secondary Messengers

2.2.1 Mitochondria as a Source of ROS

Reactive oxygen species (ROS), such a:rand superoxide, have been shown to play
critical roles in numerous cellular processes such as signal transdddiioand
homeostatic regulatiofb]. Many diseases, such as canf@t diabeteq7], aging[8],

Al zhei mer @42, dnd sudgoarsnane disordefd3], are associated with an
abnormally high level of ROS. Mammalian cells generally maintain energy requirements
through aerobic respiration, which requires oxygep) (Or the biochemical reaction to
take placg33]. Oxidative phosphoryteon, through the electron transport chain within
the mitochondria, is a major source of botfOkland superoxide with a production rate
of approximately 5600 pumol kg' min?, depending on the current metabolic rate of the
cell [34].

Superoxide is produced as a-fypduct of complex lll in the electron transport
chain and is disproportionated te®4 through superoxide dismutases (SOD1 or SOD2).
Superoxide is unable to diffuse through the membrane, bus inblabeen conclusively
excluded from anion transportdi35]. In contrast to the limited mobility of superoxide,
H20: is able to both diffuse passively through themtrane and be transported through
aquaporins[35]. H20. and superoxide have both been implicated in a multitude of

signaling processes such as proliferation, apantaad the cell cyclE36].



2.2.1.1R0OS Signaling in T Cell Activation

Mitochondrial ROS production is necessary for T cell activation both in early stages from
NADPH oxidase productiofi37] and later stages from mitochondrial ROS production
[20, 38]. This initial burst of ROS is involved with many cellular processes during T cell
activation. HO. was found in one report to dampen the MERK activation pathway

[39] while in other reports it indirectly induces mitogactivated protein kinases
(MAPK) activation[40]. H2O, treatment of Jurkat cells elicits a response similar to TCR
engagement and it was found that protein tyrosine &i@#d>-70 was phosphorylated in

a dose dependent fashion with increasin@tHconcentrationg41]. This activation of
ZAP-70 was required for thebgerved activated ERK response upa@istimulation in

T cells[42]. Clear targets of #D> that have emerged in literature are protein tyrosine
phosphatases (PTP§33, 44]. PTPs have #D> sensitive cysteine residues in their
catalytic center that inhibits activity upon reaction witfOpl[45]. It is thought that with
PTPs inhibited, protein tyrosine kinases (PTKs) are able to remain active during early T
cell signaling initiation[45]. There is additional evidence in literature thaOkHmay
oxidize cysteine residues on PTKs directly. Examples of susceptible PTKs include Src
and Lyn, two Src family kinase§46-48]. One of the main technical limitations of
measuring these interactions is the low concentration and spddiedllized distribution

of ROS during T cell activation. Even more confounding are studies that use populations
of T cells that, upon isolation from blood, may have small amounts of phagocytes
present, which create large amounts ofOfHand can give faty results for T cell
production[49, 50]. Singlecell analysis is imperative for better understanding these

interactions.



Oxidative stress is characterized by the imbalance between ROS present within
the cell and the cell s ability to consume
with ROS[33]. The redox state of the cell is affected through the antioxidant enzyme
systems capablef reducing ROS and repairing damage caused by ROS within the cell
[51]. A few components of these antioxidant systems are superoxide dismutases,
glutathione peroxidases, catalases, and peroxiredoxins. The maimgedguaivalent for
many intracellular reactions involving these enzymes is NADPH, with the oxidized form

of NADP* [52, 53].

2.2.2 Calcium as a Secondary Messenger

Ca&" is a ubiquitous intracellular secondary messenger that holds arnplethroles in a
diversity of cells. These roles encompass biological processes from conception to death,
and are involved in proper maintenance of cells, tissues, and orgdbiéisg. Many
examples include excitable cells, such as cardiac or muscle cells, whéie fBa driver

for contraction of cell§58-60], and neurons for propagation of actipotentials[61].
However, C&' is also involved with many neexcitable cells, where it can control gene
expression and cell deafls?]. C&* cannot be chemically altered as other complex
signaling molecules can, and as a result cells must expend large amounts of energy trying
to properly chelate, expel, or localize Zdons within intracellular organelles to
coordinate signaling eveniiS85]. Many proteins exist to control calcium signaling and are
often found on the plasma or organellular membranes, a positicch allows them to

gate calcium flux by different activation means, such as voltage, ligand, or a decrease in

intracellular storaggs5, 63].
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2.2.2.1Calcium Signaling in T Cell Activation

Ca&* is critical for the orchestration of the diverse functionality of immune T cell
lymphocytes, such as activation upon antigen recognition, differentiation, proliferation,
and death[2, 21, 56, 64]. Within T cells, C& is actively sequestered into the
endoplasmic reticulum (ER) until Tell activation triggers its relea4@, 64]. When
unstimulated, T cells maintain a cytoplasmi¢Gancentration of ~5000 nM, which is
~104 fold lower than serum €aconcentrationg31]. Through the storepeated C&'
entry (SOCE) mechanism, the cytoplasmic'Qzoncentration can then rise to ~1 pM
[65] from the release of internal stores ofQaa protein channels, such asRp as well

as an influx 6Ca?* from external sources through CRAC chanijig)®1, 64, 66]. SOCE

is thought to be mediated through the endoplasmic reticulum (ER}s&asing molecule
STIM1 and a plasma membrane giat ORAIL, which is capable of forming porgs

64, 67-69]. Following stimulation, the CGa concentration can return to the baseline

within ~100 se¢65).

2.2.2.20scillatory Calcium Signaling

With such a diverse array of downstream events coordinated with the same upstream
Ca" ion, the field of C& studies is shifting to investigate the temporal and spatial
aspects of G4 signaling, taking into consideration not onhetamplitude of response,

but also the temporally varying oscillatory patt¢2i, 70]. Such a view of the system
helps to determine how specificity can be achieved despite the universality*'of Ca
signaling. In other words, specific dynamic signals can be decoded by the cell to interpret
what information a particular &" signal is conveying for the appropriate downstream

respons¢71l].
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The unexpected phenomena of cytoplasmié*@acillation is thought to be a
result of the stochastic distribution osBPwithin the membrane and the result of calcium
flooding the cytoplasm from external sourd@®, 73]. This feature of CA signaling
profiles illustrates the ability for calcium signals to produce complex signals as opposed
to molecules that produce binary state switdlé&$. It has been shown that low levels of
stimulation results in-A0 mHz C&" oscillations within the T cell74]. The importance
of these oscillations can be seen in studies highlighting differences in activation of
specific transcription factors, such as NFAT anddNH22, 32]. It is hypothesized that
Ca&* decoding is achieved through the-affi kinetics of C&* interactions with kinases
and phosphatasg§0]. Many proteins are thought to have this capability to decode
signals, such as PLE€[75, 76], protein kinase & [77], and the mitochondrial calcium
uniporter [70, 78]. Yet these molecules will show differences in @wgence on
frequency, duration of signaling, and duty cycle, demanding technology capable of
applying accurate, finely tuned input signals for large screensfs@maling. Further,
with such complex and heterogeneous signaling behavior, analysis gieehnare
required for determining the response of cells in the frequency domain, a facet of

signaling only recently explored for naxcitable biological cells.

2.2.3 Crosstalk Between Calcium and ROS

As C&*" and ROS molecules are described in isolation abeeenow shift to the cross

talk between the two signaling molecules. In muscle cells containing both ER and a
specialized organelle sarcoplasmic reticulum (SR), ROS is able to activate calcium
release channe|§9-81]. Furthermore, there are reviews that generalize these interactions

to encompass more cell typé&2-84].
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More specifically, oxidation of both ER membrane channelsR I&nd RyR,
increases the channel activity in early calcium signaling eVi@887]. It has been
shown that mitochondrial relocalization occurs during T eativation, potentially
bringing these ROS molecules closer to the area and creating stochastic modulation of the
C&"* release channel88]. Mitochondria are also noted for their ability to buffer the
increase in cytoplasmic €aconcentration through the VDAC channel during this
translocation [89 and the increase in mitochondrial Zaconcentration triggers
mitochondrial permeability transition pore opening and enhances ROS prod@djon
Two other molecules mentioned above, STIM1 and ORAIL, are susceptible to oxidation
and may implicate ROS inelng responsible for the delay in opening of the CRAC
channel[9]]. Other channels, such as SER{®%], [93] and PMCA[94, 95] have also
been shown to be affected by ROS through oxidative posttranslational modifi¢@6hns

The molecules STIM1 and ORAIL, part of the SOG&ye conflicting evidence
of ROS regulation in the literature. As reported 97|, oxidation is thought to play a
positive role in STIM1 signaling as-@utathionylation of STIM1 is thought to decrease
C&* binding, leading to constitutive actii@n of CRAC channels. However, conflicting
evidence in[98] suggested a negative role of oxidation through binding of STIM1 to
ERp57, the ER oxidoreductase, and ultimately inhibition of SOCE. Sigil@RAIL1
was reported to be both positivelg] and negativelyf14] regulated by HO». It was
shown in[3] that ORAI1 is activated in a STIM1 dependent manner after being exposed
to H.O., whereaqg14] suggests ORAIL in inhibited by oxidation of Cys195 byOH
These conflicting reports demonstrate the difficulty identifying specific roles of

molecules during intracellular signaling and highlight the opportunity for a more
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mechanistic way of analyzing these events through a systems biology approach of
investigating the cross talk between calcium and ROS.

For ths project, we used microfluidic platforms to garner sirggé data to be
used in conjunction with a computational modeling approach to systematically
investigate the frequency dependence of*Gagnaling to an oscillatory #D, stimulus.
Although interations are observed between these signaling molecules, most techniques
study one facet of studying in isolation, and often utilize end point population assays,
such that populations of cells are lysed and analyzed as a bulk measurement. Often, these
measuements of ROS cannot be contributed to specific oxidants and provide very little,
if any, detail of cellular localization within the cell. Thus, innovative platforms
combining technology for singleell analysis with proper #D. probes will precipitate
novel biological understanding of the connections between signaling molecules with
respect to their spatiotemporal dynamics, giving a more complete picture of intracellular

T cell signaling and ultimately potential targets for therapeutic use.

2.3 Technology forAnalyzing T Cell Signaling
Stochastic fluctuations in gene expression can create differences in protein expression
and ultimately in phenotyp§99, 10(Q. Such differences in phenotype can lead to
different cell fateq101] or cell functionality[100. Current techniques, such as flow
cytometry, mask the heterogeneity within a population of cells by analyzing populations
of cells instead o$ingle-cells. Flow cytometry will measuresande-cell at a given time
point, but cannot measure that cell through time, thus preventing the ability to get time
course data orsinglecells. For adherent cells, it is possible to use magolution

microscopy through time but this technique is difficoiit suspension cells, such as T
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cells, which can drift out of the focal plane. To overcome this challenge, we will be
utilizing and modifying an existing microfluidic device capable of passiwagping

suspension T cellgl0Z. Once trapped, we are able to collect data that allows for the
guantification of signaling netwk components using a systems biology approach to

shedlight on the overall systefi03.

2.3.1 Microfluidic Techniques
Biological samples can be manipulated on the micron length scale, in volumes in the pL
range, with the growing field of microfluididd04. Many techniques in microfluidics
have introduced their use in studying complex biological sysfé6%108 and creating
more uniform handling and precise environmental treatment as a result of easily
attainable laminar flow conditions on chipl09 11(. Microfluidic devices for
suspension cells have been developed to lyse and analyze cells piiléhip

Advances in design have led to chips capable of imaging stegkethrough time
[107, 10§, although it was historically more difficult to trap individual suspension cells
as they would float and thus not maintain anstant position within the trap. A
microfluidic device was previously developed in a collaboration with our lab that is
capable of trapping up to 4000 individual T cells in 8 different chambers through passive
hydrodynamic focusing102. Once loaded, these T cells can be imaged through time
using an epifluorescent micragme [102 117]. The 8 cell traps can belaced
downstream other device features such as a linear serial dilution generator creating
different solute concentrations while maintaining an internal control for flow rate on chip
[113. However, applying dynamic stimulation is thwarted from high residence time of

solutes traveling to the chambers due to the limitation of shear stress on the cells. This
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high residence time allows the solutes to diffuse and not maintain the plug Iikergel
of dynamic soluble cues. Other microfluidic devices are capable of delivering tunable

stimulation profiles to adherent cells due to the higher allowable floWXa#e115.

2.3.2 Computational Modeling Techniques
As previously mentioned, cells are constantly collectind reviewing information from
their external environment to be processed through a set of connected intracellular
signaling networks, ultimately resulting in phenotypic changes when deemed necessary
by the cell. In other words, cells receive thesaiiagrom a variety of sources and cells
constantly review them to produce appropriate outputs. Complicating factors of this
system are nonlinear, stochastic, and redundant properties of signaling pgthighyi
is thought that although there are hundreds of reactions within a given signaling network,
only a few of them drive system dynamics although it is difficult to ascertain which ones.
Many models have attempted to account for all known reactions, but are only
occasionally successfull17-119. This approach is often hindered from missing
parameters or interactiongl17]. Controtbased computational models have been
developed to try to unveil complex interconnected networks of signaling molecules to
identify and model only dominant interactions within the network by characterizing the
behavior of a system to its respomgeinusoidal inputs.

Frequency response models exist for the osmotic stress resp@iseenevisiae
in which simulated oscillations were delivered to the organism and amplitude and phase
responses were measuf@d 7). Another model of. cerevisiadocused on the galactose
response pathway and discovered a previously unknown level of regulation by using

periodic changes in carbon source to drive changes in gene regylB2dn Other
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frequency response models have focusedEoroli and the chemattic response to
varying environmental stimuli and the interaction between signaling modiidés The

key to these control theory based modeling approaches comes in the experimental design
in which techniques were developed to deliver these time varying s{itidi. These
platforms require the ability to finely tune dynamic stimulation while enabling time
course measurement of fluorescent reporter proteins of interest. Current techniques do not
allow this manipulation for suspension T cells without first binding cells to the coverslip,

an action that could render signaling alterations. To overcome these experimental
limitations, | present the techniques developed in our lab to deliver robust, tunable
dynamic stimulation to suspension cefisvitro and the subsequent analysis that reveals

Ca&* signals encoded in the frequency domain

2.4 Motivations for Research

Cells are continuously integrating dynamic environmental cues and altering their
signaling pathways to reflect the environment. Many current biological techniques
involve bolus addition of stimulants, resulting in a single step concentration profile
change New techniques, founded in control theory engineering, seek to deliver dynamic
stimulations, to observe a phenomenon of interest in the frequency domain. This
approach seeks to interrogate complex signaling environments in an unprecedented
fashion to ulimately better understand dominant pathways within intracellular networks.
While experimental protocols exist for frequency response analysis in particular model
organisms and cell systems, a technique has not previously been developed for
suspension cell@ith low shear stress capable of being paiéth time-lapse fluorescent

microscopy. Theinnovation of this research comes with the concerted efforts of
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microfluidics, frequency response analysmputational analysis techniquesich as
modeling and iagle-cell analysis and fluorescent repirs within T cells for C4 and
H2O.. These new experimental and computational approaches leadsigritiezanceof

the research in further advancing the understanding ofl Tactvation and the role of
Ca* and H.O; interplay, potentially highlighting or predicting therapeutic targets to
explore in future studies. Thdissertatiorseeks to expand the applicability of frequency
response analysis by introducing a microfluidic device capable of delivering ,robust
easily tunable dynamic stimulation profiles and collecsmgle-cell T cell data through
time using fluorescent microspy.

The frequency response analysis platform created wasutiiered to combine
signaling response with downstream transcrigiomutcome to oscillatory Ch
stimulation; illuminating downstream effects of these encoded oscillatoty sitpmals.
Overall, we sought to explore the connections betweéh & HO; in intracellular T
cell signaling by utilizing dynamic, oscillatoryegurbations and subsequent spectral
analysis. We highlight previously uncharacterized filter characteristics of the system with
an innovative platform combining microfluidics and computational approaches for data
analysis and modeling. Further, we combéneecently developed . sensor with our
platform to demonstrate the universality of the platform to different applications while
furthering our understanding of.8, signaling in response to €aoscillations. Finally,
we again utilize the device to connect downstream transcriptional responses to upstream
signaling using smFISH for singkell mRNA transcript counts. Taken together, this

dissertation represents advancement in the technologidalrtecessary for a frequency
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response analysis approach for capturing single dynamics and computational

methods for a more systematic method to address complex biological questions.
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CHAPTER 3 SINGLE-CELL ANALYSES AND OBSERVED
HETEROGENEITY OF REDOX SIGNALING IN RESPONSE TO

ANTIMYCIN A

This chapter wasdapted from Kniss, A., et aA microfluidic systems biology approach

for live singlecell mitochondrial ROS imaging. Methods Enzymol, 2013. 526: p3Q19

[112

3.1 Introduction

Reactive oxygen species (ROS), such as hydrogen peroxide and superoxide, have
critical roles in numerous cellular processes including signal transduction and have been
found to be abronally high in many diseases such as canf@r and autoimmune
disorderd13]. A major source of ROS is the electron transport chain in the mitochondria,
which produces superoxide and hydrogen peroxide. It has been estimated that
mitochondrial respiration accounts for-500 pmol kg' min? cellular ROS, depending
uponthe metabolic rate of the c¢84).

Two ROS produced in the mitochondria are superoxide and hydrogen peroxide.
Superoxide is generated in the mitochondria as -@rogluct of complex Il in the
electron trangort chain(Figure3-1) and can be disproportionatedHgO> via manganese

superoxide dismutag®nSOD1 or SOD2)[122 123.
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Figure3-1: Schematic of mitochondrial ROS production.
The electron transport chain is composed of four main complexes that allow electrons to
be transferred, driving ATProduction. Superoxide is a {pyoduct of respiration and can
be disproportionated to hydrogen peroxide via SOD2. Antimycin A is a complex llI
inhibitor shown to increase the rate of production of mitochondrial ROS by inhibiting the
flow of electrons to cdgpchrome c.

H2>0. can both diffuse through the mitochondrial membrang la@ transported
via aquaporins[35, 124126. Although superoxied cannot diffuse through the
membrane, transport has not been definitively excluded from anion transporters. They are
both implicated in different signaling processes, such as prolifeyatpmptosis, and the
cell cycle[36]. Fluorescent indicators exist for bo#tactive oxygerspecies. MitoSOX is
an irreversiblesmall moleculedye capable of localizing to the mitochondria and
fluorescing upon oxidation by superoxide. This dye is commonly used as it is well
studied and shows exclusive sensitivity to superoxide with 458! as the rate
limiting step of oxidation by superoxidgl27, 12§. H-O. has historically been more
difficult to image with controversy surroundingPICFDA measurement§l29. The

recombinant protein, HyPer, has been developed from cpYFP an®k @ry is capable

of changing conformation upaxidation byH>O, [130-132. Once transfected into cells,
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the reporter protein is capable of providing ratiometric measurements with the correct
microscope setip with two excitation filters and one emission filf@B0-132.

Stochastic fluctuations in trangational and translational regulators within a cell
are now considered influentiab tdifferences in cell behavid99, 133 134. Such
differences can be masked by techniques that analyze populations of cells instead of
singlecells. For instance, flow cytometry analyzes individual cells at single time points
but cannot tracka singlecell through multple time points. With single time point
measurements, kinetic differences between individual cells in the response to a stimulus
are not observed. High magnification imaging through time can address this problem for
adherent cells, but for T cells and atlseispension cells, this can be difficult as the cells
may drift out of the focal plane. Advances in microfluidic design offer an alternative
approach to studying these differences by i) passively trapping and analyzing the
fluorescence of cells throughmte[102 and ii) allowing quantification of components of
signaling networks within asinglecell and then applying thedindings to an overall
system[103.

The ability to track individual cells through time will lead to a more complete
understanding of redox signaling and ultimately more insight into diseased states. In this
chapter, wediscuss methods for utilizing micraftlics to analyze mitochondrial
superoxide andH>O. responses to an oxidative stimulant, antimycin A, amsingle
cells in a highthroughput manner. While our analysis is limited to one reporter molecule
at a time, ultimately other fluorescent measurements can simultaneously be performed in

multicolor live imaging microscopy (e.g. calcium, pH, mitochondrial membrane
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potertial, etc.) to provide insight in how variations in mitochondrial function influences

behavior across an array of cells.

3.2 Materials and Methods

3.2.1 Microfluidic Platform

3.2.1.1Densely Arrayedinglecell Trapping Device

A previously developed microfluidic device wastilized for imaging
mitochondrial ROS production in theirkat T cell line through tim¢102. This high
throughput singleell trapping device has the capability to hold approximately 4000 total
cellsin eight different trap arraygl0Z. Each array contains 25 traps per row and 20
rows. The device is compatible with any mode of optical microscopy, so imaging can be
done at different ngnifications and, with a motorized stage, multiple chambarsbe
imaged within second$igure3-2). The traps can also be placed downstream of different
microfluidic platforms, allowing for different stimulus conditions. In this studyneadr
serial dilution generatof113 was used upstream to create a range of stimulus
concentrations hile simultaneously maintaining consistency in flow rate, dye loading,

etc. between chambers containing cells from the same cultured population.
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Figure3-2: Device loaded with cells.

Singlecell analysis of mitochondrial superoxide production using MitoSOX Red
Mitochondrial Superoxide Indicator (Invitrogen) dye in microfluidic cell traps. (A) 10x
view of approximately 160 singleell traps with MitoSOX labeled Jurkat cells. (B) 20x
view of traps.

3.2.1.2Device Preparation

Devices were molded in a polydimethylsiloxane (PDMS) A and B mixture of 10:1
using a SUB master mold developed ipreviously described methofi$02. Devices
were cut and holes were punched using @d®ge needle. The prepared devices were
bonded via oxygen plasma to a 1 mm glass slide for imagingalyethylene (PE3)
tubing (Scientific Commodities) was used for all connections with solutions. Initially, the
device was primed with a 2% bovine serum albumin (BSA) in PBS solution. This
removes any air bubbles from the channels and prevents unintémsinadhesion to

the walls or glass slide. Once primed, the cells were loaded at a concentration ¢f 4 x 10

cell s/ mL using gravity flow and thelyopti mi

was used for all treatmerits02.
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3.2.2 Microscope System and Image Analysis

3.2.2.1Microscope Setup

Once bonded to a glass slide, th# twap device is placed on a 37°C heated stage
and imaged using a Nikon Eclipse Ti inverted ejfescent microscopéigure 3-3).
Inlet tubing forflow of buffer and/or stimulus was set approximately 40 cm above the
outlet tubing to allow for a gravitipased presswdriven flow of liquid through the chip.
Time-lapse microscopy was performed on an automated stage with a 0.7 s delay between
imaging tle separate chambers with an exposure time of 900 ms. Images were collected
every 30 s for 70 minutes. All images within a given video were set to the sameplook

tables (LUTSs) to avoid digital differences between iggaduring image analysis.
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Figure3-3: Device position with respect to microscope.

Device is plasma bonded to a glass slide with tubing connections to treatment solutions
and outlet. Slide is placed on a motorized stage set to 37°C. kilies @re utilized for
appropriateexcitationand emission wavelengths.

3.2.2.2Image Analysis

MATLAB ® (MathWorks) scripts were written and utilized for image analysis of
the timelapse videos. The fluorescent image was converted to a binary image to identify
thefluorescent cells in the trap array. To ensure cells present during the entire experiment
were selected, both the first and last images were conviertadbinary image using a
MATLAB®built-i n gl obal threshold functi mwas figr ay
performed to select the cell areas to analyze, based on presence in both the first and last
binary images. The mean fluorescence was then calculated for each region of interest. To
remove differences in background fluorescence between frames, thgeaflaorescence
of a nonoccupied portion of the trap was calculated and subtracted from each region of

interest at each time point. This ensures differences in intensities were less reliant on
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background noise. To normalize each cell individually, messants are divided by the

first mean intensity for that region of interest.

3.2.3 Cellular Conditions

3.2.3.1Cell Culture

The Jurkat E6L human acute T cell lymphoma cell line (American Type Culture
Collection) was cultured at 37°C in a humidified 5% CO2 incubatoRMI 1640
Medium without Phenol Red and with-dlutamine (Sigm&Aldrich), with 10 mM
HEPES liffer, 1 mM sodium pyruvate, DQunits/mL penicillinstreptomycin (Cellgro),

1x MEM Non-Essential Amino Acids, and 10% fetal bovine serum (Sigialaich).

3.2.3.2MitoSOX Treatment

To visualize the presence of mitochondrial superoxide, Jurkat cells were
incubated with 5 &M MitoSOX Red Mitochondr
10 minutes at 37°Caccording to previous protoco]427]. Following incubation, cells
were washed three times with 4°C sterile phosphattered saline (PBS)and
resuspended i n 25-reegnkdiaohdlbaded méehe device & a final
concentration of 4 x Aells/mL Once loaded in the device, cells were imaged using the
TRITC (540/605 nm) filter cube (Nikon) and stimulated with antimycin A if&ig
Aldrich) at various concentrations. Individual cells were tracked through time and a heat
map( A i ma gvasscredted to visualize the change in intensity, related to change in

mitochondrial superoxide pdoction, through time
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3.2.3.3Stable Transfection of gkat Cell Line with HyPer Plasmid

To visualize the dynamics afitochondrial HO- through time, the pHyPeatMito
plasmid (Evrogen) was transfected into Jurkat cells using the Neon Transfection System
(Life Technologies). Jurkat cells were cultured uraddrithmic growth was observed
and then washed in PBS without*Cand Md¢*.

Cells are resuspended in Resuspension Buffer R (Invitrogen Neon Kit) at a final
concentrationof Lx¥@c el | s/ mL with 10 &g DNA per 100
transfectims were completed using the Neon protocol of 3 pulses of 1325 V with a 10 ms
pulse width. Once transfected, cells were cultured for 3 days without antibiotics.
Selection was completed using the neomycin resistant gene on the ghHijiRer
plasmid. On day 41.4 mg/mLactive neomycin (G418) (KSE Scientific) was added to
the media with a cell concentration of approximately 0.2 &cBlls/mL. The selection
was continued for 14 days with washing and addition of fresh media and antibiotics every
3 days, maintaining the cell concentration between0®2x 1§ cells/mL. The
concentration of G418 was calibrated via a cytotoxicity curith the same lot of G418
(KSE Scientific) using the reported active concentratioRollowing selection, a
maintenance concentration of 0.6 mg/mL G418 was continued in cell c@elis.were
loaded into the device at a concentration of 4 %Xckis/mL. Qnhce sufficiently loaded,
antimycin A (SigmaAldrich) was introduced at various concentrations. Cells were
imaged using the QMAX GR THO filter set (Omega Optical), as recommended by
Evrogen for norratiometric imaging of the Hyper reporter protein. THeerfiset for
excitation between 45090 nm and emission filter at 535 nm primarily represents the

oxidized form of themitochondrial HO sensor, HyPeMito.
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3.3 Results

3.3.1 Imaging Mitochondrial Superoxide Production

Within a chamber with uniform antimycin Aoncentration, we observed
individual cellular differences in mitochondrial superoxide productiogure 3-4). With
an irreversible dye, a monotonincrease is expected over the 70 min experiment. In
several instances, lower fluorescence was observed with time; this may be due to rotation
of the trapped cell with respect to the focal plane of imaging, photo bleaching of the dye,
or inaccuracies in créan of the binary images. On average, we observed an increase in
MitoSOX Red oxidation with increasing antimycin A concentratibigire 3-4 a,c) as
well as the number of cells that respond to the stimulatory condition as defined by an
increase greater than 40% the original fluorescence. In the example shown, there were 7
responsive cells in the 1.6 &M i nsinthei t or

50 €M inhibitor concentration.
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Figure3-4: Mitochondrial superoxide production with antimycin A stimulation.

(A, C) 1.6 uM antimycin A treated cells (blue arrow). (C, D) 50 uM antimycin A treated
cells (blue arrow). (A, B) Heat map of normalized mean fluorescence of 25 analyzed cells
through time. (C, D) Average and singlell traces of mean fluorescence.

3.3.2 Imaging Mitochondrial Hydrogen Peroxide Production

Images were collected over the couo$e/0O min and reveal differences kirO>
signaling between different cells under the same antimycin A concentraigurg3-5).
As with the MitoSOX Red, we observath increase in fluorescence intensity associated
with oxidized HyPeiMito as the concentration of antimycin A increasejgre3-5 a,c).
With a reversible ROS reportenowever, the observed kinetics were more diverse at the
singlecelll evel . At the 1.6 €M inhibitor conceni
so similarly in a steadily increasing manneigire3-5a, c) , whereas <cell s
concentration vary in both the time to respond, and whether #0e isl sustained or

changes with time.
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Figure3-5: Mitochondrial hydrogen peroxide production with antimycin A stimulation.
(A, C) 1.6 uM antimycin A treated cells (blue arrow). (C, D) 50 uM antimycin A treated
cells (blue arrow). (A, B) Heat map of normalized mean fluorescence of 25 analyzed cells
through time. (C, D) Average and singlell traces of mean fluorescence

Differences can also be seen in the number of cells to respond, as defined by a
40% change from baseline. In the example shown, there were 5 responsive cells in the 1.6
eM i rohi btirteat ment compar ed t o 12 responsi

concentration. The quantity of cells responding was lower than that observed with

MitoSOX.

3.4 Discussion

We have demonstrated the potential to use microfluidics to studyd@pendent
charges of two different mitochondrial ROS isinglecells, thus supporting redox

systems biology at the level asinglecells. Further, we provide the ability to study
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heterogeneity of these processes in different cells within a population. We report that
cells exposed to the same concentration of stimulus exhibited variation in mitochondrial
ROS production, which could ultimately result in different cellular responses. This
variation could be the result of stochastic processes within the cell, suchsasiptaonal

or translational regulation of key components of the mitochondrial ROS pathway.
Additionally, the nature of the responses differed betweear@ HO; kinetics. Because

two different types of fluorescent reporters (irreversible small moleulé’FRfusion
protein) were used, it is difficult to ascertain without further analysis whether variation at
the singlecell level is attributed to properties of the reporter or due to subcellular
concentrations of the respective ROS. To our knowledge,stthe first description of

the use of microfluidics to image and quantify sirgddl redox states in mammalian T
cells, a method that may help elucidate underlying dysfunctions in different cell types and
diseases. Accounting for distributions of neihondrial redox state within populations of
cells will ultimately allow for a better understanding of signaling processes associated
with diseases that implicate mitochondrial dysfunttio such as Al[8hei mer

autoimmune disordefd 35, and cancef6].

32



CHAPTER 4 COMPUTATIONAL MODELI NG OF AGE
DEPENDENT DIFFERENTIAL INTRACE LLULAR CALCIUM

SIGNALING DURING T CELL ACTIVATION

4.1 Introduction

4.1.1 T Cell Activation and Immunosenescence

There are two facets of the immune system in humans with over 1600 genes involved in
regulation: the innate and adaptive respofk&t 137]. Innate immunity is the first
defense rachanism against pathogens and is comprised of many cell types, such as
dendritic cells, macrophages, and neutrophil86, 13§. Innate immunity becomes
activated through an inflammatory response and, if unable to control and eradicate an
infection, contributes to the activation of the adaptive immune respb88e During the
adaptive immune system stifation, T cells become activated by antigen presenting
cells (APCs), such as dendritic cells, which help to inform the adaptive immune system
of the pathogenic threft39 14(Q.

APCs ligate and activate the TCR via peptide presentation on the major
histocompatibility complex (MHC)[141]. TCR ligaton provokes the activation of
tyrosine kinases and ultimately the phosphorylation of BILC42 143. PLC-0 cleaves
phosphatidylinositol 4/bisphosphat€PIP.), present on the plasma membrane, to form
IP; and DAG. IR binds to IBR on the ER membrane to rapidly releasé*Geom
intracellular ER stores and stesperated CH entry (SOCE) channels on the plasma
membrane enable a sustained calcium response, ultimately dictating gene expression and
T cell function[54]. SOCE channel activation is dependent on STIM1, an ER Ca
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sensing mlecule and its partner, ORAI1, which is a pévaming plasma membrane
protein [144]. Together, these moleculestimate SOCE via CRAC channels on the
plasma membrang, 69].

Immunosenescence encompasses therelgted alterations within the immune
system that result in a less effective immune response in elderly indivjd4&/sl 44 .
Most notably, these changes include a reduction in naive peripheral T cells fronf 3 x 10
to 7 x 1§ as well as a decrsa in repertoire diversity by two orders of magnit{ibié5,
147, 148. In addition to the number of cells, T cell function also declines with age
leaving elderly individuals with fewer and less effective T cells at warding off cancer,
infections, and autoimmendisorderg149, 157. It has been shown that T cells undergo
a redox shift upon activation with CD2@th decreased levels of reduced glutathione and
increased reactive oxygen species (ROS) produddori5]], which may upregulate
TNFU [157]. Another redox protein, thioredoxin, has been shown to be differentially
regulated, based on age, and is involved with redox pathways within Ti&Hs T cell
responses are attenuated in elderly individuals, potentially due to low but persistent levels
of pro-inflammatory cytokines and increased ROS produdtid#159. Ultimately, the
underlying mechanisms of T cell functional decline have not been fully elucidated, but
studies confin development of defects in €asignaling in response to mitogenic
stimulation during immunosenescenf®60, 161]. Many proximal events in TCR
signaling or cytokine responses are differentially regulated with age, such as reduced
protein tyrosine kinase activation, ultimately reducing*Gagnaling and subsequent NF
aB and NFAT levels[23, 145 152 154, 156. CD8" T cells from aged mice are shown

to have a diminished activationduced C&' flux [162 163, and this was mirrored in
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CD4" T cells in elderly human§l64, 165, but CD8 T cells from elderly humans
showed a significantly greater €aresponse upon activation with CD3 mARGq.
Interestingly, the proliferation response of activation between elderly and younger donors
showed no difference in CDZ cells and a reduction in CD& cells in elderly humans,
suggesting the reduced proliferation in CDO8cells does not contribute to the decrease

in C&* signaling function166. Due to the complexity of signaling events and plethora

of data suggesting changes in aging T cells, computational modeling was used to provide

new eperimentally testable predictions.

4.1.2 ODE Mechanistic Models of T Cell Activation
Due to the universality of Gasignaling in numerous cell types, there is a substantial
body of literature available for modeling €alynamics. C& signaling is often desdred
via models in excitable cells, most notably neurfb87-171], cardiomyocyteqd172
181], and muscle cellgl82-185. C&* signaling, specifically during T cell activation, is
less often modeled. Two deterministic models have been published describihg Ca
kinetics in Jurkat{186 and murine T cell§187, but these models do not include
extracellular space or mitochondrial € auffering and the complex protein interactions
of SOCE. Mauryaet al introduced a more detailed mechanistic model of Gignaling
in immune cells that is capable of predicting?Ceoncentration temporal profiles in
RAW 264.7 macrophages for different stimulation and network altergti®8s189.
Previous experimental work in our lab has usednavitro aging framework for
CD8" T cells to unveil decreased protein phosphorylation after TCR lightié® 190
193. It was hypothesized, based onvivo data and the finding of decreased protein

phosphorylation, that Gasignaling would be reduced in older T cells. Instead, our lab
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observed both a faster €arise and subsequent decay as T cells aged. After gene
expression analysis by RJPCR revealed overexpression of the plasma membrane
CRAC channel, ORAI1, and PMCA in older T cells, we adapted the Maurya fi@&8|

189 to include additional details to determine if these changes were sufficient to explain
thedifferences in the Cadynamics of older T cells. Through this process, we found that

the results of the model show upregulation of ORAI1 and PMCA are not sufficient to
recreate the observed dynamics and predicts changes in kinetic parameters associated
with the IBR and SERCA channels as potential causes of alteréaigaaling. Through
computational modeling, we uncovered previously unexplored interactions %f Ca
kinetic parameters, ultimately providing a novel understanding of ROS modulation of

STIM1 in immunosenescence.

4.2 Materials and Methods
The model description is modified, with permission fid®4 to include updates to

equations and optimization framework.

4.2.1 Model Description

We expanded previously developed computational mdd&l8 195197 for calcium
signaling after T cell receptor ligation, which now consists of a simplified model for IP
formation and calcium fluxes for the cytosol, ER, mitochondria, and extracellular space.
As can be seen iRigure 4-1, the mechanistic model we compiled and characterized
incorporates the binding of peptide presented on MHC with TCR to recruit tyrosine
kinases Lck, LAT, and Zap70 to the TCR/CD3 complex, whiclvateds PLE, as a one

step input to phospinglated PLCo levels. Once activate®LC-0 is modeled as cleaving

PIP. on the plasma membrane to generate both DAG axidRfsubsequently binds to
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the IP; receptor, releasing €astored in the ER k). OnceER Ca&* levels drop, the ER
Ca* sensorSTIML1 is activated, translocates to the interface between the ER and plasma
membrane (ERPM) to activate a longer lasting, sustained influx of'Ga the cytosol
from extracellular space via CRAC channelsaJ[68, 198. PMCA on the plasma
membrane pumps &ato extracellular space and maintains the concentration gradient
between the cytosol and the cellular environmegicfJ With such a steep gradient, one
assumption of the model is a small’Cleak through the plasma menane back into the
cytosol ($miea). SERCA pumps on the ER membrane pump* @am the cytosol into

the ER, again maintaining a gradient between the ER organellifac@aentration and

the cytosol (skred. As with the plasma membrane, we assume dl de@k back to the
cytosol with such a steep gradientréy. Mitochondria play a role in buffering
cytosolic C&" to enable proper activation and maintenance function of SOCE, thus
preventing the negative feedback of increasing® Gmncentrations on the CRAC
channelg88, 199 200. C&" uptake into the mitochondria is accomplished throumgh t
Ca&* uniporter (diin) and released back into the cytosol via the/Gla&* exchanger

(Jm ito ut) .
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Figure4-1. Model schematic showing included species and interactions involved with T
cell activation.

These fluxes are combined to describe the fundamenfdl si@maling kinetics

between multiple cellular compartments and extracellular spaces as follows:

Qo v v v v v Equationd-1
0 0 0
D6 T ; b b Equationd-2
T 0 0 0 q
el T ; ) Equation4-3
’Q (‘) ” v v q
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Cay: andi represent the concentration ofaCand the ratio of free to total €an the
cytosol, respectively. Ga andf represent the concentration ofCand the ratio of
free to total C& in the mitochondria. SimilarlyCasrandf  represent the concentration
of C&* and the ratio of free to total €ain the ER[188 197]. From tlese relationships,
the assumption is made that the ratio of free to total Daeach of the compartments
does not fluctuate with time. We use and” to correct for the difference in volume

between the ER and mitochondria compared to thesalto

4.2.1.11P3 Production
As noted previously, Bis formed upon phosphorylation of PiLCfollowing TCR
ligation. PLC-2 phosphorylation is modeled through simplified mass action kinetics with

ligand (R) interacting with the TCR, wiik representing the rate constant for PLC

o phosphorylation and, converselyQ represents the rate for PLC
dephosphorylation.
Q—Y Q ) Equation4-4
Qo
QO 06T, . 5 :
9% - ¥y Q Hooor Equation4-5

IPs production varies based on activated Pi&nd the cytosolica* concentration, as

described below:
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Q@ |, . . 3 _
m Q Q’] 00 &F © Q J00 Equation4-6
with the rate constant for 4Pproduction and degradatioriqQ) and Q :

respectively.

4.2.1.2Cytosolic C&" Flux

Cytosolic C&" increases as €ais released from the ER through theRP This model

builds off of previous mathematical models ofRPactivation[201-205 and is given by:

0 W VD D Equationd-7

such that VIR is the maximal flow rate and PJis the IRR open probability. Pis
described as a function of €alPs;, and the portion of available 4R, defined as not

having theinhibitory site bound by Ca:

00 0w

— — : Q Equation4-8
Oo v 0w V]

C

with 0  defined as the concentration o & which the half maximal observed reaction
rate is achieved ana  is the midpoint of C&-dependent channel activation.
The inactivated portion of BR is also modeled, by {4), as a function dependent

on cytosolic C& and Q, defined as the efftive affinity of C&* to the site of inhibition.
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—, 0 p QUL O 0 Equation4-9

0 U —— Equation4-10

with the coefficient A controlling the difference in time scales between equations.
represents the €aaffinity to the C&" inhibitory site, andv is the affinity of IR to

the IR binding site wherthe C&* inhibitory site is occupied.

4.2.1.3Continuous Leak of Gafrom ER

It is assumed that there is a continuous leak from the ER due to the concentration gradient

of Ca* between the ER and cytosol:

0 0 Do Equationd-11

4.2.1.4C&" Flux into ER

C&*is sequestered in the ER via SERCA channels as modeled with:

6w
0 0w O , Equation4-12
o1& 0

where @ is the maximal flux of C& through the SERCA pump and is the
concentration of G at which the reaction rate is half ofeéa Isoforms of SERCA are

combined into a single, avera§&RCA pump.
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4.2.1.5Mitochondrial C&* Flux

Ca"* uptake by the mitochondria is modeled according t8' arder Hill function[206,

207) through the mitochondrial uniporter whate  is the maximal rate of uptake and

0 is the concentration of Gaat which the reaction rate is half ofa\h:
: : 00 :
0 W 3= . Equationd-13
0w 0

Ca&* is extruded from the mitochondria via the ‘K@e?* exchanger and permeability
transition pores (PTP), whiclare combined in the equation below witto
representing the maximal flow rate aind is the concentration of Gaat which the

reaction rate is half of Miout[197, 20§:

6D
0 ® D w 3~ . Equation4-14
0w 0

4.2.1.6Plasma membrane &&luxes

Previous models and findings of Ta&ntry to the cytosol through SOGE96G 208-211]
were simplified to assumihe binding of STIM1 and ORAIL is at steady state and only

depends on the concentration ofOa the ER:

0 w O . 36 . Equation4-15
o0 0
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with the maximal C& influx through CRAC defined byo , 0 is the concentration
of Cax at which the half maximal observed reaction rate is achievedp and is the
dissociation constant of ER €40 STIM1.

Similar to the ERmembrane, because of the steeg*@madient, it is assumed
there is a small leak of €a at a given rate , through the plasma membrane,

represented by:

0 0 Dw Equatiord-16

Lastly, C&* can be extruded from the cytosol via PMCA pumps into the extracellular

space. This can be described with the following equation where is the maximal rate

of this efflux ando is the concentration of Gaat which the reaction rate is half of
Vomea
0 w O= , Equatiord-17
0w 0

4.2.2 Parameter Optimization

The described system of differential equations s@sed usingode23s in MATLAE’
R20M4b (Mathworks, Natick, MA). This model was first developed for Jurkat T
lymphocytes, an immortal T cell line, and subsequently fit to primary" 0Dé&ells that
were aged in culture to represent young vs. old characteristicso$i@aaling. Overall,

the model consists of 7 state variables and 29 parameters and encompasses a simplified
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version of TCR activation and subsequent*Ganetics that ase from orchestrated
phosphorylated proteins and activated channels. The Jurkat model was fit concurrently to
experimental data from the literature o Bignaling in the presence of EGTA12 and
dynamic C&' recordings in the presence or abseof EGTA and TMBB. EGTA, a C&'
chelator was applied to reduce extracellulaf*@atry through the CRAC channels and

PM leakage. TMBS, an IRR inhibitor, reduces the amount of Caeleased from the ER

upon activation. To mimic these experimentaldidans, two parametets, andl », were
introduced to the model equations to represent the percent reduction in extracefiular Ca
and activity of JIR, respectivelyl 1 is set to 0.33 and» was fit to 0.30.

Parameter estimation was achieved via a sum of squared error (SSE) function,
taking into account the difference between collected experimental data and the model
prediction for different parameter séiguation4-18. This was achieved by using either
the genetic algorithmg@) algorithm or a combination of the genetic algorithga)(
constrained nonlinear programingfm{ncor) and pattern search pdtternsearch
algorithms in the MATLAB® Optimization ToolboX“. For the Jurkat model, all three
optimization algorithms were used for optimal results whereas for the Young and Old
models, only the genetic algorithm was used because further optimization algorithms did
not drastially reduce the error value. For estimating modeling predictions against
different experimental conditions, the objective function was estimated below for the

Jurkat and Young CD8Vodel:

Equation4-18



In this equationp is the maximum time of simulatipn is the number of species used
for optimization and0 is the numberof experimental conditions for computed
comparisonThe Old CD8 Model was fit with a similar, slightly altered error function to

account for differences in peak amplitude @@ andn QG for the model and

experimental data, respectively):

o N Qd n Qo Y .

2 ~ Equation4-19
Y o R o q

(o] o

Initial concentrations of speciegere chosefrom published experimental data or
computed at steady state and used for the initial parameter optimization with the Jurkat

model (Table4-1) and were allowed to vary within specified bountalile4-2).

Table4-1: Initial conditions for all Jurkat model runs.

State Variable Jurkat Model Initial Primary CD8* T Cell Model
Condition Initial Condition
PLCg 70 nM 70 nM
IPs3 0.54nM 0.54nM
Cagyt 50 nM 50 nM
Caer 350 280V
Camit 0.1nM 0.1Vl
h 0.1 0.1
R 10 10
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Table4-2: Original bounds set on parameter valuepfmameter estimation.

Parameter Bounds Source/Explanation
1 [0.001 1] SS value: 0.00968]
Ng» [0.001 1] SS value: 0.19668]
T« [0.001 1] 0.0025[68, 198
Zar 0.015 [213
Zo < 0.08 [213
[0.0010.01] & 0.047[187]
[0.010.1] &
[0.1 1]mv1s? 1[187
[0.010.1] &
T} [0.05 80] <" ?.1%9 [208, 3 [207], 1.11[209, 66.6
21
Loy [0.1 1]nM 0.136[20§), 0.13[209], 1[211], 3[207]
Ly [0.050.5] Mh 0.0814[208], 0.08[209, 0.4[211], 0.13
[207]
= [0.010.5] 0.104[208], 0.032[209, 0.5[211]
Lo 1M 1[208
Loy oo [0.5 1.5]nM 1.05[20§
L agiE [0.0005 0.05] 3 0.002[208], 0.02[209], 0.0009[211],
0.01[207], 0.002[196]
Tvgrdt [0.2 250]nM st 114[20§, 0.9[209, 1[211], 0.27[207,
1[187
Ly ard [0.15 0.8]nM 0.754[208], 0.1[209], 0.15[211], 0.175
[207], 0.2[187]
To o < [100 800] Mhs? 300[197], 506[208]
L. [0.5 1.5]nM 0.8[197], 1[208], 0.6[207]
Mo <0 « [50 500]MM s 125[197], 476208
Lo g [1 10] M 5[197, 208
Tk gk [0.01 10] Mhs? 0.226[208], 8.85[196¢], 0.01[186]
Ly [50 1000] Mh 500[196
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Table 42 continued.

Eyeio [150 250]mM 152.3[214

S [2.567 3.5e5] St 5666 [186, 2.667 [209, 4.6e7 [207],
3.3e5[209

—_— [0.01 50]nM s* 0.05 [186, 0.01 [209, 0.013 [207],
0.0893/0.59208], 38[196]

L [0.10.5]nM 0.12[209, 0.2[207, 0.113/0.44[208,
0.5[196

Lyyro s [5 450]nM Range in ER C4 concentration

C&* kinetic traces were analyzed for peak time, peak amplitude, integral under
the curve, and decay constants. Decay constants were calculated by fitting the decay

portion of C&" traces to a sum of exponentials using MATLA& ripts:

0QOODd Q 0Q Equation4-20

4.2.3 Sensitivity Analysis

To determine which parameters affected specified characteristics %0f kibetics,
sensitivity analysis was performed on the Young CM8del by varying one parameter,

p, at a time between 1 and 20% of the original value. The resulting features included peak
time, amplitude and decay constant of the®Chkinetics and these values were compared

to the original state of the model accordioghe following equation:

YQQHo o1l Q

YQ& i Qo "Qe%Qe—wQ r(]"O'O‘ @ Equatiornd-21

—_—

n
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4.3 Results

4.3.1 Jurkat Model Shows AdequateFit

Upon optimization with three MATLAB Optimization ToolboX" algorithms,
parameters were found to recapitulate the cytosoli€” @gnamics under described
experimental conditions in the presence or absence of EGTA ord FRRjure4-2). The
model is able to predict $PCar, and Cait concentrations but appropriate experiments

in the literature were unavailable to comp@fgure4-2).

b
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Figure4-2: Optimization of Jurkat Model Fit.
The fit is performed between model amkperimental contons of Jurkat T cells
stimulatedwith TCR ligationin thepresencer absencef inhibitors, EGTA and TMBS.
Parameters represented here can be foumdble4-4.

Concerned with the abundance of parameterssaattityof data for fitting, we
iterated through this optimization pipeline 17 times to arrive at a unique set of parameters
every time. We compared the parameter values to create a confidence interve for ea

(Table 43) and results can be seen for the resulting§f @aces that show a tight range of

dynamics attained={gure4-3).
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Figure4-3: Multiple iterations of Jurkat model optimization shows tight'@ynamics.

17 different parameter sets are combined here with the average value (blue-line) +/
standard deviation (blue shading). Results appear to be tight fértt@ees with or
without inhibitors present.

It can be seen that overall, throughout all parameter sets obtained, 4he Ca
dynamics do not vary substantially when compareBligure4-3. From this exercise we
conclude that although many parameter sets can be obtained, with values varying
between different runs to give the 95% confidence inte(Vable 43), the overall
network topology is robust to these alteratiansl nicely reflects the physiological €a

response in Juat T cells upon TCR activation as all runs show qualitatively similar

results when compared to experimental datgure4-3).

Table4-3: 95% confidence interval for parameter values in Jurkat T cells.
17 simulations were compiled to compute confidence intervals.

Parameter Jurkat T cells
a:* (0.015, 0.07%
n; > (0.060, 0.094)
0 < (0.10, 0.30)
Zgr 0.015
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Table 43 continued.

0.08
(0.0033, 0.004337

] (0.037, 0.057%?
1(0.38, 0.56M 1 st
(0.0094, 0.01237
(1.4, 5.3)sT

(0.31, 0.43M
(0.12, 0.16)7M

= (0.077, 0.10)

1nM

(0.76, 0.991M
(0.0023, 0.003837
(49.57, 85.43)M s*
(0.32, 0.42M
(315.9, 497.2)M s*
(0.74, 0.92M
(140.5, 191.7yM s*
(3.21, 4.92nM
(1.04, 1.48nM s
(284, 4481M

(201, 230)1M
(2.18€5, 3.4265) s!
(1.25, 1.99M s
(0.13, 0.221M

4.3.2 Young Model Recreates Experimental Data
Our computational model of TGRduced C& signaling in Jurkat T cellsvas then
adapted to describe €aignaling in low passage primary CDB cells. The model was
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optimized to fit C&" time courses from low passage primary CD&ells while keeping
many parameters conserved between both cell types and gltvarstarred species in
Table 4-4 to vary within the original bounds. For theung CD8" T cell model,
parameter estimation was performedhwa genetic algorithm in MATLAB R2014b
(Mathworks, Natick, MA). The initial parameter set was populatedn fithe best
parameter fit +/20% of the Jurkat Gamodel. The model was fit to conditions without
inhibitors and was validated by predicting®Cadynamics in the presence of chemical
inhibitors.

Table 4-4: Parameters chosen for plotting and subsequent model fitting or sensitivity

analysis

Parameter | Jurkat T cells [ Young CD8* T cells
¥ 0.056 0.047
gk 0.049 0.98
o < 0.033 0.033
0.015 0.015
0.08 0.08
0.0033 & 0.0033 &
]0.042 ¢ 0.042 ¢
0.48nM*s? | 0.48nMM*s?t
0.010 ¢ 0.018s?
TL| 4.0 st 4.0s?
Ly 0.57nM 0.57nmM
Ly o 0.13nM 0.13nM
= 0.079 0.079
= 1mM 1M
Loy % gl 0.82nM 1.5mM
L 1agig 000438 0.048 &'
Tvgrl+ |112.75nMs? | 103.88nM s?
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Table 44 continued.

Ly g »dt]0.43mM 0.43mM

T <. | 388.6MM st | 388.6nMs?
Lo 0.81nM 0.81mM

T <% | 188.9nM st | 244.7nM 87
L, *|4.03mM 4.7mM
Thedd |2.4nMs? 2.4V st
Ly.s  |363.5nM 358.8nM
Ly oo [178.1nM 178.1mM
Lyyg tf11e6s’ 1.1e6 st
Teout [2.14nMst [ 2.08nM st
L us [0.21mM 0.11nM

Uponfitting, we found the primary young CD8 cell model was able to pried
IP; and C&* dynamics in different cellar compartments, as shown Figure 4-4. With
such different time scales of €adynamics between the two cell types, it is not
surprising that the resulting optimized parameter values are different between the models,

especially he maximal velocitiesTiable4-4).
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Figure 4-4: Model results for young primary CD8T cell model compared to
experimental data.

Cytosolic C&* dynamics in the absence (a) or presence of inhibitors (b,c) at the same
concentration as for Jurkat cells-fjdModel predictions for other state variables in the
no inhibitor simulation.

We similarly ran multiple iterations of the parameter optimization and arrived at
confidence intervals for the parameters that were allowed to vary between the Jurkat and
young CD8 T cell model and from the shaded plot summarizing all runs, it is cleaa that
wide range of parameters give rise to similaf*@gnamics Table4-5, Figure4-5). One
notable exception is in the dynamics ofCsignaling in the ER, which has a wide range
and gualitatively does not match intuition. In further inspection, there appeared to be two
different qualitative responses that the model could givee first was qualitatively
similar to what appears iigure4-4, where the concentration of gadrops upon initial
activation and slowly recovers through time. Timigtches all literature evidence of T cell
activation mechanisms and was chosen for performing the sensitivity analysis and
subsequent fit with the old T cell data. The second qualitative behavior of the model

showed an initial increase in gathat seemsto level off through timgbut ultimately

reaching a level that wageater than is physiologically relevant (> ). These were
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deemed less accurate due to literature evidence?frélaase from the ER during T cell

activation but were nonetheles<clided in parameter calculations for the confidence

intervals(Table4-5).
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Figure4-5: Primary young CDBT cell model results from 15 iterations of optimization.
The average response (blue line) is compared t@nr¢ standard deviation in model

results

Table4-5: 95% confidence interval for parameter values in primary young" C2@lls.
15 simulations were compiled to compute confidence intervals.

Parameter

Young CD8" T cells

(0.0065, 0.027)

(0.36, 0.73)

(0.040, 0.063}?

(1.29, 1.47M

(0.028, 0.041%?

(145, 200y s

(222, 369)TM s

(4.25, 6.62)1M

(197, 455)M

(0.088, 0.95)1M s*
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Previously collected experimental data suggested mRNA levels of plasma
membrane channels were upregulated, mainly PMCA and ORAI1 showed significant
increase with agd194. To determine if these changes werefisignt to explain
differences in young vs. old CDd cells, we used the model described above to vary
Verac and \pmea Within the original bounds to compare with the old CO8cell data.
Varying these two parameters alone did not create substantial eshiegween the
models to recapitulate experimental differences in amplitude, time to peak, and decay

time, as cate seen by the best fit Figure4-6.
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Figure 4-6: Best fit of Old CD8 T cell model varying only two parame$eNcrac and
meca

4.3.3 Sensitivity Analysis of Young Model
With changes in levels of PMCA and CRAC channels being unable to recreate the old
CD8" T cell experimental data, we identified which parameters were most implicated in

being responsible for our characteristics of interest: -toqegeak and decay time
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constant. We achieved this through performing sensitivity analysis on the yourdigfCD8

cell model Figure4-7).
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Figure 4-7. Model sensitivity analysis of €a trace features implicated in
immunosenescence.

(a) Parameter sensitivity to peak time and (b) paranssesitivity to the decayime
constantf,. Parameters were perturbed 20% from their initial value individually and

results are reported as compared to the original feature value and clusteeadiéo
visualization.
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For these two features, any nlimear behaviors, such as oscillatory*Caiaces
that may result in certain regions of the parameter space, would alter the calculation but
results appear to be fairly consistent with very feaniinear behaviorseen inthe
heatmap. After clustering, higher parameter sensitivity can be seen for either of the
features, but the parameters involved in altering both are mainly consistent between
features, i.e. most parameters implicated in one feai@elso highly indicative in the
second feature.

Amongthe initial 24 parameters tested, seven parameters were identified as being
themost responsible fadhe observed changes with age, many of which are involved with
Ca* exchange with the ER storeBigure 4-7). The seven parameters found to have the

most effect on peak time and the decay constant were ,® ,w ,0 ,0 h

0 hand0 (Figure4-7).

4.3.4 Old Model Recreates Experimental Data

To ensure these parameters were the drivers involved with the experimehtstyed

old CD8 T cell phenotype, we allowed these seven parameters to vary from the original
young CD8 T cell model using the genetic algorithm approach mentioned above. The
objective function was vad slightly from preious fits with additional congaints for

peak time and peak amplitudeigure 4-8). The new optimized parameter sgthown in

Figure4-8, shaws differences compared to the young CD8cell model best parameter

set, with 1% upregulation fab , 35% upregulation foro , 59% upregulation
for® , 2% upregulation fob  , 76% downregulation fab  h22% upregulation for
0 hand 434% upregulation in 8From this point, we were motivated to

investigate redox metabolic reprogramming during this aging protocol because we
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typically associate altedeprotein abundance with differences in maximal velocity, but
our mRNA experiments did not implicate all of these parameters. Specifically, SERCA,
IP; and STIM1 appeared with altered kinetics despite not appearing as significantly

different in mRNA experirants.
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Figure 4-8: Best fit of old CD8 T cell model with allowing seven parameters to vary
from the young CDB8T cell model, as identified through sensitivity analysis.

In Figure4-9 andFigure4-10, we varied the two main parameters associated with
STIM1,w andyu , individually to determine the effect on the calcium traces. We
found that both of these parameters aldtered the peak time and decay of the calcium
signaling when varied +/20% of the optimizedyoung CD8 T cell model, which
supports our model predictions that STIM1 may be involved with age related changes in

T cells.
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4.3.5 Models Capture Dynamic Response of Senescing T Cells

For the final step of our modeling pipeline, we investigated the changes in
identified C&" trace features between the young and old CD&ell models compared to
the experimental observationSigure 4-11). As can be seen iRigure 4-11a, the fold
change between the young and old CD&ell models reflect the experimental data well

and thus validatgthis modeling technique.
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Figure4-11: Model predictions compared to experimental data 8f @gnamics between

young and old CDS8T cells.

a) Comparison of experimental data to the model predictions for the two identified
parameters, Peak Time and Decay €£ona n t U1 . Error bars repr
confidence interval represented the above error bar b) Your@D8" T cell cytosolic

C&* model trace (blue) compared experimental data (pink). c) Old CDg cell

cytosolic C&* model trace (blue) comparedégperimental data (pink).

4.4 Discussion
Previous experimental evidence suggests primary*0D&ells, aged in culture,
exhibit differences in G4 kinetics between young and old cells. Specifically, the Peak

Time and Decay Constatl were found to be significantly different between ages.
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Further, there were two €achannels shown to be slightipregulated with age. If ¢a
channels and pumps lose activity through time, this upregulation potentially acts as a
compensatory effect teeep T cell signaling kinetics similar to younger cells. To explore
thisintricate web of a multifactorial signaling netwdrkdetermine if these differences in
gene expression could account for the changes in Peak Time and Decay Gdnstant
utilized computational modeling and built upon previous models to successfully recreate
the kinetic C&" dynamics upon TCR ligation.

Since parameter sets were combined from different cell types and conditions, we
first started with a Jurkat model of immortal Tllseand fit the model to experimental
data that was either previously collected or found in literature. This closely related model
was then modified to fit the young CD®8 cell experimental data by allowing a subset of
parameters to vary. The modeling Wahows good concordance between experimental
traces and model predictions, aadrobust qualitative behavior for many different
parameter sets suggest ithegmodekFigurestB)eBedause dr a st
the model fit experimental data well, we were confident moving forward to compare
differences in the kinetic parameters between models of different ages, investigating the
differences as potential explaiwaits of the underlying biological mechanisms behind the
altered function.

Our first attempt was to see if the mRNA data differences were enough to affect
the observed changes in kinet{€sgure4-9 andFigure4-10). When modeling found this
was not enoughs the models did not fit the old CDB cell traces wejlwe moved on to
see which parameters drive the observed experimental changes and allowed those to vary

to fit an old model of CD8 T cell activation (Figure 4-7). Upon running this
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optimization, we found a much more appropriate fit of the model textperimental data
and felt comfortable the seven parameters that we allowed tomeagresponsible for
the purported change in €&kinetics.We completed many replicates of the opsation
to arrive at a range of parameter values and calculated trecthéstics of interest, Peak
Time and(.

When comparing the young and old CDB cell models, it was found that the
fold change in the characteristio$ interest, Peak Time arid, aligned well with the
experimental findings, thus validating the model. &leévity of STIM1 was pulled out
of the sensitivity analysis as a potential driver for these changes. As there was no
significant difference in mMRNA level of this protein foundmust be concluded that this
suggests the activity of STIM1 is altered throughvitro aging of T cells. It was later
confirmed that STIM1 is differentially oxidized between young and old TTD&ells,
thus demonstrating the utility of a mechanistic mode extracting mechanistic
differences and highlighting potential targeEsom this exercise, we have created a
model capable of recapitulating multiple T cell states, thus informing us of potential
redox modified components of the system which wereipusiy difficult to ascertain.

While these models are able to capture the observed differences between young
and old CD8 T cells, it may be possible to further capture responsible entities in this
signaling cascade by introducing more complexity, specifically that involved with redox
modification of these proteins of intereSthe model is also written as a deterministic
ODE model, but there is a great deal of literature on all the stochastic events which play a
role in T cell activation, and it would be interesting to incorporate some of this

stochasticity into the model. With a stochastic component of the model, it may be
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possible to see how these noisy events can emerge as functional alterations in " cell Ca
kinetics.

The model shown here represents an average T cell in the body. Future
explorations could includeinglecell analysis approaches to determine if there are
different subsets of the population that account for differest Klaetics. This model
would be amenable to this type of study by altering the parameters forsebsét;
potentially identifying which parameters should be experimentally investigated for
potentially driving subsets of the population. These parameters may be of interest in
diseases thashow a different portion of cells in these subpopulations compared to
healthy individuals. This example highlights the ability of modeling to answer many
complex questions and using this to drieeny future experimentsComputational
modelng provides a unique framework for hypothesis driven experimentation by
allowing us to intelligently probe complex signaling networks in an unprecedented
fashion. These xperiments may be difficult or impossible to perform with current
technology in the lab, thus opening the door to a more complete understanding of T cell
signaling in response to TCR engageménpefully identifying key regulatory networks

that can be tgeted for cell therapies in the future
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CHAPTER 5 MICROFLUIDIC TECHNIQ UES FOR
OSCILLATORY STIMULAT ION AND SINGLE-CELL

FREQUENCY RESPONSE ANALYSIS

5.1 Introduction
Parts of this chapter weradapted from He, L*, Kniss, A* et alAn automated
programmable platform ebling multiplex dynamic stimuli delivery and cellular
response monitoring for higthroughput suspension singtell signaling studies. Lab on

a Chip, 2015. 15(6): p. 1491507 [215

5.1.1 Frequency Based Stimulation

T cell lymphocytes are a critical component of the adaptive immune response and
become activated upon presentation with a foreign peptide through ¢eé receptor

[64]. Activation induces rapid signaling through multiple kinasgcades to alter gene
expression and ultimatelgads to functional changes, such as proliferation and cytokine
release, that enable T cells to ward off pathogens and store immunological memory for
future disease$23, 150. The time dependent, dynamic features of these signaling
pathways is crucial for full functionality of T cellg4, 216. Improper intracellular
signaling of T cells during activation hdeen implicated in maerousdiseasesthus
providing an important cascade to stydy-19]. There isa great body of literature on
elucidating components of the signal transduction cascades, yet ownplex

interactionsremain unknown and are difficult to study with conventional experimental
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methods, which typically measure respanse a bolus stimulusoncentration step
change.

To better understand the structure and dominant feedback controls in complex
signaling networks, system identification methods, originally developed in control
engineering, have recently been applediological system§115117, 120, 217]. With
dynamic stimulation, it is possible to analyze the gain and delay of the output signal and
analyze signal transduction pathways in an unprecedented fd&iign This analysis
technique requires experimental systems amenable to fast, fliahislg mechanisms to
interrogate cellular systems on a short timescale, capturing signaling events that occur on
the order of seconds to minufes, 219. Further, measurements done in bulk can mask
these oscillatory or dynamic responses of a heterogeneous population by averaging
different signahg phenotype$100, 219. To utilize this control theory approach, two
devices have been designed and implemeintedir research group to enable repeatable
delivery of dynamic stimuli while enablinginglecell resolution analysis of T cells

through timg215 22(.

5.1.2 Experimental Techniques For Oscillatory Manipulation

Microfluidics provide new opportunities for studying cellular signaling dynarfiég,

107, 221-22¢. Multiple techniques have been utilized for trapping suspension cells, such
as dielectrophoresis (DEF227, 228, optical tweezers[229, valves [230-237,
microarray[233 234, or hydrodynamic focusinf23 235. Yet the quick alteration of
cellular microenvironment is diffidiwith these platformsSeveral microfluidic designs
exist in this functional domain, one such device is capabla sgatially varying but

temporally static chemical gradient to study cellyeocesses such as chemotdait3.
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Other devices enablescillatory stimulation[236, 237], specifically for the nematode
organism[238 239, yeast cell§117], and bacterid23€. This research utilizes two
microfluidic devices that were invented to not only capture individualauerent cells,

but also deliver robust and operationally simple dynamic chemical stimulation. The first
device is a one layer device that useschip valves to vary the microenvinorent. The
second device is a two layer device that uses a perforated PDMS membrane combined

with a highdensity cell trap for uniform stimulation of the entire population of cells.

5.2 Materials and Methods

5.2.1 Device DesignDevice for Multiplex Cell Stimulation

Previous microfluidic devices areunable to provide dynamic stimulation with high
frequency due to external fluid switching technology that may introduce undesirable
pressure surges and create large fluid switching times, enabling diffusion of the square
wave dynamic stimulatiopl14]. To create a microfluidic device capable of delivering
robust dynamic stimuli, a previously developed cell tf{4p2 was modified with
pneumatic valvegFigure 5-1). While different valve systems exist for microfluidic
devices such as screw valves and solenoid va[\2e€), pneumatic valves were chosen
because it was possible to include them on a silagkr device with only the addition of

an external pressure source box. The sHajer PDMS deviceconsists of 2
compartments: the pressurized liquid valves capable of fluid switching and cell trapping
chambers with flow channels to hydrodynamically attrastinglecell to each trap site
when it is empty{102. The flow rate is determed by an adjustable, external pressure

source that can be tuned to reduce shear stress cnpltb.
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Figure5-1: One layer device overview.
(A) Micrograph of microfluidic device: pneumatic valves (red) and fluid flow module
(blue). (B) Enlarged bright field image of pneumatic valves when actu@@@dralse
color image of Jurkat cells (green) trapped in cell chamber (red dotted line). (D & E)
Fluorescent image of alternate switching between fluorescein solution (bright) and PBS
(dark).

This device consists of a cell trap layEBrgure5-1A, blue) where cells are loaded
into individual traps for the experiment duration and the pneumatic vafigsé5-1A,
red), which close and open to allow either stimulus or buffer to be delivered to the cells
(Figure5-1B). There are four observation chambers in the middle of the device as well as
two chambers for a positive control and negative control on either side, which receive

stimulus or buffer only, respectively. This provides suitable experimental controla with

a single device.
5.2.2 Methods: Device for Multiplex Cell Stimulation

5.2.2.1Device Setup
All solutions and cell suspensions were prepared and contained in 15 mL tubes (Falcon
tube, BD biosciences, San Jose, CA). Tubes were connected to the device through

polystyrere tubing (PE4, Scientific Commodities). Pneumatic valves were initially filled
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with water at 30 psi through the valve inlet; during the experiment, valves were
alternatively actuated at 50 psi. To prime the device and create a liquid environment,
filtered 2% bovine serum albumin (BSA, Fisher Scientific) in 1x phosphate buffered
saline (PBS, Boston BioProducts) was pressurized simultaneously from all ports into the
device using a pressure of approximately 5 psi. This priming step removed any air
bubbles angrevented undesired adhesion of cells to channel walls. To load cells after
priming the device, the cell inlet was replaced with tubing connecting to the cell
suspension, while all other ports stayed connected to priming solution.

The cell suspension wakiven into the device by applying 1 psi at the cell inlet
and no pressure at the outlet. Pressures were adjusted at stimulus and buffer inlets to keep
priming solution flowing into device, which ensured unidirectional loading of cells to
trapping chambersAfter cells were loadedhe stimulus solution and cell media replaced
priming solutions at the stimulus and buffer inJetsspectively. After closing the cell
inlet by pinching the tubing, stimulus and buffer were driven to their respective inlets by
a constant pressure between 1 and 5 psi to stimulate cells with a dynamic Aigaal.
compressor regulated through solenoid valves in a customized pressure control box
provided the pressure sourde custom MATLAB® (MathWorks) GUI controlled these

solenad valves that modulate the actuation or shutoff of pressure.

5.2.2.2Cell Culturing and Treatment

The Jurkat ESL human acute T cell lymphoma cell line (American Type Culture
Collection) was cultured in RPMI 1640 Medium without Phenol Red and with

glutamine(SigmaAldrich) at 37 °C in a humidified 5% COncubator. The media was

supplemented with 10 mM HEPES buffer, 1 mM sodium pyruvate, 50 unifs' mL
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penicillini streptomycin (Cellgro), 1x MEM nonessential amino acids, and 10% fetal
bovine serum (Sigmaldrich).

Cytoplasmic C& concentration was monitored using FBoAM, cell permeant
(Life Technol ogies). Cell s wer e3adi9.65%bat ed
w/v Pluronic F127 at 3TC before being washed 3 times with PBS and resuspended in
white RPMI without Phenol Red. Cells were loaded into the device at 0.5° xell§

mL" ¥or approxmately 20 minutes before they received stimulation.

5.2.2.3Time Lapse Microscopgnd Cell Identification

Once cells were loaded in the device, images were acquired witkom [Eiclipse Ti
inverted fluorescent microscope using a FITC filter cube (Omega XF22).-[&pee
microscopy was performed using Elements Software (Nikon) with frame rates of 0.1 Hz
to avoid photo bleaching of the €aye, Flue3.

Images were analyzed ian autorated fashion using custom MATLAB
(MathWorks) scripts. Analyzed cells were manually chosen based on presence in the first
and final frameusing the overlay command in MATLAB (MathWorks) The mean
fluorescence intensity was calculated for eachoregif interest (ROI) with the removal

of background fluorescence at each time point.

5.2.2.4Characterizing Device Performance

To assess the performance of our device in various experimental conditions, we
empirically characterized the chemical stimulus profilesaious flow rates, temporal
resolutions and concentration levels. We recorded the fluorescent intensity by acquiring

images (Infinity 3, Leica) at a frame rate of 5 Hz. Image analysis was done using custom
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MATLAB ® (MathWorks) scripts. With these scriptse manually identified a ROI for
each row and calculated the mean intensity in that ROI for all frames.

To characterize the temporal resolution of stimulus profiles, we alternated
fluorescein solution (0.05 mg r} and PBS at 4 frequencies: 5, 10, 183d 500 mHz,
while pressurizing both solutions at 3 psi. The alternation was automated by a customized
pressure control box and cooited through a customized MATLAB GUI

communicating to the box.

5.2.3 Device DesignModularized Device for Uniform Cell Stimulation

A previously characterized microfluidic device was used for the trapping and subsequent
fluorescent imaging of suspension Jurkat immune ¢28R§]. The twolayer design of

this device enables fast, robust switching of fluids while cells are maintained in a low
shearstress environment for the duration of the expent. As can be seen Kigure

5-2a-d, this published device consists of cell trap layer, capable of trapping ktiagho

cells for subsequent analysis, connected to a large stimulus delivery layer, capable of
enabling fast flid switching, via small poref22(. Together, we are able to image
individual T cells through time with precise, uniform control of the cellular environment.
Taking a frequency response analysis approach, we probed Jurkat lymphocyte cells with
an oscillatory input of ED. (Figure 5-2e). To complement this enabling experimental
pipeline, analysis techniques were developed to enable an unprecedented view of calcium

signalingin T cells.
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PDMS Bonded Device
Stimulus Layer

Glass Slide
C% Trap Layer

Cell Loading _ Stimulus Delivery

Figure5-2: Microfluidic device description and experimental setup.

(@) 3D representation of the tWayer device plasma bonded to a glass slide. (b)
Depiction of the two layers of the device: red is the stimulus layer, which allows for
orthagonal bulk fluid flow and blue is the cell trap layer, which traps individual cells for
time-lapse fluorescent mioscopy. (c) Example of the celbading phase of the
experiment. Cells are loaded into the traps (shown in blue) via hydrodynamic focusing
and a porous membrane connects this layer to the stimulus layer. (d) Example of the
stimulus application phase of the experiment. Stimulus (shown in red) is flowed through
the top chamber and permeates the bottom through the porous membrane while cells
reman trapped. (e) Cells trapped in the device receive an oscillat@dy iHput signal

and we measure the resulting dynamic cytoplasmic calcium signal.

5.2.4 Methods: Modularized Device for Uniform Cell Stimulation

5.2.4.1Device Fabrication and Cell Loading

Devices wereanolded with PDMS (Sylgard 184, Dow Corning) and two master wafers as
previously desgbed[22(. Both layers were molded with a 10:1 mixture of PDMS pre
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polymer to cross linker. The first layer of PDMS was spun on the master with cell traps
to alevel of ~10L 2 & m psre stractures that connect the two layers were above the
PDMS and thus created holes for fluid to flow through. This layer was baked at 70°C for
approximately 15 minutes, until partially cured. The second layer was poured on the
stimulus chamber wafeota height of ~8 mm and also partially cured at 70°C for 20
minutes. Once both layers were partially cured, the stimulus chamber layer was cut,
aligned with the cell trap layer, and thermally bonded for an additional 40 minutes at
70°C. Once cured, holegere punched with a 1§auge needle and the tiayer PDMS

device was plasma bonded onto a clean glass slide.

5.2.4.2Singlecell Identification and Analysis

As experimental design becomes increasingly complex and capable of collecting large
guantities ofsingle-cell data, analysis is becoming dependent on automated techniques to
identify cells and collect metrics of interest over time. Many techniques available are
unable to discern anomalous or unrelated features that are similar to those of interest. To
combd this, our research first utilizes a manual approach for identifying cells of interest,
and then builds on a combination of Relative Difference Filtering and Clustering
(RDFC), which has shown to be useful for numerous systems with a predictable pattern
of signal. Collected images were analyzed using custom MATPABcripts
(MathWorks). First, cells were automatically identified in one of the initial images using

a previously described relative difference filtering and clustering (RDFC) appidaab (

et al, In Prep. Once the mask was created, it was applied to the entire image sequence
and the average fluorescent intensity of the cells was calculated and the local background

was subtracted, based on a small area to the top left of each identified tealaces
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were discarded if the average fluorescent intensity was negative for any walue i
measured time points.his indicatedthe background subtraction wabove the mean
fluorescent intensity, suggesting the identified cell may have squeezedrthtaitrap

and was no longer present. For the cells that remained in the trap through the duration of
the experiment, the average intensity was normalized via a linear transformation such that
each cell 6s signal var i escevYamnabominditiatlaading. Thi
of cell dye.

Once the normalized fluorescent intensity was calculated for each cell, it was then
analyzed via a modified spectral analysis GUI, as originally developed by Uhlén in 2004
[2417]. This GUI takes the singleell signals and first fits a second order polynomial to
each individually and subtracts this from the signal to remove artifacts from the
experimental condition$241], such as photebleaching of the cytoplasmic calcium
indicator, Flue3. The Fourier transform is then taken of the signal to identify dominant
frequencies in the signals. For each cell, the power spectral density is normalized to a
total area of 1 and the araader the curve for each frequency is calculated to determine
these dominant frequencies. It is then compiledwe@htedhistogramg242 with each
identified frequency being multiplied by the relative power of the frequency and
combined with the frequency information from all other cells in the population and
plotted in a weighted histogram. This histogram is then normalized such that the total

area under the curve is equal to 1 with bins of width 0.5 mHz.
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5.3 Results

5.3.1 Device for Multiplex Cell Stimulation

5.3.1.1Device is Capable of Delivering Robust and Tunable Stimulation

To perform frequency response analysis, the goal of the device is to interrogate cells with
oscillatory signals, which span a broad portion of the frequency space. To ensure this
device was capable of achieving this, we visualized the alternation of P8BS an
fluorescent signal, PBS with fluorescein, at varying frequencies. We quantified the
fluorescent intensity through time for various rows of the device and compiled it in
Figure5-3. It can be seen in the resulting spatehporal profiles that dispersion affects

the fluorescent profiles to different extents. For instance, lower frequencies (below 10
mHz) shows the oscillatory profile for all rows within the deviakhough those rows
towards the bottom of the device have a more sinusoidal profile when compared to the
step profile in the first rowdr-or higher frequencies, the residence time of 8 s in this
experiment is much higher than that of the alternating peAbodhese frequencies, the
desired waveforms are only resolved for the first few rows and beyond that the

microenvironment becomes homogenized into an average, constant stimulus level.
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Figure5-3: Varyingfrequencies in one layer device.

The temporal resolution is revealed by stimulus profiles oscillating in wide temporal
ranges: (A) 500 mHz (2 s), (B) 100 mHz (10 s), (C) 10 mHz (100 s) and (D) 5 mHz (200
s). Profiles were generated by alternatively deihg fluorescein solution and PBS at a
driving pressure of 3 psi. Heat maps show spatial (Y axis) and temporal (X axis) average
ROI fluorescent intensity (color bar) in single observation chamber.

This dispersion and mixing through the devigmits the attainabletempora
resolution, and also introducesriability within a given experiment between cells of

different rows.
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5.3.1.2Preliminary Study of Calcium Signaling in Response to Dynamic Stimulation of

H20»

Ca&" is actively sequestered in the endoplasmtcukim (ER) until T cell activation
triggers its releasg2, 64]. Upon stimulation, cytoplasmic €aconcentration has been
shown to oscillate through time, which is thought to be the result of stochastic
distribution of receptor proteins within the membi@2e73, 243. This dynamic calcium
signaling ultima&ely leads to nucleation of NFAT and production of cytokine interleukin
2 (IL-2) [15Q. Studies suggest a role of ROS in T cell activation, especially involved in
calcium flux that follows TCR recognitidi20, 37, 45].

We used our device to examine the response of Jurkat cells to dynamic
stimul ation by #£}soletionnwiht RPNIgnediaOMihow Rhendl Red
at 2 psi. The shear stress experienced by these cells is estimated from flow velocity data
to be around 1 dyne ¢nd much lower than the high shear stress blood cells are subjected
to normally in the bloodstreaif244]. Previous studieslso indicated naecognizable
effect on T cell signaling with thehear stresses estimated in the cell trapping chamber
[102 245. Thus we assume signaling is unimpaired with the observed continuous flow
conditions. Cytoplasmic C& concentration was monitored using fluorescence
microscopy of Flue3 while cells experienced stimulation at a frequencyitbke 5 mHz
or 50 mHz. Under 10xnagnification (e.g. for monitoring of cytosolic calcium dye such
as Flue3), only afew rows within an observation chamber can be monitored at the same
time. These cells are assumed to be under approximately the same stimulation profiles,
because for each of the two frequencies the concentration profile has been experimentally

shown to le similar in adjacent rowsHigure 5-3). Individual cell traces were analyzed
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over time, and a heat map of fluorescent intensity fé@ncells is shown ifrigure 5-4.

The cell number is not associated with location information.

Cell Number

c D
1 mmmm Average L mmmm Average
— Cell 9 Cell 13
0.8 - =-Cell12 0.8 v s B - = -Cell16
Cell 21 n o Cell 37

Normalized Fluorescence (au)

5 10 15 20 25 30 5 10 15 20 25 30
Time (min) Time (min)

Figure5-4: Cytoplasmic calcium signalling synchroniasgh low frequency oscillating
stimulus.

Heat map of 50 cells responding to (A) 50 mHz (20 s) and (B) 5 mHz (200 s) stimulation
of 10 @O.sSiMglekkell traces are graphed from selected cells responding to (C) 50
mH z and ( D) 5 mH z s t OnuThe popwation g fvisibly 0 O
synchronizing to the stimulus at 5 mHz, while response heterogeneity exists among
populations under each stimulation coiudit

The heat maps clearly sioheterogeneity within the patation of monitored
cells under each stimulation condition and select individuatreees are showRigure
5-4. The 5 mHz signal entrained some cells within the population to exhibit cytoplasmic
Ca&* concentration oscillations at approximately the same frequency. In contrast, the cells

experiencing 5nHz stimulation do not appear to exhibit oscillations of cytoplasmic
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Cé* concentration at the same frequency as the driving frequency. These results suggest
the C&* signaling pathway of Jurkat cells acts as a loyass filter, not responding to
stimulaion at high frequencies while faithfully reflecting low frequency signals. The cut
off frequency of this particular pathway was shown to be between 50 mHz and 5 mHz.
Given these results, we demonstrated the value of this device to generate
biologically rdevant signals in order to interrogate cellular signaling pathways and probe
its signal transduction properties. With a full spectrum of frequencies sampled, this
device is capable of garnering the experimental data necessary for frequency response
analyss and provides a more systematic approach to analyzing the underlying feedback

control in a complex biological network.

5.3.2 Modularized Device for Uniform Cell Stimulation

5.3.2.1Uniform Stimulation for All Rows with Robust Delivery

With thetwo-layer nature of this device, stimulation is delivered from the top layer at a
faster rate while keeping the cells in a Ishearstress environment. Due to the top down
delivery, all rows receive uniform stimulation and there are no delays or dispersion of
chemcal stimulation that may contribute to experimental artifacts within a degean

be seen inFigure 5-5 for the sampled frequencies, there is uniform, repeatable
stimulation for all rows sampled, which span from top to bottom of the device

controlling for stimulation profile during experiments
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Figure5-5: Characterization of different frequencies in two layericks

The characterization of the two layer device revealed robust and ursformlation in

all rows sampled in the device. (A) 1 min period, corresponding to a frequency of 16.7
mHz, (B) 2 minute period, corresponding to a frequency of 8.3 mHz, an@ (@hute

period, corresponding to a frequency of 2.8 mHz. Results were obtained from switching
PBS and fluorescein solution at 1 psi. Heat maps represent the average fluorescent
intensity(au)in a single row of the device.

5.3.2.2Cells are Automatically Identdd with RDFC

For each experiment, images were compiled into a video, which was subsequently
analysed for mean fluorescent intensity dfimgle-cell through time. To identify

cells located in the trap, one of the images from the video went through a
combination of relative difference filtering and clustering (RDEZ})aoet al, In

Prep. Briefly, this algorithm uses a standard 3x3 media filter taucedsparse
noise and assigns the value zero to regions with intensity lower than an identified
threshold Zhaoet al, In Prep. Following this, uneven illumination is reduced by
using a relative difference filter and a threshold is then applied to igdgntiéls
above the local backgroundhaoet al, In Prep. The resulting pixels of interest

are further filtered based on size, shape, and position in an ordered array with
respect to other cells usingnkeans clustering, as the cells are loading in a

predictable manner within the traglfaoet al, In Prep.
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Figure5-6: Example analyzed frame for identifying single T cellsan-layerdevice.

(A) Cells can be seen loaded in traps in a deterministic waysdime have been trapped

in pores that connect the two layers (red boxes). (B) RDFC result where the majority of
boxed cells from A have been removed, leaving only cells properly trapped for
subsequent analysis.

5.3.2.3Singlecell Traces Show Heterogeneity Withthe Population

Once cells have been identified in the cell trap array, a mask is created and then applied
to all images in a given experimental video. The average intensity is recorded with a local
background identified and subtracted for each specific cell. This helpsdtice the
variation in the event of uneven illumination during the fluorescent recording. The
average intensity is mimax normalized and eadsinglecell trace is put through a
modified version of a previously published GUI foralyzingcalcium oscillationg241].

The resultingsinglecell calcium traces were recorded and heterogeneitybeaseen in
responsesHigure5-7b,c). Traces weranalyzedfor dominant frequencies, as defined by
exhibiting an area under the curve greater than a designated threshold in tHadge&d (
5-7f,g). Interestingly, for given input frequencies, the average trace can be seen entrained
to the driving frequency, exhibiting a single dominant frequency at thesponding
driving frequency(Figure5-7d,h). When viewing individual cells, some will be entrained
similarly to the population averageFigure 5-7b,f) while others exhibit alternative

81



frequency responsegi@ure5-7c,qg), illustrating the necesy to use singkeell analysis

in this approach.
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Figure5-7: Data analysis pipeline of example 2.78 mHz experiment.

(&) The input signal was characterized using fluorescein media and oscillates at the
desired frequency of 2.78 mHz. (b) and (c) Two sirag# calcium traces illustrate the
dynamic information we receive from the experimental system: (b) Cell 6 and (c) Cell 78.
(d) Thesinglecell traces from a given experiment are combined to yield alatpo
average. (d1) 207 calcium signals are éh analyzed[241] by FFT and resulting
dominant frequencies are identified for frequencies above a chosen threshold (see
Methods). The power spectral densities (PSDs) are plotted for (e) the input signal, (f) Cell
6, (g) Cell 78, (h) the average signal of all 207 individds.
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During this analysis, we also extract the gain and phase for each individual cell
and combine them for furthepppulationbasedanalyses. This analysis pipeline allows
us to view individual calcium traces as signals in the frequency domaimatdty
providing additional information about the response of cytoplasmic calcium to the
experimental perturbation that cannot be captured with -cEsg®nse, bulk

measurements.

5.4 Discussion
In this chapter, Introduce tvo enabling technologies from the lab, both of which are
capable of delivering a range of profiles that were previously unobtainable for cells not
adhered to a surface. This ability was captured in two elegant solutions. The first device
kept fabrication and operational simplicity by cdmibg pneumatic valves with the
previously developed cell trapping module for suspension ¢2l§]. | developed
MATLAB © scripts to characterize the delivery of signals within the device, finding the
phenomena of dispersion and mixing as the signal movesghrthe dvice. Due to the
onelayer nature, not all cells within the device receive exactly the same stimulation: the
top rows receive a square wave whereas lower rows receive a more sinusoidal shape
while controlling for the average level of stimulant throughitwet experiment. Further,
the device had positive and negative experimental controls built into the design,
simplifying the number of experiments necessary and controlling for variation between
devices. The variability of stimulation throughout the device may prove useful in certain
biological systems that can be perturbed dynamically for known responses. It would
reduce the number of experiments necessary while providing othemwdtgainable

stimulaton profiles.
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The second device, which was previously depetl by our group, incorporated
second layer on top of the cell trapping modséparated only by a perforated PDMS
membrane, enabling quick delivery of stimulation from fast, bulk flow dowtheaocell
trapping layer while maintaining a low shear stress environjZ2§. We chose to
switch to this design for future chapters because of the uniform nature of the stimulus
delivery. Not only was thelevice capable of deliverinfinely tuned oscillatory input
sigrals, but it can be easily seen there is very little variation between rows, thus reducing
the amount of experimental artifacts for any given set of cells.

Development of both devicesas driven by an experimental need to perturb
suspension cells in a dgmic fashion. We confirmed this need was metlgracterizing
the devices and subsequenihyestgating the role of ROS in Jurkat human T cells'
calcium signaling networkn this chapter | have demonstrated the utility of the one layer
device for perturing Jurkat T cellsTo accomplish this, we stimulatestlls with two
dynamic patterns of ¥D. signals.The acquiredresults showed thieeterogeneity among
cell popuation and allowed us tooughly estimate the ceoff frequency of theCa*
signaling network in Jurkat cells. Our results would not be observable in populat
average based, bulk expeents and emphasized the unique value of our platform to
enable the study of cellulargnaling network properties.

These experimental resultwere obtained through the development of a
complementarydata analysis pipeline capable of accumulatismglecell data and
analyzing it through time. This analysis technique reduced the time it takes to compile
such data with conventional technologiesl alemongates its utility when examining

singlecell responsesompared to the population average of the cells, showing a wide
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range of responses that were previously uncharacterized. This method of analysis, while
providing new insight into the range oésponses, also makes it difficult to make
conclusions while controlling for population heterogene#ysus experimental variation

To help reduce the latter, we switched to the-kye@r device and characterized less
variability between the rows. Thigdice was chosen for all subsequent signaling studies
due to the uniform nature of stimulation.

Although wedemonstrated the concept of theseices with T cells, as the signal
generation moduke areindependent from theell-trapping module, thecell-trapping
modules can be replaced to adapt to most cell sizes and tyeslarly, the analysis
techniques shown here can be used for different cell types and fluorescermrsepurs
providing a complete package fingle-cell analysis in response to dynamic stimulation.
We envision this platform to be applied to broad sikuge analyses, such as in

pharm&odynamics, immunology, stem cells and cancer research.
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CHAPTER 6 T CELL RESPONSE TO OSCILLATORY

STIMULATION

6.1 Introduction

As partof the adaptive immune response, T cell lymphocytes function to recognize and
respond to pathogens present in the baflith a multitude of functions, T cells have
been implicated in numerous diseased conditions, such as autoimmune disofiders
cell adivation induces rapid proliferation and a change in intracellular signaling cascades
to alter gene expression and ultimately cytokine relf2@e More specifically, when an
antigenpresenting cell (APC) engages the T cell receptor (TCR), a cascade of activated
kinases phosphorylates phospholip&sg (PLC-g) [31], which cleaves PHB?o generate
IP3. 1P3 subsequently birglIP; receptors (IER) and calcium is released from intracellular
stores into the cytoplasfi82]. The subsequent calcium signaling involves oscillations,
thought to be the result of the stochastic distribution ¢RR Within the membrane and the
result of calcium influx from external sourcgE&, 73]. This signaling profile illustrates
the ability for calcium to produce complex signals as opposed to molecules that produce
binary state switchg$5]. Different frequencies have beshown with varying levels of
stimulatiorj24€6 and hae an effect on the activation of downstream transcription factors,
such as NFAT and NB H22, 32, 247].

The increased signaling capacity during T cell activation is also associated with
an increase in glucose metabolism and subsequent burst of reactive oxygen species
(ROS) from NADPH oxidaseg37] and the mitochondrif20]. ROS, such as hydrogen

peroxide (HO.) and superoxide, are produced within the cell andaacsecondary

86



messengers in numerous cellular processes. Alteration of ROS production and regulation
has been implicated in diseases such as cd®¢eand autoimmune disordef24§.
However, it is often difficult to measure ROS within the cell and many techniques only
allow for population averages through time. Therknewn cross talk between calcium

and HO. during T cell activation; ROS is able to activate calcium release chdii®els

81] and increase the channel activity of two ER membrane channg®sattel RyR[85,

87, 249. The connections between these signaling molecules are difficult to analyze due
to the fast, dynamic kinetics and subcellular localization. We seek to better understand
these connections in the cont@x frequency encoding, looking to answer the question of
whether dynamic stimulation with28; is able to affect G4 signaling in the frequency
domain within T cell lymphocytes. Furthermore, we seek to determine which frequencies
of input oscillatory caditions of HO; elicit the best C4 response.

Controtbased computational methods have been developed for discerning
complex, interconnected networks of signaling molecules that are difficult to interrogate
with bulk measuremen{21§. Ultimately, these techniques chalp identify and model
only dominant interactions within the network by characterizing the behavior of a system
from its responses to sinusoidal inputs. This is accomplished by applying oscillatory
stimuli to cells and measuring the resultant gain ara@lshift of the output signal. This
behavior can be modeled with a transfer function, reducing the parameters necessary to
describe a biological system. We also attempt to compare this response to a large,
mechanistic model of the interaction between R&8 C&" molecules during T cell
activation. We present here an approach to interrogating calcium dynamics with dynamic

H20: input to elucidate characteristics of the signaling network.
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T cells develop in the thymus and reside as suspension cells idotiee Bs
suspension cells, they have been historically difficult to analyze dynamically at & single
cell level because they often float out of the focal place during fluorescent microscopy
imaging. There are techniques, such as flow cytometry, that esiaiglecell analysis,
but these are engbint assays that cannot monitor a singgd through time.

Advances in microfluidics have enabled more advantageous methods for T cells,
such that hundreds of single T cells can be loaded into a single deviecroaitdred
dynamically with fluorescent moleculgd02 250253, providing insight into the
underlying signaling networks with commonly available fluorescent probes and markers.
Recent microflidic devices have also enabled delivery of robust,-trarging chemical
signals, in contrast to conventional experimental techniques which measure the response
of cells to a single perturbation of step increase or bolus of stillits 220. The
enhanced experimental capability can be combined with frequency response analysis,
originally devebped in control engineering, such that the underlying complex signaling
networks can be discerned more easily. As calcium signaling is an almost immediate
response to T cell stimulation, occurring within seconds of stimulation, it is an
appropriate molecal [254 candidate for this analysis technique. Examples of this
appoach include biological applications in the osmotic stress resddrdsk and the
galactose response pathwag(Q in S. cerevisiae

In this gudy, we utilize a microfluidic device and frequency response analysis to
investigate features of intracellular calcium dynamics in responseQg dtimulation in
Jurkat cells, an immortal T cell lymphocyte line. We protieddynamics betwedt>O»

and C&" by varying theextracellular HO, environment of the cell and recording the

88



intracellular cytoplasmicCa?* response to varying frequencieGells in any given
experiment receiwka single frequency of stimulation and celgsre combined across
conditiors for an experimental Bode Plot, which provides insight into the @itaamics

of cytoplasmic C# signaling in response td.0.. We report that Ca responds to kD>

with second order filtering characteristics exhibiting a natural frequency of 2.78 mHz,

corresponding to known downstream effector functions.

6.2 Materials and Methods

6.2.1 Cell Culture and Treatments

Experiments were performed on the JurkatlH&uman acute T cell lymphoma cell line
(American Type Culture Collection) grown in conditions as described b¢Rirg.
Briefly, the cells were cultured in RPMI 1640 without Phenol Red (Lonza) and with L
glutamine (Sigma&Aldrich), supplemented with 10 mM HEPES buffer (Corning), 1 mM
sodium pyruvate (Cellgro), 50 units rAiL penicillinstreptomycin (Cellgro), 1x MEM
nonessential amino acids (Cellgro), and 10% fetal bovine serum (Silgmeh).

To visualize cytoplasmic calciunm response to varying experimental conditions, the
cell s were | oa®d&M, ceN pernieant(Life chirologies) and 0.05%
w/v Pluronic F127 (SigmaAldrich) for 30 minutes at 37°C. Cells were subsequently
washed with PBS and resuspended imglete RPMI media without Phenol Red, as

described above. Cells were loaded into the device at a density of tedlsmL.

6.2.2 Device Operation
Devices were primed with 2% BSA in PBS to prevent unintentionalacélesion and

nonspecific binding. Once albubbles were removed, the top, stimulus chamber, was
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connected to two pressurized reservoirs of fluid at 1 psi. Specifically, these reservoirs
contained either complete media or complete media with the addition of 10, 25, 50, or
100 HO4 Cells were loded into the device via gravity driven flow as previously
described[22(]. Once cells were loaded, the different solutions were delivered at
alternating frequencies, as defined with user input to custom MATLABathWorks)

scripts, which controlled of€hip pinch solenoid valves.

6.2.3 ROS and Calcium Model: System of Differential Equations

The model description is modified, with permission fid®4 to include updates to
eqguations and optimization framework.

There are many known interactions betweef'G@naling and ROS metabolism during

T cell activation. To better elucidate some of these key interactions we built upon the
model presented in Chapter 5 and added interactions, such as proteins regulating ROS
and C&" metabolism, into the different compartn@nf the model. As can be seen in the
model depiction inFigure 6-1, there are two major modules of the model: ROS
production and CA fluxes between organelles. this model, we assume all species
concentrations are spatially uniform within any given compartment. Mafiya@d ROS
modulation interactions described here have not been mathematically derived in previous
work, and we have assumed these biological psesesan be described using Michaelis

Menten and Hilitype functions.
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Figure6-1: Schematic of Species and Connections Within the RGShzdel.

Connections between the T&odule (Black) and ROS Module (Red) are depicted here
with dashed arrows representing inhibition and solid arrows representing activation.
Modifications are described in the text for equations subjected to regulation.

6.2.4 Model Equations: ROS Module

The firda module of the model comprises ROS production and clearance mechanisms
within T cell lymphocytes. ROS are lumped together; there is no distinction between
different species present within the cell. Previous work in our group has encompassed a
more detaild model of cytosolic B, and its clearance from Jurkat cells, including
mechanisms involving catalase, glutathione peroxidase, peroxiredoxin, glutaredoxin,

thioredoxin and glutathiong55. In this approach, many of these interactions are either
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simplified or removed such that only major production and clearance mechanisms in each
compartment are in place.
The fundameral equations, describing ROS concentration in the cytosol, ER, and

extracellular spaces are described below for KOOSR, and ROS, respectively:

—Q ny 0 Equation6-1
Qo
Q'Y_ﬁ‘( 0 0 0 0 0 0 Equation6-2
Qo
QYW
P 0 0 0 Equation6-3

Q0o ?

where” s the ratio of the volume of the ER compared to the cytosolic volume.

6.2.4.1R0OS Flux Across the Plasma Membrane

The rate of ROS transport across the plasma membrane from extracellular space to the

cytosol is described based [#55:

0 0 YUY  YOY Equation6-4

where Kperm is the coefficient to describe the permeability of ROS through the plasma

membrane and is adjusted to reflect the surface area of the cell, as was[@58k in
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6.2.4.2Production of ROS

ROS is produced as a result of many reactions within the cell. NADPH oxidases are
commonly activated to produce either superoxide gd.Hluring T cell signaling and

two exist in T cs: Nox2 (Jox), and Duoxl (o), Which is also sensitive to €437,

259).

Nox2 has been extensively studied due to its importance in phagocytic oxidative
burst during T cell activation, which subsequently controls many interwoven aspects of
the signaling cascade. Nox2 activation occurs as a result of a series of complex protein
protein interactions and proper phosphorylation is required for full acfp&y257. We
further simplified previous models of NOX activation @pithelial cells[25§ to be
dependent solely upon dfor activation since the same upstream effector feidRilso
responsible for activating protein kinase C (PKC), which phosphorylates downstream

targets through RAR259, 260, ultimately activating Nox2:

0 W ~O—6 Equation6-5
0o v

In this equation, Wox is the maximal rate of ROS production via Nox2l dhox is the
concentration of IPat which the reaction rate is half ofio\

The other NAPDH oxidase studied here, duoxldépendent on CGaand has
been shown to be important during the initial, rapid production @>Hipon TCR
engagement. ROS production via Duox1 is described as linear with respecatal IR
2" order Hill function with respect to cytosolic €devels ased on its activation via
C&* binding to EF hand motifs and phosphorylation through PKCHelépendent routes
[261]:

93



0 w 0o , Equation6-6

where Muox IS the maximal rate of ROS production by Duoxl dafglox is the
concentration of Gg at which the reaction rate is half ofilx

Another notable source of ROS is from the electron transport chain in the
mitochondria. It has been shown previously that ROS production is increased,
specifically from the mitochondria, but the connectionQ&* signaling is still being
discerned. There are currently conflicting reports suggesting under some inhibitory
conditions, C& induced ROS production in the mitochondria, but under normal
conditions it may be reduced upon?Caignaling[90, 267. Due to this discrepancy,

mitochondrial production was described with a constant rate with no dependencg:on Ca

0 W Equation6-7

6.2.4.3Cytoplasmic Scavaging of ROS

Previously generated moddl855 were combined into a single 1st order mass action
kinetic equation to describe the redox reactions and other protein thiol modifications

responsible for metabolizing28-, with kscavrepresenting the scavenging rate constant:

0 Q YUY Equation6-8
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6.2.4.4Permeability of ER Membrane

It has been shown that ER ROS levels increase in response to bolus additie@s, of H
suggesting the ER membrane is somewhat permeable to this mg@&gleWwe model

this as being dependent on the difference in concentration thtiooe:

0 0 YOY YUY Equation6-9

with kerpermbeing the permeability of the ER membrane to ROS.

6.2.4.5ER Production of ROS

The ER is the site of protein folding and requires a highly oxidative environment to
ensure the proper post translational modifications can occur. To create this environment,
there are many sources of ROS present in the ER, including oxygenases andsoxidase
[264]. Erola is also a significant source of ROS in the ER and helps to set the highly
oxidized state while reducing fluctuations via a feedback mechd@85267. We have

simplified this production rate below:

0 W - : Equation6-10
YOY v

where \ero1 maximum production rate of ROS IBrol, Kero1is concentration of RQS

at which the reaction rate is half oM, and the Hill coefficient is represented withom
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6.2.4.6ER Scavanging of ROS

The ER is also able to reduce ROS, by means such as the thiol/disulfide system that
includes glutathione, newly synthesized proteins, pyridine nucleotides, and gfdcose
phosphate (G6P)259. It was shown in[263 that ER levels decrease after?Ca
mobilization, without ERO4 activity, suggestingCaer levels affect ROS degradation
[261]. This aligns with other work that suggests low intraluminad*@an lead to an
altered redox status and ultimately misfolded proteins. Simplifying these interactions, we

arrive at the following equation:

0 Q YOY < . Equation6-11

where krscavis the maximum rate of ROS scavenging in the &Rl Kerscavis the
concentration of G& at which the reaction rate is half ofr¢av and nscav is the

associated Hill coeffient.

6.2.4.7Model Equations: Ca Module

The second module contains interactions involved with €lignaling and represents the
same mathematical description as in Chapter 5 for the main fluxes between intracellular
compartments, with the addition of ROS modoitgt parameters, described below.
Reflecting those in Chapter 5, the main equations 6f Kiaetics are given here:

Qo Equation6-12
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— 0 0 0 Equation6-13

0 0 Equation6-14

Cay: andi represent the concentration ofaand the ratio of free to total €an the

cytosol, respectively. Ga andf represent the concentration ofCand the ratio of

free to total C& in the mitochondria. SimilarlyCasrandf  represent the concentration

of C&* and the ratio of free to total €ain the ER[188 197]. We use’ and” to

correct for he difference in volume between the ER and mitochondria compared to the
cytosol. There are many proteins involved wittt'Qauffering that have the potential to

be redox sensitive, but oxidation of various proteins results either increased or decreased

affinity for Ca2*, and thus these mixed effects have been left out of the equations.

6.2.4.8C&" Flux into the ER

Ca&* flux from the cytosol to the ER is modulated througRIRhannels, which have the
ability to be redox regulated at several cysteine residueseXxample, IBR1 has 60
cysteine residues, with 70% shown to be in the reduced state with diverse regulatory
significance and accessibilif268. IPsR activation can also be sensitized via oxidation

of thiol groups by thimesoral or GSSG such that lower levels p&i® able to activate
channel activity[85, 269, 27(]. Duoxl is also cexpressed with BR in T cells,
suggesting Duox1 activity may provide a positivedieack necessary for 3R activity

[27]]. Finally, some studies found a potential link between ER redox state and the
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functional activity of IBR, even without specific purported cysteine dasss that would
give rise to these specific modificatiofs72-274. From these interactions, vdescribe

the ROS modulation as a redox dependent modification of tregflfity constant:

0 ®w 0w 0 Equation6-15

where Mps is the maximal flux of CA through IRR into the ER, ath Pps is the
probability that IBR is open. The open probability can be described as a function of
Cay, IPs concentration, and h, which is the fraction ofRPthat does not have €a

bound to the inhibitory site:

‘0o 0w

— — - 0 Equation6-16
Oo + ow )]

C2

where Kutis themidpoint of C&*-dependent channel activatiand Kpzrosrepresents the

ROS dependent dissociation o fFom the IR binding site:

0 ) — = Equation6-17

with Kipz representing the concentration of; IRt which the half maximal observed
reaction rate is achievelipsrosis the concentration of R@&that leads to half maximal

altered IR binding affinity and nrosIP3 is the Hill coefficient for this process.
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We also define the fraction of inactivates®? (1-h), to be a function of Ga and the

affinity of Ca?* for theinhibitory site, Q:

—, 0 p QUL O0® 0w Equation6-18

Equation6-19

C
2

where A is a factor to control the relative time scal@s, is the affinity of C&" for the
inhibitory site, and kesinn is the altered IRaffinity to its binding site when Cis bound

to the inhibitory site.

6.2.4.9C&" Flux into the ER via SERCA

Ca" is adively sequestered into the ER via SERCA pumps, which have between 22 and
28 cysteine residues that are redox sensitive to inhibit pump activity during higlyt ROS
levels[92, 271, 279. For simplicity, we modeled a general modification of combined

SERCA isoforms dependent on RQS

’ : oG = E tion6-20
0] w — - — = uation6-
ow L YUY Q 9

where Merca is the maximal velocity of C& through SERCA pumpsKserca iS the
concentration of Gg at which the reaction rate is half oOfseda KsercarosiS the
concentration of RO concentration for half maximal pump inhibition ansercaros is

the associated Hill coefficient.
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6.2.4.10ER C&" Leak
Due to the increase in nonselective membrane permeability upon high levels ef, ROS

we modified grieak

Equation6-21

where Kerieakis the constant leak of €athrough the ER membrane and R@&: is the

initial level of ROS in the ER.

6.2.4.11MitochondrialControl of C&*

The mitochondrial control of Garemains unaltered from Chapter 5 because there are no
confirmed reports of redox modification of the channels and pumps involved with Ca

transport across the mitochondrial membrane:

U w — : Equation6-22
0w V]

v w (o] )] — : Equation6-23
0w V]

6.2.4.12C&" Transport Through the Plasma Membrane

SOCE is dependent on ER Lalepletion to activate STIM1. STIM1 dimerizes and

associates with ORAI1 at the plasma membrane to activate CRAC channels. It is not
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clear from literature what role redox regulation playsSCE, and conflicting reports

led us to keep the flux identical to that described in Chapter 5.

0 [ — . — , Equation6-24

Similarly, the leak of C& ions through the plasma membrane is not thought to be redox

regulated and hence was kept the same as in Chapter 5:

0 0 0w Equation6-25

Similar to SERCA pumps, PMCA pumps are thought to be inhibited by oxidation in the
presence of high levels of ROR76 277. As such, C& flux through the plasma

membrane into extracellular space has been modified:

) ) ow Q )
v w T . — = Equation6-26
ow L YUY Q

where \pmca is the maimum rate of efflux of C& via PMCA pumps,Kpmea is the
concentration of Gg at which the reaction ratés half of Vpmca Kpmcaros IS the
concentration of RO& necessary for half maximal pump inhibition anghdarsis the

associated Hill coefficient.
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6.2.5 ROS and Calcium Model: Parameter Optimization

Parameter estimation waschieved via a sum of squared error function, taking into
account the difference between collected experimental data and the model prediction for
different parameter sets. This was achieved by using the genetic algogdhmn ¢he
MATLAB ® Global Optimizaéion Toolbox. For estimating modeling predictions against
different experimental conditions, the objective function was estimated below as in

Chapter 5:

® me TV‘wv‘ e Equation6-27
w uE

We kept the parameters from Module 2 consistent with the Jurkat Model results from
Chapter 5 where possible, and varied Module 1 parameters while fitting to data available
in the literature. The model was simuléusly fit to three different datasets found in
literature on the RQs concentration changes through tif263. The first dataset was
captured inresponse to DTT and we represented this ROS scavenger witHfoih 8
increase in the scavenging rate of the cytosol and ER. The second dataset was collected in
the presence of thapsigargin and we represented this with an 85% reductieiiihé

third data set was recorded in response to histamine treatment, and because this time
course was reminiscent of €&inetics following TCR ligation, we increased the; IP

input function for the first 5 minutes of treatment to accommodate the experimental
perturkation. Parameters were simultaneously allowed to vary with the initial conditions

for each species. Many parameters identified in Chapter 5 were kept constant.



Table6-1: Optimized Initial Conditions foROS/C&" Model.
Initial conditions were allowed to vary in physiological ranges according to literature to
best fit the experimental data.

Parameter Optimized Bounds

Initial

Condition
3 |=||_, < 0.012 pM [0.0005, 0.05] uM
4 H - 79.2 uM [60, 100]uM
3 H%, < 0.012 pM [0.0005 0.05] uM
AR« < 0.0376 uM [0.01, 0.1] pM
,:|=H 338 uM [250 550] uM
| 0.97 [0.5, 0.99]

Table6-2: Optimized Parameter Values lROS/C&* Model.
Many parameters were set constant to the Jurkat model values from Chapter 5. Some
values were modified or introduced based on ROS interactions within the network of

eguations.

Parameter Optimized Bounds Source/Explanation
Parameter Value

gy 0.056 0.056 Chapter 5
0.049 0.049 Chapter 5
0.033 0.033 Chapter 5
0.015 0.015 [213
0.08 0.08 Chapter 5
40s1 40s1 Chapter 5
0.13 uM 0.13 uM Chapter 5
0.079 0.079 Chapter 5
1uM 1uM Chapter 5
0.82 uM 0.82 uM Chapter 5
0.0043 sl 0.0043 sl Chapter 5
0.43 uM 0.43 uM Chapter 5
388.6 uM sl 388.6 UM sl Chapter 5
0.81 uM 0.81 uM Chapter 5
188.9 uM s1 188.9 uM s1 Chapter 5
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Table 62 continued.

Lo w6 < 4.03 uM 4.03 pM Chapter 5
L p Ll 24 puM sl 2.4 uMs-1 Chapter 5
vo A 363.5 uM 363.5 uM Chapter 5
Ly <o 178.1 uM 178.1 uM Chapter 5
Lyvaoim 1.1e6 st 1.1e6 s! Chapter 5
- 0.11 uM 0.11 uM Chapter 5
S 0.096 & [1e-2 1le1] st Adapted fron{27§,
according td194
T -e 1.03e5 uMs? | [1e7 1led] uM st | [194
L .. 4.00 uM [1 8] uM [194
6.00e5 pMs? [ [1e-7 1led4] uMs? | [194
0.052 uM [0.05 1] uM [194]
0.098 uM [1e-4 0.1] uM [194
0.0021 pMs? [1e-4 1e2] uM st | Adapted from [279
according td194
120 uM [85 120] uM [194]
6 [1 6] [194]
5.74e5 s? [4e-5 7eb] [194]
306 uM [150 350] uM [194]
3 [1 6] [194
1.77 uM [0.1 5] uM Modulated from Chapte

5

300 pMs?

[85.8 300] HMs?

Modulated from Chapte
5

2.22 pMs? [1.5 10] uMs?t Modulated from Chapte
5

1.2e6 pMs? 1.2e6 pMs? [194

1.2e3 st 1.2e3 Adapted from [278§
accoding to[194]

0.0442 uM 0.042 uM Adapted from [28(Q

0.462 0.462 according td194

1.151 uM 1.151 uM Adapted from [92],

0.38 0.38 according td194

0.258uM 0.258 uM Adapted from [277],

1.147 1.147 according tq194

6.2.6 Fitting Transfer Function Model

Parameters to the 2nd order system funotvere fitto the median of thsingle-cell data
at each frequency busing the same approach as for the RO%" @aodel. These

parameters include K, the system gainthe damping coefficient, and , the systems
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natural frequency in rad/3he parameters are allowed to vary between given bounds

while evaluating the gatic algorithm (ga) in the MATLAB Optimization ToolboX".

i ¢ 1 Equation6-28

Table6-3: Optimized Parameter Values for Transfer Fionckit.

Optimized Parameter Values
Parameter . Bottom Bounds
0,
Population Top 25% 2504
K 7.09e7 7.80e6 1.53e7 [1e-8, 1e3]
[ 0.0220 0.104 0.00240 [1le5, 1]
0. 0.0177 rad/s| 0.0168 rad/q 0.0190 rad/s [0.0126?8.019]
Error 3.7640 2.5980 3.4388
Poles -0.0004 -0.0017 -0.000045
+/-0.0177i | +/-0.0167i | +/- 0.0190i
Stable? Yes Yes Yes

6.2.7 Frequency Response Analysis

Frequency response analysis does not require previous knowledge of a system, but rather
treats the system as a black box and visualizes only the output response to the known
sinusoidal input signal. To do this, the input and output signals must be deeahiptos

their frequency components. More specifically, any signal can be represented as a sum of

sine waves using the Fourier transform. Mathematically, we derive the Fourier coefficient

Y1 of an output signal R(t), at angular frequencywith the folowing equation:

Y7 siY Q YOoQo Equation6-29
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where n is number of sampled periods. The resulting Fourier coefficient is a complex
number whose amplitude and phase can be calculated for each frequéayciaking the
norm and angle of the Fourier coefficient. While many systems utilize a noisy input
signal composed of a wide range of sinusoidal inputs to calculate the resulting gain and
phase for each frequency sampled in the output signal, it is difficult to apply this system
to our complex signaling network as it will be difficult to ascertain xpeximental
signals are solely the result of underlying sinusoidal inputs presented to the cell or if they
are a result of experimental noise. As such, we decided to sample the system with a
sinusoidal input composed of a single frequency. The resulting gyad phase are
calculated for each frequency and compiled for multiple sampled frequencies into a Bode
Plot.

This Bode Plot can be investigated using a transfer function to mathematically
describe the systembs behaedinthe Laplate Domanf e r

as:

(g
Oi — 0 — Equation6-30

Where H(s) is the quotient of the Laplace transform of the output signal y(t) and the
Laplace transform of the input signgbu This can also be represented as the product of

the zeros, &, and poles, § of the system, where m is the number of zeros and n is the
number of poles with nOn. K is the system gain. The frequency response, H(s) can be

calculated for given frequeiss; .
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Due to the complex nature of our system and the manylimesrities present in
the equations, we chose to instead probe the system with a given input to reverse engineer
the transfer function estimation. Thesilico frequency response was created by driving
the model with an oscillatory #2ex: input and calculating the gain and phase response of
the output signal of interest, &aThe gain and phase was computed for each frequency

sampled using the fast Fourieaisform (FFT) in MATLAE® (Mathworks).

6.3 Results

6.3.1 Single-cell Analysis Reveals Response to Oscillatory Stimulation

Once singlecell calcium traces were analyzed, they were compiled to provide insight to
the response of cells to frequencies of interest. Fds oeteiving a frequency of 2.78
mHz, corresponding to a period of 6 minutes, we observed a wide range of dynamic
responses and resulting dominant frequencies to a given stimulation, thus highlighting the
emphasis to look at a singtell response as oppxtto the population average of these
experiments Kigure 6-2a,d). This experimental condition was compared to two controls
for mechanical switching of fluid flow: (1)media control where the -cellular
microenvironment switched at the same frequency but both solutions contained standard
RPMI media and (2) fpDcont r ol where the two HOo!l uti ol
supplemented RPMI media. We observed a clear entrainmentanf cells to the
oscillatory hydrogen peroxide stimulation; this was more pronounced than in the control
conditions Figure 6-2). It is evident from these singtel traces that cells become
entrained to specific driving frequencies, in particular the oscilldti#@ condition as

compared to the two controlBigure6-2d-f).
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Figure 6-2: Singlecell analysis reveals observable entrainment to oscillata®. H
treatment when compared to controls.

Cells were stimulated with three different oscillatory conditions, all of which were
performed at 2.78 mHz frequency. (a,d) For the treatment condition, the cellular
environment alternated between 25 pMGd supplemented RPMI media and RPMI
media. (a) The resulting histogram of dominant frequencies shows a peak at the driving
frequency (geen arrow) and (d) the heatmap of cytoplasmic calcium concentration
through time for cells shows the same entrainment characteristics. (b,e) For the media
control, the cellular environment alternated at the same frequency, but both fluids
contained only RMI media. (b) The histogram of dominant frequencies shows a reduced
peak as compared to the treatment condition and (e) the heatmap of cellular traces
similarly shows less entrainment to the driving frequency. (c,f) T#@;ldontrol was

also driven at 2.78Hz frequency but both fluids contained 25 pMdd supplemented

RPMI media. (c) The histogram of dominant frequencies and (f) heatmap of cellular
traces also show less entrainment to the driving frequency. For (he frequency
domain is reduced to X@Hz for easier visualization.

We also visualized the dominant frequencies present in cell signals when driven

with a frequency of 2.78 mHz, and found a peak in dominant frequencies of the treated

cells corresponding to the driving frequency. Both theienaddH>O» controls showed a
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reduced peak in dominant frequency at the entrainment iaigeré 6-2a-c), indicating

the experimental application of oscillatody.O, drives this C& response. This
populationbased visualization shows that although the population is heterogeneous in
responses, there is an appreciable shift to correspond with the driving frequéh€p of

stimulation in at least a subset of the population.

6.3.2 Input Amplitude Alters Cellular Entrainment for a Given Frequency

Experiments were repeated for different concentratiomp©s( 1 0, 25, 50, and
and we observed from the dominant frequency frstms that the entrainment is
depenént on input amplitudeHgure 6-3a-d). These experiments were all driven at the

same frequency, as shown before, of 278 mHzeandl y t he 25 €M condit

large peak in outputgnal at this frequencyr{gure6-3b).
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Figure 6-3: The amfitude of oscillatory stimulation differentially regulates the output
signal with maximal entrainment at 25 uM.
We applied the same 2.78 mHz signal to cells but altered the amplitude of the input via
H20- concentration. We repeated the same experimégn) 40 uM (b) 25 uM (c) 50 uM

and (d) 100 uM. The dominant frequency histograms are shown for each experimental
condition and clearly show entrainment only for the 25 uM condition. The frequency
domain is reduced to 10 mHz for easier visualization.

We cacluded this concentration waisleal for eliciting the C# signal;

concentrations

similarly, those concdnr at i ons

H@ were nottableato elict $he roddst response and

t est eHdO, asb chade dimiisShed € M

responsiveness at the driving frequency, potentially due to cytotoxic effects of high ROS.

From these results, all subsequent experiments were don2 Wwith El>{Ub.
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6.3.3 Cellular Entrainment is Dependent on Input Frequency

While keeping theconcentratia of HHO. ¢ o n st a n t Hx@xf the 2nput feedWiency

was varied in different experiments between 16.7 mHz (1 minute period) and 0.83 mHz
(20 minute period). The cells responded to at least the initial inpui@f $ignal, but not

all frequerties elicit the same entraiemt seen with 2.78 mHzZFigure 6-4f-j). For
instance, at the higher frequencies of 16.7 and 8.3 mHz cells did not respond to later
inputs of hydrogen peroxide but instead appear to slowly diminish in inttdaell
calcium signaling Kigure 6-4f-g). This was corroborated by the histograms of dominant
frequencies, which show very low or no response in the frequency domain at the driving

frequency, as denatewith the green arrowF{gure6-4a,b).

a 16.7 mHz b 8.33 mHz c 2.78 mHz d 1.67 mHz € 0.833 mHz
-
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Figure 6-4: Differences can be seen in output signal with different input frequencies of
H20..

We applied oscillating 25 pM #D2 input signals to the cells at various frequencies: (a,f)
16.7 mHz, (b,g) 8.33 mHz, (c,h) 2.78 mHz, (d,i) 1.67 mHz, (e,j) 0.833 mHz. The
dominant frequency histograms are shown he)(&ith the respective driving frequency
denoted by the green arrow. Correspgongcheatmaps showing the first 100 cells from a
representative experiment are shown #j).(The frequency domain is reduced to 20 mHz
for easier visualization.
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This could potentially be the result of fatigue of the system, such that the calcium
signalng mechanistically cannot recover and respond at this rate. For experiments done
at lower frequencies, the cells appear to recover between oscillations and exhibit an
increase in calcium signaling when the environment is altered, although this increase was
not sustared through the duration dfi2O. application Figure 6-4i,j). These higer
frequencies elevate tHd-0. in the cellular environment for longer periods, potentially
harming the cell or exhausting the calcium signaling. The cellular response heatmaps also
demonstrate the same theme of population heterogesgiglecells often have varying
responses to theame input signal and this approach best captures those differences. The
majority of cells can be seen responding in the 2.78 mHz frequency with the greatest

entrainment.

6.3.4 Second Order System Model Describes the Behavior of T Cells in Response
to Varying Stimulation

Once the above analysis was performed for each experimental conBigareG-4), the

gain and phase of individual cells was compiled across at least &peimdent

experiments for each frequency (Figuredjalt can be seen here that there is a defmiti

peak in the gain response atiet 6 minute period emerges as compared to all others

(Figure 6a,b). It should also be noted that there is a drop in pbage drequency

increases concomitant with an increase in variability.
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Figure 6-5: The Bode plot representation of the data is well approximated with second
order behavior with a resonant frequency at apipnately 6 minute oscillations (2.78
mHz).
All error bars are shown as median with the wafeartile range to show the distribution
of the population. Gain was calculated for individual cells and plotted as (a) the median
with interquartile range and Xla scattered dot plot where each dot represesisgie
cell calculation. Phase was similarly calculated for individual cells and plotted as (c) the
median with interquartile range and (d) a scattered dot plot where each dot represents a
singlecell calaulation. This experimental data was fit to a second order transfer function
as shown in (€).

More specifically, there is a noticeable decline in gain and phase past the 2.78
mHz experiment al condition, i ndi cantong a
periods lower than 6 minutes. This conclusion is in line with previous reports of
biological systems behaving as lpass filterd281]. As cells must filter out numerous
environmental cues and assimilate them to mount a resp282284]; it would reqire
a great energy expenditure to respond to every fluctuation in the environment. As such,
these cells appear to filter out signals above and below the experimental condition of 2.78

mHz, but can still be seen entrained slightly with the 10 and 20 neuied conditions.

This visualization also provides an unparalleled view of siogleresponses within a
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population of genetically similar Jurkat T cells, which has a surprisingly large variation in
magnitude.

We sought a transfer function to enhance onderstanding of the underlying
biological network while providing a model for future hypothesis driven experimentation.
The experimental data suggested a resonant frequency at approximately 2.78 mHz and

damping. This data trend aligns with an overdamgedond order transfer function of

the form:

p

ol Uzi ¢ 1 Equation6-31
where K is thessybtemagaral ¥requency in

factor. When fit to the median of the experimental conditions across various frequencies,
and our resultant transfer function aligned welg(re6-5e,f).

We then subdivided the population of cells into quartiles based on the gain
response and again fit the data to a second order band pass filter to compare the
parameters between subpopulatidrigire6-6 andTable6-3). For the top 25% of cells,
we see a much more damped system reaoll a decrease in the range of phase values
compared to both the population and to the bottom quartile. This interesting result
suggests that the cells with highest gain values appears to have a less variable phase
response, implying cells are more inagk with one another than when visualizing the
entire population. This is not true for the bottom quartile, as the phase variation appears

to be more similar to the population of cells. Although cells are not sampled for different
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input frequencies, we higight the potential for different cells within the population to

have distinct and separate filtering capabilities.
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Figure6-6: Bode Plot Fits for Different Portions of the Population.

We subdivided th@opulation into quartiles based on the gain response and looked at the
resulting transfer function fits for the (a) entire population, (b) top quartile, and (c)
bottom quartile. Experimental Data is shown in orange as medi&D+/The fit for H(s)

is shavn in blue.

6.3.5 ROS and Calcium Model: Fit and Frequency Response Analysis

Using the same genetic algorithm optimization approach 6<2if we fit the C&" ROS

modé to data obtained in literature. As can be seerrigure 6-7, we were able to
optimize parameter values to obtain a good fit of the experimental data. This exercise

showed the ability of our model to describe discrete changes in experimental conditions,

such as the bolus addition of an inhibitor e
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Figure6-7: ROS C&" Model Optimized Parameter Fit.

Furthermore, we found a steady state for the model, perturbed it with the

application of a single bolus addition of:8t and observed the model behaved as

expected and without an apparent nonlinear oscillatory behakiguré 6-8). This

suggested the model was relatively stable in this regime and could potentially be driven

with an oscillatory input without becoming unstable.

11¢€



0.3 0.1 100 0.07
=) =)
0.08 —~
= = s 9% = 006
=0 2 = =1
] ~_ 0.06 ~— I
Q > L o 0.05
& v 0.04 - O
0.1 O o
k € o & 85 0.04
oH——— 0 80 0.03
0 1000 0 1000 0 1000 0 1000
Time (s) Time (s) Time (s) Time (s)
0.98 345 0.16
Initial
— —
= 340 = 015
= 0.97 =
= = =
=2 o« 335 £0.14
< 0.96 - ©
U 330 Y 013
095 325 0.12
094 ———— 320 0.11
0 1000 4] 1000 Q 1000
Time (s) Time (s) Time (s)

Figure6-8: Optimized Model Perturbation with Bolus®p Addition.

To test this hypothesis, and the stability of the model, we characterized and
applied an oscillatory extracellular-&: condition, represented by a sine wave, and
observed the belvior of intracellular species-igure 6-9). In this exercise, we kept the
lowest value of extracellular . consistent with the calculated steady state value and
varied the height amplitude between 0.01 and 0.3, observing unexpected resulting
behavior of the system. For instance, the steady state levelsyofjijeear to vary based
on the amplitude of RQ% (Figure 6-9). Although all responses exhibit the same
oscillatory behavior, the minimum and maximum values vary between amplitude values,
with the highest amplitudes resulting in average concentrations.@tl@zd are above the
maximum level seen for lower amplitudes. From this, we propose the system can be
modulated not only by the frequency applied, as witnessed from experimental results, but

also the potential for the system to be modulated by the ampbfisiignals it receives.
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Figure6-9: Frequency Response Analysis of the Optimized RG’S 1@adel.
The model was driven with a sinusoidal input of R@&nd the resulting dynamics were
observed for other ggies in the model. Amplitude of the initial input signal was varied

and is represented by the color of the response.

We also varied the frequency of the input signal for a given amplitude and

compiled the results in a Bode Plot kgure 6-10. This Bode Plot representation

suggests the system acts as a low pass filter, attenuating signals of high frequency while

exhibiting behavior to signals of low frequency. Ndtspecies included in this model

exhibit the same filter characteristics, and this suggests different components of the

complex signaling network are receiving and encoding different aspects of the functional

response of T cells in response to the osoijatonditions. Another interesting finding

from thisin silico perturbation is that not all frequencies give rise to the same average

steady state. In fact, it is easily seen that the higher amplitude inputs give rise to higher

average levels of downstmasignaling molecules, such ascgaCorresponding to this

increase in Cg, and ROSr we also observe a decrease in the average levelgf Ca

indicating the ER stores are more depleted with higher amplitude oscillatory signals when

compared to lower aptitude simulations. By usinig silico perturbations, we are able to
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generate testable hypotheses without running preliminary experiments. With the use of

our microfluidic device, these experiments could beimunvo.
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Figure6-10: Bode Plot of the Optimized ROS €a&/odel.

6.4 Discussion
Cells are constantly responding to dynamic environmental conditions through
intracellular C&" signaling. Yet questions remain unanswered about how cells are able to
use this secondary messenger to elicit a wide range of context dependent responses.

Recent reports have indicated that the answer lies in better understanding the diverse



spatiotemporadynamics giving rise to infinite patterns of Caesponse$21, 70]. C&*
signaling is believed tancrease information transmission by reducing extrinsic noise
factors on the signal to noise ratio fatracellular signaling cascad€®85. However,
current technological approaches limit the delivery of environmental cues and subsequent
analysis of singleell behavior. We contribute novel findings to the field by combining
microfluidic and computational technologies to overcome this teahbarrier and gain a
better understanding of €asignaling in T cell lymphocytes through frequency response
analysis.

Using frequency response analysis, it is possible to probe intracellular signaling
networks, without prior knowledge of the system, dyyplying an oscillatory input
stimulus and calculating the gain and phase of the resulting output signal. Using this
approach, we were able to monitor cytoplasmic calcium in responsglg #reactive
oxygen species that has been shown to be upregutaiecell activation and plays a role
in signal transduction. This unprecedented view of the interplay between calcium and
H20. also delineates differences between individual cells in response to the same,
robustly controlled, environmental signals. Sackiew provides novel insight both for
intracellular signaling dynamics as well as for differences between cells in a relatively
clonal population.

To examine the interplay between these two signaling molecules, we applied
oscillatory HO- at varying fregencies and amplitudes and compiled a Bode Plot with
the results to obtain the estimated resonant frequency and damping coefficient of this
second order system. We found an oscillatof@4$ignal was able to entrain the calcium

dynamics unlike either cotet media or BED. controls Figure 6-2). Further, we
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sampled different amplitudes, or concentrations, of the inpGk ldignal and found an
optimal concentration of®2 & MO> (fFigure 6-3). This aligns with previous literature
suggesting different concentrations of ?Catimuldion can result in oscillatoryor
refractory signalingf10f and s uggest 0, tohoentralidn isanhin ithe
oscillatory regime of stimulation for our sampled system. With this concentration held
constant, a freqgency sweep was performed for 5 differdnéquencies and results
showed a damping of signals both above and below the optimal frequency of 2.78 mHz
(Figure6-4).

This was the first application of a sinusoidal input to T cells to our knowledge but
can be compared to previous reports of T cell transcriptional encoding witisples at
varying frequenciesObserved C4 frequencies vary based on cell type and stinarat
with values on the order of tens of Hz in excitable cillshe order oimHz for non
excitable cells[286. Our observed system falls within this reported range, with the
natural frequency estimated to be at approximately 2.78 mHz for ougxuitable T cell
system. The cell must decode these frequencies, usuallgnsyng molecules that can
appropriately modify their behavidi71]. On a molecular level, Gais binding to
phosphatases and kinases to affect downstream targets and todkioetics are most
likely responsible for decoding a range of possible frequencies. With oscillations below
appropriate frequencies, tisggnal cannot integrate to mount a responsé’ Giads to
many effectors with high cooperatively and high dissociation, again supporting the idea
that a range of moderate frequencies, corresponding to these kinetics, encodes more

information than constant €asignals or high frequency signdlg0]. Multiple proteins
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involved in T cell activation are thought to be appropriate for this signaling, including
PLC-2[75, 76], PKb [77] and the mitochondrial Gauniporter[78].

The next step in this signaling pathway is transcriptioapgropriate genes, and
one would assume this is maximally achieved within the range of natural frequencies,
hence the necessity of appropriately timed*Gascillations. It has been shown for
multiple genes that maximal expression is tuned to particulad® Gagnaling
characteristics. NFAT is activated by Zdhrough dephosphorylation and subsequent
nuclear translocation, and has been shown to decodé @aillations in T cell
lymphocytes with a maximal response of-26mHz[22] or 1-11 mHz C&" frequencies
[287]. Although differences exist in experimental design, our data falls within these
effective ranges and supports our conclusions of 2.78 mHz being the natural frequency of
oscillation. NFB is another potential decoder for Cascillations and was showio
have its highest response between .66nHz[22]. Differences in frequency decoding
between NFAT and N#B may lie in the ability of NBB to remain in the nucleus longer,
thus enabling faster dynamics to still increase expreq3idn216, 288. Experimental
techniques varied between studies, with differencaspuat signal shapasthe previous
reports stimulateavith constant pulse widths and alterd interspike duratiorfor a
duty cycle between.028 and 0.5vhereas we chose to use a square wave with a duty
cycle of 0.5, such that the stimulation and buffer would each be applied for an equal
amount of time. The second clear difference is our investigation of signaling in
response to ¥D, stimulation whereas G4 has previously been directly controlled

through chemical clampindn our approach we conclude®t signaling modulates Ga



oscillatory kinetics within an effective range necessary for downstream transcription
factor activation.

Our investigation of C# kinetics is the first to compare the Taesponse in T
cells as a Bode plot across frequencies. In our system, we aslotear entrainment of
cells with a6 min period and a cutoff frequency betweeand 2 minutes. We fihe gain
and phase of the population of cells to a 2nd order transfer function for the system
(Figure6-5). With this model representation, we have reduced the nuaflparameters
down to 3:wn, z, and K. Reducing the system to a smaller model while retaining the
pertinent responses in the frequency domain provides a unique platforim gdico
perturbation of the interactions betweerfGand HO; in future work.Further, it can be
compared with subsets of the mechanistic model to determine dominant feedback
controls of the large system through model reduction. This suggests that the pathways
involved with C&* signaling in response to -8B, exhibit a natural frequey of
approximately 2.78 mHz and suggest this is optimal for signal transmission to particular
downstream effectors. This will be further explored in Chapter 7.

All experimental results showed great population heterogeneity, with a wide
range of responsethat could not be easily captured with any other experimental design.
These singleell differences could be the result of stochastic differences in gene
expression, growth phase of the cells, or epigenetic alterations that keep a plethora of
responsestahe population level response for mounting an effective immune response
[289. Future experiments may attempt to control or visualize more of these levels of

variability for a more complete understanding of the underlying mechanisms.
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We observed from the modeling system that the resulting behavior of the system
to an oscillatory input varies not only by applying different frequencies to the system, but
also by applying dferent amplitudes as well. This suggests that the system can be
modulated not only by the frequency applied, as witnessed from experimental results, but
also from the amplitude of the signals it receives. This mechanism would provide yet
another level oencoding for the ubiquitous €asignaling to overcome the universality
of the ion in numerous signaling systems. In other words, there are multiple dimensions
to which C&" kinetics can encode important information about the environment for the
cell to decode in a sophisticated, multifactorial process. Our approach not only recognizes
some of these challenges, but also begins to understand how systems can behave
differentially to these dynamic, oscillatory input signals.

Oscillating cytoplasmic calciurspikes have been shown to encode a variety of
transcripton factors in a complex wgg47. The ability to extract more of this encoded
information using frequency response analysis will shed light on potential dominant
feedback connectis and new therapeutic targets. We report a widely applicable
platform of technalgy advancements that enable complex and intelligent perturbation of
Ca* signaling. This includes a microfluidic device enabling uniform, dynamic
stimulation of suspension cells, and a set of analysis techniques to gaincsihgle
resolution. Togetherhts approach can be utilized for different cell types and signaling
molecules of interest. We demonstrated this applicability on Jurkat T cells by probing
Ca&* dynamics with HO. and found novel biological insight that €aignals exhibit a
natural frequecy and our results align with literature reports of maximal downstream

transcription.
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CHAPTER 7 HYDROGEN PEROXIDE SIGNALING AND
SUBSEQUENT TRANSCRIPTIONAL RESPONSE TO ROBUST

CALCIUM OSCILLATION S

7.1 Introduction
We showed in Chapter 6 that Jurkat T cells respond asitillatory C&* signaling when
stimulated with dynamic #D- pulses and mamal entrainment is observed 278 mHz,
corresponding to a period of six minutes. We then sought to better understand the
relationship by visualizing the time dependenOkiconeentration in various organelles
in response to oscillatory €a switching the input and output signals from our previous
work. Furthermore, we were able to couple this signaling behavior assay with the
downstream transcriptional response.

We accomplishethis using the same microfluidic platform, capable of uniform,
dynamic stimulation of cells, paired with stably transfected Jurkat T c¢edlfowing
stimulation, cells were fixed echip and hybridized with smFISH probes for
characterizing the downstream transcriptional response with siatjleesolution.We
utilized the recombinant protein described in Chapter 3, Hifter, as well as th
cytosolic localized version of the protein, HyP€yto. These stably transfected JurKat
cells enable us teisualizedynamic HO. traces with information on spatial localization
and time dependent responses tc?*Csignaling, a view that has beereviously
unachievable due tiechnicallylimitations. The innovative combination of microfluidics

and the recombinant protein HyPer overcomes these experimental barriers and provides
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novel biological understanding into the relationship betwees* Gaynaling and

downstream kD2 response.

7.1.1 ROS Production During T Cell Activation

The major source of ATRsynthesisin eukaryotic cells is mitochondrial oxidative
phosphorylation. This process includes a network of respiratérpurhps, known as
complexes -V, on themitochondrial inner membrane that sustain *agkhdient across

the membraneDuring this process, electrons are removed from reducing substrates and
transferred to @ The potentialenergy stored in this gradient is releasede used by
complex V for ATP synthesis[90]. O> is chemically reduced via the following
progression:

] ©f P (] o (P (I

where multiple reactive oxygen species (ROS) are formed iprdeessThere is a large
body of evidence implicating ROS in damaging proteins, lipids, D&l other cellular
componentg290-293. More recently, there have been reports of mitochondrial ROS
acting as pa of redox signaling within the cell, highlighting the shift in thinking to ROS
behaving as potential secondary messeng&4 295. Thus, mitochondrial oxidative
phosphoylation appears to delicately balance the maximpedduction of ATP by
reducing Q to H.O while simultaneously protecting the cell by producing only levels of
ROS necessary for signaling and proper homeostasis within thE286|l Superoxide

(/ 9O is the primary ROS made within mitochondria, and this is quickly converted to
H2.0O., via the reaction above, by SOD or spontaneous dismutdtio@is mainly

produced via the ubisemimone radical intermediate (@Hat complex Il of the
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electron transport chain andrplex Il inhibitors, such asnémycin A shown in
Chapter 3, increase ROS production by inhibiting subsequent steps of the p28dess
299. Other sources of ROS generation in the mitochondria include complex I, but the
significance is not cleaf90]. ROS production is also known to be regulated, with
exponential dependence, on the mitochondrial membrane po{&0Ghl

Mitochondria alsgplay a role in many other important processes within the cell,
such as steroid hormone synthesis, lipid metabolism, afti®aneostasi§301, 307.
During C&"* signaling, mitochondria are known taansport C& through their double
membrane into the mitochondrial matrix, thus buffering the influx of* Qato the
cytoplasm. This transport is mediated via voltdgpendent anion channel (VDAC) on
the outer membrane and the mitochondria*@aipoter (MCU) on the inner membrane,
in accordance with the membrane potent@lC) [89, 301]. There is- also
modeo upt ake ( Ra M), ndvélteratibn ofamitoohomdrial @& | | i s e
concentrationso mirror that in the cytos¢B03].

Once C&' enters the mitochondria, its pramy function is to activatexidative
phosphorylation and drive ATP productipB04-312. This effect is manifested via a
concerted effect of G&in induced allosteric effects on many proteins, such as pyruvate
dehydrogease and isocitrate dehydrogenf3@8 309. This upregulation allows cells to
respond to C4 signaling by producing the high levels of ATP necessary for the resulting
energy expenditure in the functional cellular respo@s&* can also trigger pathological
effects such as cyichrome ¢ mediated apoptosis,the presence of other stimulants
through the permeability transition pore (HBL3-315. Mitochondial function is also

dependent on the structure of the organelle, which is quite dynamic in nature;



mitochondria go through fission, fusion, and change their shapg 317. It is
hypothesized this enables the proper distribution of mitochondria present in the cell to
provide localized ATP delivery9(Q].

To better understand mitochondrial function and the ho# Gignaling can
stimulateeither physiological or pathological responses in the cell, we explore the ROS
production in T cells in response to an oscillatory*Gignal. Since ROS generation is
dependent on QB it can be upregulated by either an increase in oxidative
phosphorylation, or inhibition of the distal electron transport chain, as discussed above.
ROS production by the mitochondria correlates with metabolic rate, suggesting an
increase in electron cimleakagg318 319. C&*is also known totémulate nitric oxide
synthase (NOS) to produce 9Qwhich inhibits complex IV, again increasing ROS
production[296]. Yet these theoretical predictions do not capture the diverse set of ROS
observations seen in response t&¢*Gagnaling, suggesting there are other factors to
consider. For instance, it appeaapplication of C& alone actually reduces ROS
production from complexes | and Ill. However, wherf'Gs applied in conjunction with
either complex inhibitors or uncouplers, the ROS egation was shown to increase
[320. For instance, G4 added to rate heart mitochondria with emtcin A increased
ROS generation, potentially because'Qaptake mildly uncouples the mitochondria, or
in other wordsdissipate go Gy. This uncoupling could be attributed to changes in the pH
gradient across the mitochondrial membrane, affecting downstgeaeration of /

/  O[321]. However, another experiment showed a contrasting result whéfea@a
antimycin A treatment of brain mitochondria did not stimellatomplex 1l ROS

geneation [322. There was some increase in complex | ROS formation, because upon
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treatment with C& and rotenone (a complex | inhibitor), ROS gerien was markedly
decreasedi323. It was further noted that while the uncoupling of th€}, lasted only a

few seconds from CGainflux, the ROS decrease was continued for a few minutes,
suggesting the mechanisms of ROS decrease was not from the alterghGp[300. In
summarythere @pears to be a general consensus that ROS production is diminished by
Ca" influx from both conplex I and III, but increasaspon treatment with inhibitorand

it is not well understood what pathways account for these differd@6&s There are
interactions between &aand mitochondrial energy metabolistmt it is not entirely
clear what roleROS production plays into these complex signaling networks. In this
work, we seek to visualize- B with the redox sensitive reporter, HyPer, localized either
within the cytoplasm or mitochondria. From this unprecedented view, we are able to
make conclusins about C4 induced ROS regulation in T cells that unveil some of the

unknown aspects of signaling.

7.1.2 Ca?* Frequencies and Transcriptional Changes

Upon activation, T cells undergo intracellular signaling that alters gene expression and
downstreanfunction of the cells to accomplish the multitude of tasks necessary for the
adaptive immune respongH. Throughout this work, we have demonstrated the utility of
viewing C&" signalingin the frequency domain, motivatdwy previous reports of the
functional response of downstream effectimroscillatory stimulatiorf22, 324. In the
l'iteratur e, 1t 6that WFeB: NFAS and @ayOAP are dll activated at
high frequency stimulation with €aand low frequencies activate only NB [22]. This
dependence of proinflammatory transcription factors on frequency ©f d3aillation

illustrates the necessity to investigate?Ceinetics in the frquency domain. HEK293
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cells were similarly investigated with application of an oscillatory GPCR signal,
upstream of CH, and the resulting NRT localization demonstratechigh pass filter
characteristics in response to observetf Gscillation.

Different techniquesire availabléo stimulate calcium, one of whichdludes the
use ofthe small molecule inhibitathapsigargi22]. Thapsigargin deplesentracellular
stores of C& by blocking endoplasmic reticulum €aATPases while simultaneously
and irreversibly activatin€RAC channels on the cell membrarg25. The resuing
Ca&"* signalingis thendependent on thexeacellular C&* concentratiorthe cells are
immersed inWe will utilize this experimental framework to experimentally drivé*Ca
signaling in a robust manner to subsequently monitor simultanegs dignalirg in
response to G4 Downstream transcription can also be monitored on chip with smFISH,
a revolutionary approach to monitsinglecell gene expression. Ultimately, with the use
of microfluidics, we are able to combine multiple levels of regulationsiogle-cell
observation; CA signaling and KO, production is monitored on the timescale of
seconds and downstream transcriptional response can be monitored two hours post

stimulation.

7.1.3 Single Molecule Fluorescent In Situ Hybridization

Cellular response to intracellular signaling usually includes an altered pattern of gene
expression andinglecell expression levels often vary substaltyi form the population
averagd 326. Many methods provide the population average of cells, such as Northern
blot, PCR,and RNAseq, with only recent advancementsinglecell visualization and
guantification[327]. For cells loaded and stimulated in our device, it is not possible to

remove them forsinglecell quantification systems such as Fluidigi§828, so we

13C



investigated approaches that could be accomplished orfarhgingle-cell resolution of
the transcriptional response to oscillatory Gaimulation.

To accomplish this, we modified a recently developed protocol bas&u otu
hybridization in which single mRNA molecules can be detectesinglecells [329.

This procedure, known as smFISH, utilizes oligonucleotide probes with a sequence of
interest bound to fluorophores for detection with fluorescent microg@%%y. Multiple
fluorophores can be imaged on a single sample, allosawgralprobes to be used for
different mMRNA targets in given cell We used two probes commercially available to
investigate specific molecules involved in T cell activation: FOS and &l{Bibsearch
Technologies).

FOS expression is dependent on activation of protein kinase C (PKC) during T
cell activation [330, 331]. PKC activation is often achieved through phorbol ester
stimulation butit has been shown that €aignalsalsoactivate PKCthrough increased
DAG [332 333 and in a frequecy dependent manng834]. Nuclea Factor of Activated
T cells (NFAT) is responsible for downstream transcriptional responses via interactions
with other molecules upon activation. NFAT must be dephosphorylated for translocation
to the nucleus and binds cooperatively to ABomplex(which includes FOSand binds
regulatory domains of inducible genfes immune cell function, such as-2.[331, 333
335. With the described frequency dependence of PKC dii €ignaling, we utilized
this previously characterized smFISH probe for monitoring the transcriptionatyaofiv
FOS tooscillatoryCat* activation, ultimately obtaining a functional readout of the cell to

frequency stimulatiown our microfluidic platform
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Hypoxiainducible factors (HIF) are known transcription factors, usually
heterodimeric in nature, andeaconstantly degraded in normad €nditions by theon
HippelLindau (VHL) complex[33§]. In low G, environments (hypoxia) the subunits,
HIF1la and HIFZ are not targets of VHL and localize to the nucleus upon dimerization
with HIF1b. Once in the nucleus,riget genes are transcribed to combat the alteged O
environmen{337]. It has also been shown that H&tan be upregulated in response to
signals facilitated by TCR under hypoxic conditiofg3§. While measuring kD>
response in T cells with the recombinant protein HyPer, we can indingstiglize
changes in @ homeostasis within the celWe thus complemented this signaling
information withsmFISH probes capable of characterizingdbe/nstream activation of
HIF1a.

Elucidating the transcriptional response to upstream intracellular lisignia
important for understanding the ramifications of Gdnetics in a more informative way.

To accomplish this, we demonstrate the ability of our microfluidic device to not only trap
and dynamically stimulate T cells, but also to serve as a platform for hybridization with
smFISH probes and ultimate high redmo imaging of multiple fluorophores,
corresponding to mRNA transcripts, in stnglecell. This highlights our ability to
transcend current experimental techniques and combine multiple levels of cellular

response witlsingle-cell resolution.



7.2 Materials and Methods

7.2.1 Cell Culture

The Jurkat E6L human acute T cell lymphoma cell limeas used for all experiments
(American Type Culture CollectionTells weregrown in conditions as described before
[219 and in previous chapter8riefly, the cells were cultured in RPMI 1®&4vithout
Phenol Red (Lonza) and with-glutamine (Sigm&ldrich), supplemented with 10 mM
HEPES buffer (Corning), 1 mM sodium pyruvate (Cellgro), 50 unitsingenicillin-
streptomycin (Cellgro), 1x MEM nonessential amino acids (Cellgro), and 10% fetal
bovine serum (Sigm&ldrich).

For those experiments visualizing cytoplasmi¢'Gancentratiorin response to
varying stimulation the cells were loadeoh 1x calcium and magnesium free HBSS
without Phenol Red (@lgrowi t h 5 -ZAW, dell permeant (lfe Technologies)
and 0.05% wi/v Pluronic-E27 (SigmaAldrich) for 30 minutes at 37°C. Following the
incubation, ells were washednce and subsequently resuspenoed x calcium and
magnesiuniree HBSS without Phenol Re@ells were loaded into the deviaea density

of 1 x 1¢ cells/mL.

7.2.2 HyPer Transfection and Stable Line Creation

To visualize the dynamics of hydrogen peroxml®duction in the mitochondria and
cytoplasmusing fluorescent microscopwe used stably transfected Jurkat cell lines of
either pHyPerdMito or pHyPerdCyto plasmids (Evrogen). The original transfections
were done in a NeohransfectionSystem(Life Technologiesps described in Chapter 3

Stable lines were created using neomycin (G418, KSE Scientific) antibiotic selection, as
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descibed in Chapter 3Upon thawing stocks from cryopreservatiam,maintenance
concentration of 0.6 mg/mL G418 was continued in cell culture.

To enhance signal for visualization, the stable cell lines were further sorted using
a BD FACS Aria lllu cell sorter (BD Bioscience$)ells were gated based on FSC and
SSC using untransfected Jurkat cells as a negative coiitnel.top ~20% of the
populaton was sorted based onF8 fluorescence once and then cultured as described

above and used in subsequent experiments.

7.2.3 Ca?* Clamping with Thapsigargin

To inhibit endoplasmic reticulum &aATPases and irreversibly open CRAC channels,
we chemically clampethe cells with thapsigargin (Sigma Aldric[§2]. HyPercyto or
HyPermito stably transfected cells were suspended wiiMlthapsigargin at 1 x f0
cells/mL in 1 x HBSS without calcium, magnesiuon,Phenol Red (Cellgro). Cells were
incubated atoom temperature for 5 minutes, spun down at 70g, and resuspended in 1 x
HBSS without calcium, magnesium, or Phenol Red.

Devices were assembled and autoclaved before use. Devices were primed with
sterilefiltered PBS in the stimulus layer and 2% BSA in HBSS for the cell trapping layer.
Cells were loaded into a primed device according2@(. Cells were stimulated with
either 1.5 mM C& or 2 mM EGTA . The C4 solutionwas prepared with Cag(Sigma
Aldrich) in calcium,magnesium, and Phenol Red free HBSS. The EGTA solution was
similarly prepared with EGTA (Boston BioProducts) in calcium, magnesium, and Phenol
Red free HBSSFor the EGTA control, only the 2 mM EGTA solution was applied to
cells, but it was switched atdhdesignated frequency to control for the mechanical stress

cells experience. The HBSS control experiment again controlled for mechanical stress of
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solution switching, but cells were exposed to only one solution: HBSS without Phenol
Red and with calcium @hmagnesium (Cellgro).

Cells were stimulated for one hour while being image@0xon a Perkin Elmer
UltraVIEW Vox spinning disk confocal microscope and images were acquired on a
Hammamatsu C910P3b backthinned EMCCD using the 405 nm and 488 nm laser
lines for excitation of the reduced and oxidized version of the protein, respectively.
Emission for both channels was obtained using the same emission filter at 525 nm.
Images were acquireat the maximal frame rate for two regions of interest within the
device using the motorized stage. Images were collected with an exposure time of 800 ms
and exported from Volocity as tif files for analysis in MATLAEMathworks) using

custom scripts.

7.2.4 smFISH

Protocol wasnodified from a protocol developed bgice Chingozha from the Lu Lab.
Following stimulation with oscillatory conditions, cells were incubated for 1 hour°& 37
in EGTA solution before being fixed with 4% PHKAIfa Aesar)in nuclease free water
(Life Technologies) for 10 minutes at room tesmggure. Following this, methanol is
introduced into the device to permeabilize cells for at least 1 houtCat Ebllowing
permeabilization, cells are washed for 30 minutes at room temperature with a wash buffer
containing 2x SSC (Ambion) and 10% formami@Ambion) in nuclease free water.
Following this, cellsare incubated with hybridization buffer ah@0 nM concentration of
predesigned smFISH probesfor Human FOS and Human HIB1 (Biosearch
Technologiespvernight at 37C. Hybridization buffer is prepadewith 0.1 g/mL dextran

sulfate (Sigma), 2 x SSC solution (Life Technologies), 2@0mL UltraPure BSA
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(Ambion), and 10% formamidéAmbion) in nuclease free wateCells are then washed
again with the wash buffer for 30 minutes33*C and then immersed ian antifade
imaging buffer. Glox buffer is prepared previously with 2x SSC solution (Life
Technologies), 0.4% w/v glucose (Sigma), and 10 mM Tris HCI (Ambion) in nuclease
free water.The imaging buffer ighen prepared withthe addition ofl €L 3.7 mg/mL
glucose oxidase (Sigma) in 50 mM sodium acetate (Ambion), anl tatalase in

ammonium sulfate suspensid000 units/mg (Sigmap 100eL glox buffer.

7.2.5 smFISH Image Analysis

Protocol wasnodified from a protocol developed bgice Chingozha from the Lu Lab

Fixed and hybridized cells were imaged at 100x using the Perkin Elmer UltraVIEW Vox
spinning disk confocal microscope and images were acquired on a Hammamatsu C9100
23b backthinned EMCCD. Zstacks were obtained with 2@0n spacingusing a Piezo
stageand 47 images per stack were analyzed for all cells. Cells were focused @&sing th
Nikon Perfect Focus System module to account for drift over time in the Safs.

were hybridized withboth FOS and HIRQ smFISH probes sinianeously, and they
were imaged in the RFP and Cy5 channels, respectiieé/probes used for smFISH are
fluorescently labeled and appear bound to target mRNA as diffrdonided spots

[339. FISHquant is automatic image analysis software capable of detecting these spots
in 3D zstacks and providing counts of mMRNA transcripts presestnglecells [339.

We used this MATLAB GUI to perform all analysis of smFISH images colled@84d.

Briefly, we outline cells using the Outline Designer by identifying cells using the FOS
and bright field images obtained. This outliis then applied to both the FOS and HIF1

z-stacksand images are filtered with a tvetep approach. The first filter is used to
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estimate and remove background with a Gaussian filter of kernel size 5. The second filter
is used to increase tlsgnatto-noise ratio (SNR) with a smaller Gaussian filter with a
kernel size of 1Following this, all spots are identified from the filtered imaggh sigma

Xy below 468 and sigma z below 1761. Spots are then further thresHmded on
filtered imagepixel intensity between 100and 1000 and sigma Xy lfetween35 and

446). These values were chosen from looking at a pojpulaf cells and removing the
spots that fall outside of the approximately normal distributiaccording to
recommendations in the W documentation[339. Cell location is identified in the

device and compared to the HyPer signaling studies.

7.2.6 Clustering

Each device had two positions imaged at 20x to capture sinogéecell traces. These

cells were combined together for each device and subjected to hieahrcluistering

using the built in MATLABE® clustergramfunction (MathWorks). Cells were clustered
based on the time series data, with each measurement in time representing a variable.
Standardization was performed oariableswith the mean centered at zeamd a
standard deviation of Di st ance was calcul ated using 1t
was determined usi ng Thes metreds cansistantly pudled but n g ,
similar clusters between experiments. There were two clusters in equriment,
corresponding tol. cells with high HO- fluorescence throughout the experiment and

cells with consistentlylower H>O, fluorescence The correspondinglendrogram was

colored in red and blue, respectively



7.3 Results

7.3.1 Cells are Chemically Clamped with Thapsigargin

As both the HyPer protein and many cytoplasmié'@gies both emit in the green visible
spectrum, we can reliably only measure one at a time. To ima@e pfoduction in
response to G4 we chose to chemically clamp Jurkat T cells aodtrol C&* signaling

via environmental perturbation with solutions of EGTA and GaCklls were treated
with thapsigargin to inhibit G4 ATPases on the endoplasmic reticulum and irreversibly
activate CRAC channelR2]. The functional result of this chemical clamping was the
inability of cells to store and release intracellulaf'Gand hence, the aconcentration

in the extracellular environment controls signaling. To characterize th&eatenent
with thapsigargin and delivery of extracellular °Can our device, we monitored
cytoplasmic C& concentration through time for Jurkat cells loaded andkvice. Cells
were exposed to alternating environment of 2 mM EGTA or 1.5 mM Lah a
frequency of 2.78 mHz, corresponding to a period of 6 mintigsie7-1). The cells are
clearly and robustly exhibiting €asignaling upon delivery of Cagl (Figure 7-1a).
Furthemore this delivery elicits a functional response at themesdrequency as the
driving frequency (2.78 mHz) with almost every cell exhibiting this as the dominant
frequency when analyzed with spectral analyBigyre 7-1b). From this characterization
we confidently assume all €asignaling corresponds to the extracellular environment

being supplied to the cells.
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Figure7-1: Characterization of G4Signaling with Thapsigargin Treatment.

Cells are treated with Thapsigargin followed by oscillatory stimulation with 1.5 mM
CaCbk or 2 mM EGTA. (a) The resulting cytoplasmic ZCa&oncentration aligns with

CaCb treatment in an oscillatory fashion. (b) Gedlre stimulated with 2.78 mHz input
frequency and dominant frequencies show a robust, repeatable response to stimulation at
the driving frequency. Four replicates are combined in (b) and the frequency span is
reduced to 10 mHz for easier visualization.

7.3.2 Response of Cytoplasmic HO2to Ca?* Oscillations
Cells were treated with thapsigargin to inhibit their control of intracellular stores,
enabling us to drive intracellular signaling. Cells were first treated with EGTA in a
calcium free environment and therposed to extracellular €aat a specified frequency.
We imaged the response of cytoplasmi©pproduction using the recombinant protein
HyPercyto in stably transfected Jurkat T cells. Cells were normalized to the first time
point and expressed as aftion of time for easier visualization gure7-2.

It is clear from analyzing individual traces that there is a wide range of variability
in the responses, wittome cells showing very little variation through time while others
show an increasing, decreasing, or oscillatory response. We also noticed a clear drop in

cytoplasmic HO. production upon stimulation with &afollowing EGTA treatment



(Figure7-2). For both the 2.78 mHz and 1.67 mHz treatment conditions, at the 3 minute
and 5 minute mark we see a subtle but reproducible decrease in cytoplagbaic H
production, corresponding to thetial exposure of cells to Gain each experimental
condition Eigure 7-2a-c,f-h). Two controls were run to ensure the responses seen were
due to the CH signaling ad not responses to loading or mechanical stimulation in the
device. These controls kept the extracellular environment constant for the duration of the
experiment [figure7-2d,e). Two conditions were used for these controls: constant EGTA
or constant HBSS with G§ both of which were mechanically switched at 2.78 mHz to
control for any shear stress felt by the cells. The control cell traces showed very little
variationthrough time, with the majority of cells remaining around the same fluorescence
through time, suggesting the observed decrease in cytoplas@icpkbduction seen in

the treatment conditions was due to the imposed €ignalingFigure7-2.
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Figure 7-2: Cytoplasmic HO, Concentration in Response to Oscillatory?Caignals of
Different Frequencies.

Each cell isrepresented by a trace, and the average of all cells is designated with the
thick, black line. Cells were exposed to oscillatory conditions of 2 mM EGTA or 1.5 mM
CaCb with frequencies of (a) 16.7 mHz, (b) 2.78 mHz, or (c) 1.67 mHz. Two controls
were obtied for these experiments were the environment was held constant for the cells
but it was mechanically switched at a frequency of 2.78 mHz. These constant
environmental conditions were (d) 2 mM EGTA and (e) HBSS with @ad Md*. Cell

traces are normaled to the first time point acquired and visualized for 10 minutes total.
For easier visualization, the range of fluorescence is reducqd in f

7.3.3 Response of Mitochondrial HO2 to Ca?* Oscillations

As mentioned previously, it has been shown th&:Hbrodudion is localized to different
organelles and mitochondria are one of the major sources of production during oxidative
phosphorylation. Knowing this, we utilized this experimental platform to further explore
the mitochondrial KO, production in response ®GTA and C&' oscillatory stimulation

using HyPemito stably transfected Jurkat T cell lymphocytes. Cells were individually

analyzed and results were compiled to visualize dynamics during stimul&igure
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7-3). Again, there is a striking amount of variability between cells, highlighting the
necessity osinglecell analysis to better understand the wide realm of potential responses
to oscillatory C&" signaling. There were also interesting differences between the two
reporter lines, suggesting differences iaOH production between the cytoplasm and
mitochondria. For instance, upon stimulation with?Cfallowing EGTA treatment, the
HyPermito cells frst showed a peak of production before a subsequent decrease in
production Figure7-3). More specifically, for the 16.7, 2.78, and 1.67 mHz conditions,
they showed m increase in fluorescence at the 30 second, 3 minute, and 5 minute
timepoint, respectively, corresponding to the initial exposure &f E&gure7-3a-c). The
contrd experiments with constant exposure to HBSS with EGTA or HBSS witfi Ca
showed very little variation through time, suggesting the visualized responses were due to
the initial C&* exposure and not an experimental artifact of mechanical stimulation in the

microfluidic device.
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Figure7-3: Mitochondrial HO. Concentration in Response to Oscillatory C3ignals of
Different Frequencies.

Each cell is represented by a trace, and the average of all cdésignated with the
thick, black line. Cells were exposed to oscillatory conditions of 2 mM EGTA or 1.5 mM
CaCb with frequencies of (a) 16.7 mHz, (b) 2.78 mHz, or (c) 1.67 mHz. Two controls
were obtained for these experiments were the environment wasdmsiéint for the cells

but it was mechanically switched at a frequency of 2.78 mHz. These constant
environmental conditions were (d) 2 mM EGTA and (e) HBSS with @ad Md*. Cell
traces are normalized to the first time point acquired and visualizd@ foinutes total.

For easier visualization, the range of fluorescence is reducdd in f

7.3.4 smFISH Response to Oscillatory Stimulation

Following dynamic stimulation with a robust delivery of?Cacells were incubated for 1
hour and subsequently fixed andohigized with two smFISH probes: FOS and HIF1
with a protocol originally developed by Loice Chingozha in the Lu.l@blls were
imaged using a 100x objective on a Spinning Disk Confocal and individual probes were
seen as bright spots within the cellsgure 7-4). From initial glance at the images

collected, it was apparent that different oscillatory frequencies elicited different

transcriptional responses. For inst@ncells stimulated at a frequency of 2.78 showed
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