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SUMMARY

Immunotherapies are currently investigated as a potential treatment for cancer.
Compared to traditional chemotherapiedpative T cdl transfer therapyhas shown
promising results in clinical trials for patients with solid tumors. However, the complete
remission success rate is still low, around 10%. This treatment relies on thexapio
expansion of CD8+ cytotoxic tumspecific T cells and theiremtroduction in the
patientds body to fight the tumors. Succes
retain tumor antigen specificity, effector function and to maintain proliferative potential;
yet T cells like other somatic cells have a fimgplicative potential and multiple rounds
of antigenic stimulation required for rapid expansion result in a state of
immunosenescence characterized by absence of proliferation, resistance to apoptosis and
decreased effector functions. The reintroductibthose norfunctional senescent cells
has been highlighted as a potential reason for the relatively high failure rate.

The objective of this thesis is to offer two approaches towards an improvement of
treat ment efficacy. F i & gemneratedafrond ideatificatorc & n c e
biomarkers of senescence and could be used in the clinic towards predicting age and
responsiveness of T cells prior to transfer. The second approach is to understand at the
molecular level the changes that occur durexgvivo expansion to devise improved
expansion culture conditions. In particular, we focused in this thesis on the shift towards
a prooxidizing environment and its potential effects@ef " signaling. Microfluidic tools
were extensively developed and used dcquire experimental data of quality and

computational models for subsequent data analysis and prediction.
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To I denti fy bi omar ker s of aging and
reproduced the adoptive T cell transfer culture conditions and chazadtesignaling
dynamics, surface marker expression, cell cycle, cellular morphology and senescence
related protein expression at the single cell and population level at different time in
culture. We designed a new microfluidic platform to assay signalifogniation with
excellent timeresolution. This twanodule device performs simultaneously mttitne
point cell stimulation with chemical stimuli and subsequent lysis and fixation of the same
initial stimulated cell population. Followed with a multiplexedoppheprotein assay, a
single experiment yields 48 signaling measurements with time points ranging from 30
seconds to 7 minutes, wittmly 5% of the number of cells that would be deé in a
traditional assay whicimakes this device attractive for cliniazse or applications with
rare cells. The dataset containing dynamic and static measurements was analyzed using a
partial least square regression (PLSR) model. Despite a large-tdechammor variability
the model is able to determine relative contribution each metric to the phenotype of
replicative senescence and predict T cell age with an accuracy of 95%. It highlights the
importance of using a combination of metrics rather than a single one to predict age in
culture and in particular emphasizes tihgportance of early signaling dynamics and
population noise as a metric to explain and predict T cell age.

In this study, we observed a gradual decrease in protein phosphorylation
dynamics with time in culture, which would suggest redu€etf dynamics, ast has
been observed in T cells from elderly subjects and murine models; yet we did not observe
decreased Ghamplitude or sustained levels with time in culture. Counterintuitively,

older T cells displayed overall faster dynamics. Gene expression argtgsied mRNA

Xiv



overexpression of the plasma membrané" @hannel and pumps, respectively ORAI1
and PMCA; yet based on our current understanding of thes@maling network, these
changes should not result in faster dynamics. To understand this puzguig we
constructed a deterministic OE#ased model of T cell & signaling that can
recapitulate main features of £aignaling after TCR stimulation in Jurkat cells, a T cell
model cell line and young primary CD8+ T cells. The model sugges®s SERCAand
STIM1 as targets of regulation that may be altered by-fpasslational modifications
duringin vitro aging, possibly oxidation.

Because ROS is a hallmark of aging in many cell types, we investigated whether
oxidative damage occurs in loigrm cultured cells for ACT. Using quantitative RT
gPCR, HPLC and redox western blots, we show ithaitro expanded T cells behold a
redox remodeling towards a poxidative environment, similar to what has been
observedin vivo. This result points towards @ossible addition ofntioxidans in cell
culture or using hypoxic culture conditions to prevent oxidative damage.

Our modeling analysis of &asignaling dysregulation duringn vitro aging
pointed to several kinetic parameters associated putportedoxidative modifications
on C&" channels. Several other disease states, suchlag h eiomer ®a&r ki nson
disease, are characterized by a high oxidative environment and imprépesigdaling.
Because regulation of the levels of these two signaling migecis tightly
interconnected, we expanded our?Csignaling model to incorporate the numerous
ROS/C&" crosstalk and used frequency response analysis to periodical stimuli of
oxidative damagéo analyze the systenThe model predicted cells act likelaw-pass

filter with a bandwidth dependent on input concentration and cell compartment,
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highlighting robustness in the cellular network able to reject high frequency disturbances
at low concentration of oxidative stress but taking these signals into adooumgher

input concentration. To validate this model, an experimental platform able to retain T
cells in specific locations while exposing them to periodical stimuli was required. To
meet those needs, we designed a new deterministic ielgjleap aray for imaging of

Cc&* dynamics in single T cells and imaged single cell response to periodi€al H
stimuli. At the population level, T cells are able to follow the sinusoidal input stimulus;
yet a large heterogeneity in responses is observed at the saliglevel, in particular in
amplitude and phase. Although our experimental data show largkneanties that are

not well captured by the model, this study is an important proof of concept. It highlights
the feasibility of experimentally probing th&equency response of naaherent

mammalian cells to extract important features of regulation.
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CHAPTER 1

INTRODUCTION

The goal of cancer i mmunotherapies 1is
detect tumor antigens and mount an effective-mtior immune response. Currently,
adoptive T cell transfer therapy (ACT), the administration exf vivo expanded
autologous tumespecific T cells, is one of the most promising immunotherapies to
induce durable clinical responses in significant number of cancer pdtles yet, its
efficacy has been limited so far with a mere 168mplete remission rate in the most
successful clinical trial§3). The prolongedx vivoculture process is a potential reason
for this ineffectiveness because the transfused cells may have reached a state of
replicative senescence and immunosenescence and no longer be respgnSjve
Although the mechanism leading to immunosenescence is not fully understood, current
theories implicate telomere shortenif@ and an oxidative shift in the intracellular
environment leading to the cumulative damage in mitochondrial DNA, proteins argl lipid
by reactive oxygen species (RO&)11). Because ROS are used as second messengers,
alteration in ROS regulation can lead to changes in gene expression, replication and in
impaired immunity or inflammatory responses. ROS has been postulated as being a key
effector inducing dé senescence. However the mechanism by which ROS production
and regulation is altering signaling in aging periph&reells is poorly understood.

Microfluidic devices are excellent tools to perform biological experiments. Along

with reduced reagent comsption and sample handling error, microfluidics



offers the ability to tightly control chemical environments and cellular locglig:15).
The combined development and use of microfluidic teadgies and computational
models willimprowe our understandingf the phenotypic and dynamic changes occurring
in T cells during the course of immunosenescesuee promise to have a significant

impact on the design of future cancer immunotherapy protocols.

1.1.Research objectives

The objectives of this research are to develop new microfluidic tools and use
computational models in order to: (1) Characterize phenotgpet dynamic changes
occurring during ACT compatible lortgrm culture of CD8+ T cells; (2) Develop a
guantifiable measure of T cell quality or degree of senescence prior to adoptive transfer;
(3) Assess the redox status of the cell duimgtro aging aml quantify its impact on cell
signaling, more specifically Gasignaling.

Based on these research objectives, the specific aims of this thesis are as follows:

Aim 1: Develop a method to quantify and predict responsiveness in senescing
T cells cytotoxicT cell using signaling and static biomarkers:The purpose of this aim
was to characterize changes in cell phenotype and signaling duniitgo aging under
culture conditions consistent with vitro expansion prior to adoptive transfer and use
these features to create a metric of cell senescence. We designed a microfluidic platform
to sample phosphorylation events occurring in the first few minutes after TCR
stimulation by simultaneously fixing angsing a fraction of stimulated cells. Combined

with differentiation surface marker expression, cell cycle and selected senesziatext



protein expression, we built a large dataset ofratped changes in CD8+ T cells. To
analyze this dataset we appli@ partial least square regression (PLSR) model and
extracted the most important metrics iof vitro aging. Characterization of signaling
dynamics and phenotypic changes duilimgitro aging as well as extraction of the best

biomarkers of senescence described irChapter3.

Aim 2: Characterize changes in redox status and Gasignaling in aging
CD8+ T cells The purpose of this aim was to determine if culture conditions used for T
cell expansion prior to adoptive transfer results in reduceéd €graling and a pro
oxidizing shift in redox environment as obseniadvivo. To assess changes in redox
status, we measured mRNA levels of a set of 84 genes involved in the oxidative stress
andantioxidantpathways, protein levels of a subset of sources db R@d antioxidants
as well as the redox potential of the thioredoxin {Iyxand glutathione couple
(GSH/GSSG). C4 dynamics after TCR stimulation were measured and a computational
model of C&" signaling was developed to provide insight into potenti@ets of age
related modifications resulting in altered’Cdynamics. The modeling analysis pointed
to several kinetic parameters that are likely altered during the aging process; these
parameters provide avenues for further investigation by suggeststdratslational
modifications of the C&*-related proteins.Chapter 4 presents results of our
characterization of rederelated changes in these culture conditi@isapters presents
changes in CA dynamics and the mathematical model used to infer potential

perturbation in nodes of the network resulting in these changes.



Aim 3: Investigate crosstalk between ROS and C& as it pertains to
signaling and pathologies:The purpose of this aim was toeate a map of interactions
between these two signaling molecules and understand how oxidative stress can modulate
C&* signaling. To permit the acquisition of singlell live imaging data of Casignaling
under temporally varying conditions of oxidatigéress, we designed a deterministic,
high-density singlecell trap array microfluidic platform for serautomated cell trapping,
stimulation and imaging. Because of the large degree of-tathls®etween ROS and
C&" that are hard to independently examixerimentally, we developed an ODE
based computational model and analyzed it in the frequency domain to discriminate
interactions in terms of timescales. Validation of the model was experimentally
performed using the single cell trap microfluidic platfioand periodic stimulation of T
cells. The microfluidic platform used to acquire live single cell experimental data is
presented inChapter6, while the ROS/Cécrosstalk computational model and its

validation are described Dhapter7.

1.2. Significance ofresults

ACT efficacylargely depension the quality of the transferred cytotoxic tumor
specific lymphocytes in terms of specifigityfunctionality and further in vivo
proliferation. Transfusion of cells in a state of senescence would therefore hinder the
i mmunot herapyobés effectiveness. Currently,
guality of a mixed CD8+ T <cell popul ati o
senesence. Loss of CD28 has been associated with senescent CD8+ T cell population

(16); yet its expression can be modulated by inflammatory cytok{a@sl9) and CD28



cells have been shown to still be able to prolife@®@. A more robust metric for
senescence requires a combination of biomarkers and thettedoeds a need for a large
scale characterizatioof the alterations occurring during vitro aging. A reliable

0 s enes c e mwoud haued significaiit impact on the efficacy of the treatment but
also on the design of new culture expansion methods.

Because of the role of ROS as both a signaling molecule in normal physiology
and a damaging agent during oxidative stress that can lead to acquisition and
maintenance of a senescence pheno(dg the characterization of the celwlredox
environment duringn vitro aging can provid@ew insight into the potential efficacy of
antioxidanttreatment or hypoxic culture conditions.

The union of microfluidics and computational modeling is central to acquire and
analyze experimental degets, and then gain a better understanding of the biological
systemto further generate and testw hypothesis. In particular, the development of new
microfluidic platforms for higkthroughput analysis of single live cells and robust
generation of biochmical samples enaldehe acquisition of higlguality experimental
data at the single cell and population let@lstudy T cell aging. W envisionthese
platforms to be usenh a clinical setting, for drug screems to study other fundamental

biological pocesses.



CHAPTER 2

LITERATURE REVIEW

2.1The aging of the immune system or immunosenescence

As a result of advances in medicine, the overall life expectancy of an individual has
increased, and the US Census Bureau predicts that 25% of the US population will be
comprised of individuals over 65. Living longer is good news, but it is also associated
with chronic disease, increased susceptibility to infections, cardiovascular diseases,
cancers, autoimmune disorders, chronic inflammatory diseases. Although aging affects
multiple organs, the impact of aging on the immune system has widespread repercussi
in terms of response to vaccines and infections, as well as ¢ag<x4).

Immunosenescence is the name given to the globalasspriated immune
dysfunctions. Although it is generally accepted that some aspects of innate immunity are
well preserved during aging, the existence of age related alterations on the innate system
have ben reported25-28). More attention has been paid to age related changes in the
adaptive immune systerithymus involution results in an inability firoduce new naive
T cellsand T cell repertoire shrinkagé9). Fewer number of CD4+ T cells express
CD28 (30). The number of terminally differentiated cytotoxic CD8+/Cba8&mory T
cells increas¢31-33). These cells have shortened telomeres, maietabse of the loss
of the costimulatory receptor CD28dare unable to further proliferate.

Pawel ec introduced t he concepthilolfedanwi
unresponsive, neproliferative and resistant to apoptosis T c€84). Many of these
CD8+ cells carry receptors for CMV, EBV or HSB (petesig herpes viruses), suggesting

immune exhaustion due to chronic antigenic st{85s36).



Immunosenescence has yeerious clinical consequencesisl partly responsible for
the increased incidence of autoimmune diseases, infections or cancers, and subsequently

decreased longevity.

2.2Adoptive T cell transfer therapy and immunosenescence

Adoptive transfer is based de principle of islation and ifusion of antigen
specific or nonspecific lymphocytes with the aim of replacing, repairing or enhancing
immune function. In particular, adoptive T cell therapy (ACT) has induced regression of
malignant solid tumors in earlstage clinical trialdor cancerpatients with metastatic
melanoma, malignant gliomas, renal carcinoma and ovarian cg8Weilhe success of
this therapy depends on the ability to optimally select or genetically engineer cells with
targeted antigen specificity and then induce the cells to proliférateivo while
preserving their effector function and engraftment amihg abilities A potential cause
of previous unsuccessful ACT clinical trials may have been the reintroduction of a non
functional T cell population that had reached or was near replicative sene§d@nce
Preservation of replicative potential by telomere engineering or optimized culture

condition might improve thengraftment and persistence of adoptively transferred cells.

2.3CD8+ T cell signaling in aging

In addition to the study of agelated modifications in elderly CD8+ T cellg, vivo
model of replicative senescence have been develogeltcatingcharacteristics observed
in elderly (39). Senescentcells are unable to respond to antigenic cues oi2IL

stimulation, present striking alterations in functions and gene and protein expression



leading to decreased 42 production, irreversible cell cycle arrest, and resistance to
apoptosig23). In an earlier study, almost atlolecules of the signaling pathways elicited

by TCR were found to have decreased activation in human or mouse T cells with aging
(40). Loss of CD28(30), or deficiencies in lipid raft functions, leading to impaired
membrane protein motility necessary to form the immune synapse with an antigen
presenting cell (APC)(41-43) are possible mechanisms leading to the decreased
activation. However, espite these general principles, some debate exists on specific
proteins.Depending on the mammalian modeldthe cell differentiation statyshere is

no consensus on the alterations of those proé#<15).

2.40Quantifying and predicting senescence

The OCTOad NONA |l ongitudinal study had the
profil eo, based on the i mmunophenotype of
extracted from the study comprise high CD8/CD4 ratio, few naive cells and increased
numbers of late diérentiated CD8+CD28 T cells but it was found later that the
Ai mmune risk profileodo characteri Z4)dA previ
similar metric has been developed by Hirokastaal to assess the extent of the age
related decline of immune functions of individual before and after immunological
restoration(47).

Certain immunotherapiestilize solely CD8+ T cells and cannot use thmetrics
previously described as they rely mainly on the ratios of different cell subpopulations. It
has been proposed to use the absence of C@2B or the appearance of late

differentiation marker CD5748) as markers of T cell senescence. However, univariate,



static assays measuring expression of surface markers alone are not always accurate for
prediction of senescen¢&7-19) and combinations of biomarkers need to be considered

to quantitatively predict the level of senescence in a populédi®2). To date, prior
proteomic and microarray studies have not attempted to determine the most informative
metrics of cellular senescentor the purposes of generating predictive models of T cell

function, and relate to functional dynamics of TCR activation.

2.5R0OS in lymphocyte aging

The imbalance between the production of free radicals and antioxidant defenses is a
characteristic of thaging process. In other cellular systems, it has been shown that while
antioxidant defenses decreg®8, 54), production of ROS from mitochondrial leakage
(55, 56) or overexpressed NADPH oxidagéd, 58) lead to an oxidative shift in the cell
cytoplasm. A dynamic feedback loop between R@roduction and DNA damage
response induced senescence has been demonstrated in human fibroblasts to maintain the
senescence staf®9), as well as a ROBediated bystander effect$pread senescence in
fibroblasts cell cluster&0).

Lymphocytes are affected by nspecific sequels of the aging process such as
oxidative stress or glycatiofi0, 11, 61, 62). DNA damage and repair increa®s, 64)
while proteasomal(11l, 65 and methionine sulfoxide reductases (B6) activities
decrease leading to the accumulation of oxidized-foantional proteins. Increase in
mitochondrial leakagé67-69) and resulting mitochondrial DNA damagg0) has been

demonstrated. However, to our knowledge, the alterations in the intracellular antioxidant



and ROS production capacity by NADPH oxidases witlvitro aging have not been
characterized.

Clinical trials involving antioxidant supplementatiornve@hownmixed results so far.
In rodents, overexpression of catala@d) and thioredoxin(72) or intake of the
antioxidant thioproline(73) resulted in increasedymphocyte function and overall

lifespan(73). In humansantioxidantintake wasnconclusive(74-76).

2.6R0OS as a signaling molecule in lymphocytes

During T cell receptor engagement, a rapid oxidative burst occurs to regulate and
enhance downstream protein activation. The generation of free radicals by the
mitochondra has been proposed as a source of early TCR stimulated (RS
However, the majority of ROS production has been attributed tgphagocytic NADPH
oxidases, Duox1 and Nox2Z8, 79). TheC&" sensitive Duox1 is responsible for tbarly
phase of HO, generation occurring within 2 to 4 minutes after TCR stimulafik9).

Nox2 gets activated 20 minutes later and produces superoxide &AB)nR0). Key
regulators of T cell activatiosan be futathionylated leading toan increase (Ras) or
decrease in their activity (MEKK1). Protein phosphatases are also known to be regulated
by glutathionylation or disulfide formatiof81). Intracellular glutathione levels are
tightly controlled in lymphocyteq82) and the intracellular redox network tightly

controlled to protect against deviations in the redox s{8®s

10



2.7Ca*" as a signaling molecule in lymphocytes

Cd" is a ubiquitous second messenger regulating signaling in lymphocytes. When a
ligand binds to the TCRtyrosine kinases Lck, LAT and Zap70 are réed to the
TCR/CD3 complex and ultimately activate phospholipasg(PLC-g). Phosphorylated
PLC-gcleaves PIPto generate IR IP; binds to the IR receptors(IPsR) on the ER
membrane and activat&x" release. STIM1, an ER transmembrane protein, can sense
Cd" store depletion, by the dissociation G&* from a binding site in the luminal
portion, triggering a structural change. STIkEn forms oligomers thahigrate to ER
plasma membrane apptiensin tens of seconds amdcruits ORAIL, a pore subunit of
the CRAC C&" release activated channel) channels located on the plasma membrane,
and opens it possibly by bindingan N-terminal region of ORAIX84). To prevent early
closure of the CRAC channel, mitochondria migrate to the immunological synapse and
buffers localC&* (85). SERCAon the ER membrane and PM@A&mpson the plasma
membrane act as exit channels @&, either by resequestration or release into the
extracellular space.

An interesting feature oE&" signaling is its ability to present oscillatory behaviors.

At resting levels, random spontaneous spikesCef" release have been reported,
probably due to stocktc IP; receptor clustering86, 87). When challengg with low

levels of stimulation or partial depletion of stores,GmHzC&" oscillations occu(88).

Cd" oscillations enhance the efficiency of signaling to the nucleus and the oscillation
frequency contributes to specific activation of transcription faqi®®s 90). Evidence
suggests that the oscillations are derived from the repetitive and coordinative opening and

closing of CRAC channel, rather than from repetitie* release fom the ER. Intrinsic
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delays might occur when STIM1 senses changes in store content, oligomerizes and

migrates before opening the CRAC channel.

2.8Known interactions between ROS andCa’* signaling

As described in sectioh, ROS is a signaling molecule able to modulate strength of
signaling. This section will focus otle interactions and crosalk between ROS and
Cd" signaling as it pertains to lymphocyte signaliBgcellentrecentgeneral reviews of
crosstalk between RS and C& can be found ir91-94).

In B lymphocytes,C&" and ROS generated upon BCR activation engage in a
cooperative interaction that acts in a feedbacanner to amplify the early signal
generated(95). This cooperativity acts by regulating the concentrationsCaf and
Duox1 produced ROS. The latter inactivates recemopled phosphatases, fieing
kinases activity and, as a result, the net strength of the initial signal. In T cells, activation
of Duox1, associated with thes® depends of€& " release from th&€R and potentially
phosphorylation of PKE79).

The influence ofc&* on ROS signaling can be summarized in a first approximation by
C&" binding on Duox1. High concentration of mitochond@af" triggers mitochondrial
permeability transition pore opening and enhan€&®S production in isolated
mitochondria(96-98).

The influence of RO®n C&* signaling on lymphocytes is more complex. It is believed
that oxidation increases activity ofsR(99) and RyR(100, 101). The close proximity of

the mitochondria leaking free radicals might be responsible for stochastic modulation of

theseC&* release channels and subsequest spikes. Oxidation also affects STIM1
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and ORAI1, suggesting a role for ROS in the time delay in the opening of the CRAC
channel However, the role of ROS in SOCE (stamperated C& entry) is not clear yet
(102. During oxidative stress in B lymphocyteblawkins et al. showed thatS-
glutathionylation of STIM1 leads to a decreaseCi* binding, mimicking emptyCa"*
stores, and leadin@ constitutive activation of the CRAC channels, independently of ER
C&* concentration(103); converselyPrinset al demonstratedbinding of STIM1 tothe

ER oxidoreductase ERppinhhibiting SOCE, suggesting a negative role of oxidaton
STIM1 (104). Orail has beerreported to be activatein a STIMI dependent manner
after O, exposurg105); butin another studyin T lymphocytesORAI1 was observed

to be inhibited by oxidation of Cys19%/ H,O, (106). Finally evidence on other model
systems shows th&@&a" uptake channels, such 88RCAon the ER107-110) or PMCA

(111, 112 on the plasma membrane are affected by ROS.

2.9Microfluidics as an excellent tool for biological experiments

Microfluidics or labonta-chip is an emerging area wherein biological samples are
manipulated on the micron length scale, or pit® naneliter by volume (113).
Microfluidics is particularly suitable for higthroughput analysis and automation;
because of the laminar flow conditions attainablecloip, momentum, energy, and mass
transport are determstic and easily described by a set of vkelbwn equationg114).
Microsystems have made possible the study of very complex biological net{#dgks
121), and singlecell analysig122) by enhancing uniformity and controllability in sample
handling and treatmeiil2, 123 124). Microfluidics also allows for generating complex

temporal stimuli(125127). Single cell analysis on neadherent cells has been enabled
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by the design of cell trapd28 129, however there is an unmet need to balance the
fabrication complexity and operational complexity and also enable-taae high

resolution imaging.

2.10 Using computational modeling tools to extract dominant

signaling features and processes

Cells process a mitiide of external stimuli through receptor and adaptor proteins
that converge on a core set of sigtrahsduction pathways. The picture gets evemem
complicated when crogalk and feedbacks are incorporated. How are such complex
inputs converted into robust signaling outputs? Mathematical methods have been
developed to identify the dominant molecular signals that contribute to the cell response.

Partial least square (PLS) regsion analysis models have been applied previously to
understand complex signaling networks involving multiple inputs and multiple outputs,
without prior knowledge of the network structye80-134). This datadriven modeling
technique reduces the dimensionality of the dataset, extraetsomships between
variables and can generate predictions.

Approaches based on control systems theory have been proposed and applied to
determing(1) pathways that dominate observed dynamics; (2) how the network decodes
different frequencies(3) whetherit may be blind to specific frequencies. By measuring
amplitude and phase responses of S. cerevisiae to imposed artificial oscillations of
osmotic choc, Mettetalet al. reconstructed an abstract model of the osmotic stress
respons€135). Bennettet al. discovered a previously unknown level of regulation in the

galactosaesponse pathway in S. cerevisiaemgnitoring metabolic gene regulation to
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periodic changes in the external carbon so(t8&€). Chemotactic responses of E. coli to
time varying stimuli revealethe structure of the feedback transfer function linking the
amplification and adaptatiomodules (137). These studies exemplify an important,
emerging niche for biological analysis, involving the union of microfluidics -treed
imaging of biochemical cellular resposs@nd computationahodeling. The essence of
this experimental approach is captured through precise, reproducible delivemstl-of
controlled patterns of stimulation to cells, réade imaging of cellular responses, and
effectively recapitulating these stimulation patterns in a computer model to see how the
in vivo andin silico models compar€l38). Studies involving mammalian cells bypassed
cell exposure to periodical stimuli bysing natumlly occurring noise in protein
expression as a diagnostic that can excite the system at many frequencie B9 e
by creating anODE model fitted to step induced experimental time courses and
simulatingin silico the frequency response of the pathyB40).

Optimization of microfluidic setups for mammalian cells with kighoughput
capabilities, and fagtwitching, versatile stimulation patterns will enable the validation of

models generated with traditional ODE tools but analyzed in the frequency domain.
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CHAPTER 3
PHENOTYPICAL AND SIG NALING BIOMARKERS OF
SENESCENCE ININ VITRO LONG-TERM CULTURE OF

CYTOTOXIC T CELLS

3.1.Introduction

Immune celbased therapies hold promise in cancer therapy by harnessing the
bodyés natur al defense mechani sms against
(141, 142. Among those therapies, adoptive transfer of T ¢&3T) has resulted in
encouraging clinical trials for treating mstatic melanoma as well as nbho d gk i n 6 s
lymphoma, chronic lymphocytic leukemia and neuroblastaii¥3-145. Although
cancer cells are less immunogenic than pathogens, the adaptivmé system is able to
recognize and eliminate tumor cells. Adoptive therapy with cytotoxic CD8+ cells (CTLs)
relies on the isolation of functional and tumor specific T cells and largéro clonal
expansion. Once transferred back in the cancer pat@rLs need to retain tumor
specificity and proliferate furthen vivo to establish an effectivimm vivo response and
tumor shrinkageln vivo persistence is a critical factor for elimination of residual or
recurring malignant cells. The encouraging hssaf adoptive transfer therapy could be
improved by enhancing the quality of transferred T cells. Cells derived from aged cancer
patients have a skewed immune repertoire towards cells that underwent extensive clonal
expansion against persistent antigeasulting in few tumospecific CTLs(22, 23, 32).

Adapted from Rivet, C. A., A. S. Hill, et al. (2011). "Predicting cytotoxic T-

cell age from multivariate analysis of static and dynamic biomarkers." Mol Cell
Proteomics 10(3): M110 003921.
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Once isolated the tumor infiltrating cells go through a prolongedivoculture
process.T cells, as other somatic cells, have a finite clonal lifespan. Extemsiviéo
proliferation and clonal expansion result in T cell differentiation and ultimately
replicative senescenc¢@46). To obtain sufficient number of cells before transfer, tumor
specific CTls are activated and undergo several rounds of divisions, resulting in the
progressive shortening of telomeres. Chronic antigenic stress and critically short telomere
length lead CTLs to enter a state of senescence characterized by functional changes.
Although extensively cultured CTLs retain antigen specificity for the tuihér), they
present siking alterations in functiorand gene and protein expressi¢@8), e.g. they
are in an irreversible cell cycle arrest, apoptosis resistant, with short telomeres and unable
to respond to antigenic cues or-2Lstimulation.Once transferred in the cancer patient,
these replicative senescent cells will not be able to eliminate tumor cells and further
proliferate, thereby hindering the efficacy of these thergfii¢® 149).

To ersure success of adoptive transfer therapy, it is desirable to evaluate T cell
clones before transfer based upon their specificity or functionality, regardless of diverse
in vivo priming, selection, or expansion methods. Similarly, evaluation of T cekslon
el derly popul ation, or fAi mmune signatureo,
profiles correlated with increased risk of immune dysfunction and increased mortality
(150. Phenotypic markers, such as the loss of expression -sfimalatory markers
CD27(151) and CD28(31), have been associated with senescent CD8+ cell population;
however, individual biomarkers are naifficient to measure the fraction of senescent
nonresponsive cells. Previous proteomics and microarray studies suggest that clusters of

parameters would be more appropriate to quantifyralgeed alterationg49, 51, 52,
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152, and yet to date, prior proteomic and microarstiydies have not attempted to
determine the most informative metrics of cellular senescence for the purposes of
generating predictive models of T cell fu
T cells as they expand in culture through combinatioh®iomarkers, we applied a
partial least square regression (PLSR) modeling analysis from data obtained under
conditions consistent witn vitro expansion prior to adoptive transfer in patients. The
multivariate model developed in the present study assetke quality of T cell function
through the use of phenotypic markers and protein signaling dynaocscquire
signaling dynamics, we adapted a previously developed microfluidic déVReto
samplerapid phosphorylation events by simultaneous lysing and fixing of stimulated
cells. This technology takes advantage of the uniformity and controllability in sample
handling and treatment todhece error associated with biochemical assays; at the same
time, it requires a small number of cells and performs the assay in-ghhogighput and
parallel fashion(12, 123 124). Lysates provide populatieeveraged measurements
compatible with downstream proteomic techniques, while fixed cells analyzed by flow
cytometry reveal subpopulations and phenotypic variations within genetically identical
cells. The dataset containing signaling dynamics, cellular morphology, and surface
expression levels acquired under the uniform, precise conditions of the microfluidic chip
allowed the model to determine relative contributions of each metric to the phenotype of
replicative senescence despite large daoalonor variability. The multivariate analysis
highlights the importance of both averaged values and heterogeneity in the cell

population for prediction of the replicative senescence within a T cell population.
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3.2.Results
3.2.1. Parallel multi-time point cell stimulation and lysis onchip for
studying early signaling events
This microfluidic device has been developed in collaboration with Dr. Alison Paul
during my Mast er dthe folldwmgpuldicatiori1®). Theentrofluitdie d i

chip used in this study is largely inspired by this previous work.

High time resolution acquisition of signaling dynamics is necessary to understand
many biological processes relatedcancer, immune responses or drug response and to
generate quantitative data for accurate computational model generation. We have
developed a robust twmodule microfluidic platform for simultaneous muttime point
stimulation and lysis of T cells with resolution down to 20s using only small amounts of

cells and reagents (Figugel) (12).
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Pressure Drop
* Channels

Cell Lysate Outiet

Figure 3-1: A schematic of the devices showing inlets, tubing, pressure drop channels and cell
lysate outlets for sample collection. The respective residence time t in each unit is noted in a red
box. Inset (a) shows a clegsp of Modulel1 and (b) the whole device get (Adapted from [20])

Fast mixing of reagents (stimulus and lysis buffer) with cells is achieved by chaotic
mixing through herringbone structur€$53). Parallel and uniform acquisition of eight
different stimulation time points from the same initial cell population is enabled by the
use of tubings of different lengths and diameters between both microtadlales. The
flexible nature of this modular design allows easy adjustment of time points without
changing the device or operation conditions. Operation of the device does not elicit
adverse cellular stress and allowed for the generation of 48 protein measurements from a
single experiment and only 10 million Jurkat cells, 5% of the amount that would be

required in conventional methods.
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3.2.2. Multi -time point cell stimulation and simultaneous lysis and fixation
on-chip. Device design and operation

We have adapted the twoodulemicrofluidic chip presented in Figuig1to allow
simultaneous lysis and fixation of primary CD8+ T cells (FigBu®. This singlelayer,
modular microfluidic chip is capable of precisely stimulating suspended cells and
subsequently lysing and fixing thiewing cells in parallel. In the firsthodulg cells and
soluble a-CD3 anda-CD28 antibody stimuli are mixed by chaotic mixing using the
staggered herringbone mixers (SHM) in the chanfils153), and split into 8 different
channels, corresponding to 8ffdrent time points sample(ll2). Channel height (90
versus 70mim) has been optimized to CD8+ T cell size. We have previously shown that
eight cycles of herringbones are sufficient to mix the solutes completely, but we odbserve
that this configuration leads to a predictable cell focusing pattern in specific outlets,
insensitive to the additional number of cycles of SHM used or the Reynolds number. To
redistribute cells more evenly to facilitate the downstream cell and lysate collection,
grooves with randomizer geometries were added after 9 cycles of herringbones, as well as
a large splitting area. A flow rate of 44/min was chosen as it led to the most uniform
cell distribution in the 8 outlets (FiguBe2b).

The secondanodulereceiveshe cells that have been stimulated for the desired time in

the tubings. The length of the tubings was determined using the following formula:

0z 0
b Z 'Y
where0 represents the length of a tubing, t represents time spent in the tubing, Q is the

0

(3.1)

volumetric flow rate andY corresponds to the radius of a tubing. Time spent in the

tubing is defined as
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0 o 0 (32)
where
(3.3
represents the time spent in the fisbdule and in the pressure drop channels with
rectangular cross sections (L, H and W are respectively the length, height and width of
the channels) andl is the total stimulation time desired.

We usedle novagpressure drop channels to ensure all cells are maintained at the same
flow rate (Figure3.2c) and modified its geometry to minimize shear forces cells are
subjected to. These spiral pressure drop channels did not cause measurable inertial
focusing or separation of cells. After stimulation, cells are split into two equal
populations for lysis or fixation to quench the reaction. Thus, one single experiment
yields 8 lysates and 8 fixed cell populations for 8 different time points. Since we were
interesed in sampling early dynamics after TCR engagement, we chose to look at the
first seven minutes of dynamics, the earliest time point being 30 seconds. Each of the
eight lysates was analyzed for six proteins; therefore each experiment resulted in 48

dynamt measurements.
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1 Cellinlet

2 Stimulus inlet

3 Formalin inlet

4 Lysis Buffer inlet
5 Lysate Outlet

6 Fixed Cells Outlet
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Figure 3-2: Microfluidic Device for cell stimulation and simultaneous fixingysing.

a) Schematic of the twmodule microfluidic chip. Module 1 receives the cells (1) and soluble
stimuli (2), mixes these solutions and splits in 8 equals outleisdule 2 is linked tomodule 1

by 8 tubings of different lengths and diameters and receives the cells in the circular pressure drop
channels. Stimulated cells are mixed either with a fixing solution, here formalin (3) or lysis
buffer (4). Lysates (5) and fixed cells (6) can beemiéld. b) Superposition of inverted bright

field images showing cell distribution in the splitting areanofule1 at 44 pL/min. White dots

are individual cells. c) Spiral shaped pressina@p channel and splitting area for cell fixation or

lysis (colos are from food coloring dye solutions that fill the channels). d) Mixing of cells
(yellow) with lysis buffer (blue) or formalin (green).

Figure 3.3 compares the dynamics of ERK phosphorylation acquired by flow
cytometry and Luminex beduhased assay fadifferent donors and different times in
culture. The trends of the signaling dynamics are conserved between both methods with a
Pearsonds correl ati on3.3g.dkeffldwicgtametry nalgism 0. 61

general is able to detect higher aation slopes than those achieved with a Luminex
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assay, suggesting a higher sensitivity, and/or specificity likely due to the antibody used
and the nature of the assay. Furthermore, although phosphatase inhibitors were present in
our lysis buffer and mosthpsphatases are sensitive to fixatid®4), a differential
inactivation of those phosphatases in the two sample acgmisitethods might also

explain differences observed in phosphorylation levels between those two assays.
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Figure 3-3: Dynamics of ERK phosphorylation measured by flow cytometry on fixed samples
and beaehasedmmunoassay on lysatesbi Representative traces of ERK phosphorylation for
donor 2 at day11 and 13. Flow cytometry and lysate data are normalized so that the mean value
of the time course is equal to 100. c) Linear correlation of ERK phosphorylation between fixed
and lyzed samples. Data with residuals larger than expected in 90% of theatbsewere
considered as outliers and removed from the regression. d) Representative flow cytometry time
course of ERK phgshorylation (also displayed 8.3a) showing analog activation.
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3.2.3. Global characteristics of ageassociated protein expression and
activation changes in human CD8+ T cells
Although aging of immune cells has been the focus of intense research, it is difficult
to reconcile reports characterizing a variety of biomarkers over a range of culture
conditions. By maintaining uniform expansiand sampling conditions, we obtained the
data inFigure 3.4 presenting trends across multiple donors for limitations of population
doublings, cell growth arrest, surface marker expression, and T cell activation dynamics.

The final dataset consists of >25@@asurements generated from 4 donors.
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Figure 3-4. Complete dataset. For each donor, dendrograms were generated with signaling
measurements from lysates (left and middle), protein phosphorylation quéotifiaad instant
derivatives of those measurements. Flow cytometry dendrograms (right) contain ERK
phosphorylation, cell cycle, cell morphology, surface marker, prefiland p18<* expression.

Each row of 3 dendograms corresponds to a different donoeath dendogram, a row
corresponds to a sampled time. Each column corresponds to a particular variable measured.

Human CD8+ T cells cultured with {2 and beaebased CD3/CD28 stimulation reach
replicative senescence after 12 population doublifiggmary CD8+ T cells, cultured
with chronic beashaseda-CD3, a-CD28, and 12 stimulation, achieved 12.2 + 0.9

population doublings, i.e. about 1,0fdd expansion, which is consistent with previous
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observationg155, 156). After 12 population doublings, an increase ir2listimulation or

in the number of beads did not allow for further growth (FiguBe. The cell population

could be maintainedhiculture for several weeks with appropriate culture conditions (IL

2 stimulation and fresh media), suggesting the state of replicative senescence had been

reached(157). At different stages in culture, cells were sampled in order to observe

changes

culture.
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Figure 3-5: Time course of population doublings for each donor. The dark grey boxes correspond
to times when cells were sampled to assess their phenotype and function through static expression
levels and dynamic phosphoprotein dynamics. Donor 4 cells were sampléfb@nt days in

culture to correspond with equivalent population doublings.

Changes in cell morphology and cell growth arréste observed a progressive decrease

in cells in S/G2 phase as cells expand in culture, as others have r¢pb8edt the end

of the proliferation phase, cells were found primarily in the GO/G1 phase of cell cycle
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(Figure 3.6a). We also observed changes in cell size and shape as cells age through
forward and side sdter detection by flow cytometry. Cell size progressively decreased
with age and the variance in cellular shape increa&pgendix AS1). Prior proteomic
analysis ofin vitro cultured CD4+ T cells identified profilid as a potential biomarker

for senesence (51); therefore this protein was included in our panel. However, no
statistically significant changes in profilih expression were observed in our CD8+ cell
population as a function of days in cultuigppendix AS1). Accumulationof the cell

cycle checkpoint p18“ has been observed in senescent T ¢&B§, 160). However, in

our study, the increase in p¥6 expression duringn vitro aging was found to be not

significant Appendix ASL).

Changes in surface marker expression with time in cultifieenotypic markers of
differentiation or cestimulation have been associated with immunosenes¢gbtel 61-

163. We observe a drop in CD28 expressidppendixA.S2), from 84 + 4% of CD28+
cellsat PD 2to 21 + 3% at PD 12, consistent with replicative senegdédi.eéNVe also
observe a decrease in CD27 expression (Figuie andAppendix AS2). Although the
number of cells expresginthe marker remains around 95%, there is a continuous
decrease in mean fluorescence intensity, indicating a decrease in the number of
costimulatory molecules present on the surface of each cell. After an initial drop in the
number of CD57+ cells early ioulture, the level of cells expressing CD57 remained
constant Appendix AS2). We did not observe significant changes in the memory

phenotype surface marker CD45R&ppendix AS2).
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Overall decrease in protein activation following T cell receptor stinutatAlong with
changes in surface marker expression, it has been proposed that T cell function decline
with age could be due to the development of defects in the transduction of mitogenic
signals following T cell receptor stimulatiofi69. From the lysates yielded by the
microfluidic chip, we quantified the levels of phosphorylated CD3, Lck, Zap70, LAT,
ERK and CREB following T cell receptor ligation using atigroughput, multiplex
beadbased assayl?). We chose to examine early phosphorylation events within 7
minutes of stimulation. T cell receptor stimulation led to aneiase in the levels of
phosphorylated proteins, with the magnitude and kinetics of activation dependent on the
protein, the donor and the age of the cell population (FigeandAppendix AS3). In
general, a global decrease in the magnitude of the peakation levels was observed
(Figure 3.6c and Appendix AS3). Along with those lysates, the microfluidic chip
provides fixed cells that have encountered the same stimulation conditions and that can

be used for further single cell studies.
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Figure 3-6: Cell cycle, surface marker expression and signaling trends over time in culture.

a) Percent of cells in the GO/G1 phase determined by the Dean Jett Fox model. Restimulation
with a-CD3, a-CD28 was performe@t passage 6 and 10. b) CD27 expression over time in
culture (representative donor data). ¢) Lck and pErk activation profiles over time in culture. The
green line corresponds to the mean of our 4 donors. The box plot represents the medidh, the 25
and 7% percentile as well as outliers.
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ERK activation has been shown to be essential in mediating proliferation and
telomerase activatiorf166, 167) and displays digital or analog activation patterns
depending on the strength and théuna of the stimulu$168-170); thus we investigated
this protein by single cell analysis. Analog activation appeared ai@D3-CD28
stimulation on our CD8+ T cell population throughout the duration of culture (Figure
3.2d). This analog activation is consistent with observations by Setgil who also
relied ona-CD3/CD28 as the means of T cell activatifi69. As with the lysate
dynamics, an oerall decrease in signaling wabserved with time in culture. We also
measured the heterogeneity in cellular ERK activation within the population, as
determined by the coefficient of variatig@V) of the histograms for each timeipt.
Higher coefficients of variations are observed very early and late with respect to culture
time (Appendix AS4). Heterogeneity in the composition of the initial cell population

isolated (naivers. effector) might result in this high CV observed eanlgulture.

Extraction of biomarker combinations of cellular age in culture and prediction of cellular
age and quality:Several biomarkers present modest correlation with time spent in
culture; however their rate of change is very desmecific and thefere individual
markers are not sufficient to distinguish reenescent populations with easlgnescent
populations. We therefore sought a combination of markers suitable for quantifying age
in the cell populations. Hierarchical clustering is a commothatkused in microarray
analysis to extract clusters of genes or proteins having similar response to the same
environmental factors(171). Applied to our signaling and flow cytometry data,

hierarchical clusterical of the protein phosphorylation time courses suggested higher
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phosphoryl ation val ue3). Howeved, yhe alustgrs arecvery | s (
donorspecific. Combinations of biomarkers consistent for all donors do not emerge. In
addition, this cluster analysis technique, very useful to interpret large datesgtoap
Al i ked variabl es, cannot convey guantitat
power of T cell faged or quality. Therefo

extracting markers of aging and their relative contribution to aging tlvaddwbe

universally predictive across donors.

3.2.4. A combination of dynamic signaling and expression metrics (Lck,
ERK, CD28 and CD27) are the most informative markers in predicting
cellular age
To relate cell age to network activation and phenotypic marke¥sgconstructed a
PLSR model. This datdriven modeling approach allows for complexity reduction in
multivariate protein expression and signaling data to identify the most informative
variables, and has been previously used to predict cellular fate olineytaloduction
(131 132. The 140x18 data matrix was parsed by defining the dynamic activation
profiles of 6 proteins phosphorylated after T cell receptor ligation {touese
measurements and instaneous derivatives), cell morphology, cell cycle, costimulatory
and differentiation surface markers, and heterogeneity in the population for the flow
cytometry data all as independent, predictor variables (Helo2k) in our data matrix
(Figure 3.4 and Appendix AT1). The number of days spent in culture or number of
population doublings were defined as variables that depend onhleck (i.e. Y-block)
for regression purposes. The principal components derived by the PLSR model contain

linear combinatios of the predictor variables optimized for maximum covariance with
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the dependent outcomes. From this initial optimization, a pruning step was implemented
by removing variables with both low importance in the projection andumgkrtainty as
determined byjack-knifing. The resulting 71x18 data matrix was fitted with a 3
component model with % = 0.96 (goodness of fit). The model captures variance in the
data with a ®= 0.78 (measure of the cumulative fraction of the totddlock variation

that can be mdicted by all components)individual observation sets, defined as all
measurements for a specific donor for a specific day in culture, were mapped onto the
first two principal components via their scores to determine how observations from
different expeimental conditions influenced the overall age prediction. Samples from
late days in culture segregate with positive PC1 loadings, suggesting that the first
component can be coar s el y3.7d).eThis fmssecdmpanent a n
can effectively estimate cell age withRAY = 0.667, G = 0.53. The second component
captures additional 23% of the variance in the data.

Clusters of predictor variables that are highly correlated with outcome variables can
be visialized by their proximities to one another on the weight plots in principal
component space (Figu7b). Signaling information is mostly artbrrelated to age,
consistent with the general understanding of altered signaling dynamics. An analysis of
theweight of each variable highlights the importance of the proteins ERK, Lck and LAT
for predicting cellular ageAppendix AT2-3). CD27 and CD28 expression, and number
of cells in the G2/M cycle phase appear to be heavily negatively weighted in the first
component. Somewhat surprisingly however, the heterogeneity of the cell population in
cellular shape, the heterogeneity in CD57 expression, and the basal level in

phosphorylated ERK emerged as being highly positively correlated with cellular age
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(Figure 3.7c). The heterogeneity in ERK phosphorylation in stimulated cells emerges as
important in the second component (Fig8réd). P16** influence was largest in thé’3
component (not shown) and was positively correlated to age. This comprehensive model
is cgpable of accurately predicting day in culture and number of divisions with regression
coefficients (RY) of 0.91 and 0.98 respectively (FiguBe7e-f). The robustness of the
predictions was tested by iteratively omitting one donor set at a time -@apgiyang the
algorithm on the remaining three donor sets. The regression is performed on the mean of
four different predictions; errors in the predicted value generated in this manner (Figure
3.7e-f) reflect variation in the ability of the model to be appltednew donor datasets

that it has not been previously been trained on.
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Signaling information alone is sufficient for aging predictidhile surface markers are
commonly used as metrics of aging, to date a multivariate characterization of replicative
senescence as a function of signaling dynamics has not been attempted. We sought to
determine if a model containing only signaling inforioat from lysates and flow
cytometry enabled cell age prediction. Theva¢iance captured by this reduced model is
lower than in the model previously described, with’a@%4; however this model is still

able to accurately predict the number of days sisalation or the number of population
doublings with a regression coefficienfYRof respectively 0.84 and 0.94 (FiguBeB).

As in the previous model containing all types of data, the first component is loosely
partitiored as a measure of age (Fig@8r8a). The instant derivatives of signaling at very
early time points enabled by the fast sampling of the microfluidic device are important in
this model Appendix AS4-5); the instant derivative of ERK phosphorylation after one
minute of stimulation emergeak the most significant antbrrelated variable while the
model also extracted the instant derivative of Zap70 phosphorylation at 1.5 min as a
significant predictor. A simple multiple regression based on just ERK and Zap70 metrics
enables age predictionitv R?> = 0.65. The most heavily weighted signaling variables
have been sampled between 1 and 3.5 min after stimulation, pointing to the importance of
very early signaling dynamics (FiguBeBb andAppendix AT4). An analogous modeling
exercise was perforrdewith only surface marker dat&#gpendix ASH. CD27 and
CD28 expression, as well as CD57 coefficient of variation emerged as the most
informative metrics. The PLSR prediction of days in culture was improved in the
signaling model (R = 0.84 vs. 0.78) huslightly less accurate in predicting population

doubling (RY = 0.95 vs. 0.98).
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Signaling information can predict estimulatory molecule expressiorCD27 co

stimulation withTCR enhances cell expansion and promotes cell sur{@va). The co

stimulatory molecule CD28 is involved in T cell receptor signaling amplification ¢ PI

activationand downstreara* mobilization(173 as well as indirect ERK activation via

Lck (174, 175. Therefore, the loss of CD28 and CD27 with cellular age would be

expected to be directly correlated to altered T cell receptor downstream signaling. To test

these relationships, we built a model that predicts phosphorylation levels from surface

protein expression marker&his model behaved poorly tR=0.27; &=0.1). The
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expression of CD27 and CD28 is not sufficient to accurately predict any of the signaling
variables. In contrast, a model based on signaling time courses and regressed against
costimulatory surface marker expression is able to successfully predict bo&h apb?2

CD27 surface expression with a correlation coefficient ranging from 0.75 to 0.91 (Figure
3.9c-e). CD27 mean fluorescence intensity is highly correlated to the instant derivative of
ERK phosphorylation after one minute of stimulation and-emrtrelaed to the slope of
deactivation of CREB after 2.5 min of stimulation. Lck phosphorylation is strongly
correlated to CD28 expression and the rate of decay in LAT phosphorylation after 3.5
min of stimulation is strongly antiorrelated to CD28 expression. aBally, CD28

expression clusters with early dynamics {8.5 minutes) of ERK, Lck and LAT (Figure
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3.3.Discussion

The outcome of immune based therapies, such as adoptive T cell transfer therapy or
engineered vaccines, is dependent on the quality of T cell clone§ld8pdProgress has
been achieved towards improved T cell expansion methods in the past fewWly&sars
new culture mediums as well as improved stimulation techniques have been developed
(177179, and cord blood has been harnessed as a source-eénescent lymphocytes
for tumor immunotherapyl80).

To assess the quality of expanded cells, researchers/clinicians generally perform
functiomal assays (e.g. cytokine productigh81) or cytotoxic Flymphocyte (CTL)
assays) or examine $ace marker expression, such as the extent of CD28 loss or the
appearance of late differentiation markers such as GD&. Univariate, static assays
measuring expression of surface markers alone are not always accurate for prediction of
cell functionality. While CD28 is considered as a biomarker of immemescence, its
expression can be downregulated by tuimecrosis factor (TNH)17, 18) or upegulated
by IL-12 in CD4+ cells(19). It was also shown that CD8+CD28ells are able to
proliferate (20) and therefore the loss of CD28 is not necessarily associated with
senescence. There is also contradictory evidence concerning loss ofdstimuwatory
molecule CD28 and altered downstream signaling. Letrhi. suggested that differential
localization of CD28 in lipid rafts and not the actual number of receptor eoylhin
disparities in response to stimulation for CD4+ c€li82). Hence, CD28 alone cannot be
considered as a direct marker of senescence, and combinations of biomarkers need to be

considered to quantitatively predict the level of senescence in a population.
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To measure T cell response, different assays exist to measure early (calcium influx,
protein phosphorylation within a few minutes after stimulation), intermediate
(degranulation or cytokine production) or late functions (proliferation and apoptosis)
(183. Although cytolytic assays are very informative in assessing cell functionality, they
rely on bulk population measurements which may mask deficiencies in subpopulations
and usually require additional culture preparation of target (B84). The analysis of
signal transduction protein phosphorylation after T cell receptor stimulation can be used
as a proxy for cell functionality, and offers insight on mechanistic deteti§ 185).

Flow cytometry can provide additional information regagdihe heterogeneity of the
early phosphorylation events in T cell signaling, while lysates provide multiplexed
capabilities of many measurements at once. Although a combination of the two
acquisition methods provided the optimal model, our results sudigastsignaling
information alone is comparable in prediction of cellular age and can also predict surface
marker expression. In contrast, the reverse is not true: while surface markers alone
provide information on cellular differentiation state and camliptecell age, they cannot
predict protein phosphorylation changes as a measure of cell functionality (data not

shown).

Determination of clusters of biomarkers and aging quantification is largely facilitated
by the development of computational models] aaveral efforts to model and quantify
cellular age in various cellular model systems have been published recently. Leiwless
al. developed estimates of fraction of senescent cells in human and mouse fibroblasts

using growth curves and candidate marketgh as p21 or DNA damage foci loci in
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paraffinrembedded tissue sectiofi86). Tsygankowet al created a stochastic model that
links p16™“*expression with agin(fL87). Proteomic analysis of elderly patieterived T

cells expandedn vitro to senescence used statistical discriminant analysis to identify
potential biomarkerg51). Each of these prior studies has relied on static information
from the cells rather than functional dynamics of TCR activation. As there is no
consensus for the best biomarkersnovitro aging for CD8+ T cells, we chose to utilize a
multivariate approach, combining surface phenotype of CD8+ Iymphocytes and
intracellular signaling.

In this work, we developed a microfluidic tool and a statisticatiel to evaluate cell
responsiveness and accurately predict cel l
observed that T cells are able to stimuli within seconds, such as TCR ligéti@tmon a
burst of calcium(188. The design of the microfluidic device enabled sampling of the
rapid protein phosphorylation dynamics in the first few minutes following stimulation
with minimal standard error, and allowed us to obtain accurate measurements in a high
throughput manneiAs shown previously, chaotic mixing and flow in narrow channels at
low Reynolds number does not elicit adverse stress respd@e The ability to
reproducibly sample with 300 second intervals enabled the use of instant derivatives as
additional variables irthe regression model; thus, the microfluidic device provided an
additional benefit in enhancing the information content from the signaling data. Although
others have reported derivatives of time courses to be less informative in PLSR analysis
(130132 189, 190), these studies relied on signaling dynamics that extended for hours
rather than minutes. Because the device can stimulate a small number of cells with high

temporal resolution and subsequently lyse and fix them in parallel, we could seamlessly
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Astitcho together compl ementary measur e me

populations of cells treated identically, not only from day to day, but also within a
paricular stimulation experiment. Because detwmdonor variability is a confounding
factor in deriving robust biomarkers of senescence, the technological platform minimizes
the experimental data variance so that meaningful dimension reduction could be
perfaomed, as shown by the conserved trends of signaling of phosphorylated ERK
(Figure 3.3). Cheonget al have developed a microfluidic device able to measure time
courses of signaling responses to continuous or with wave form soluble stimuli with
immunofluorescence on chip on adherent cgll24). In contrast to our design that
performs offchip biochemical and cellular analysis, their immunostaining was performed
on chip. Their device provided singtell data on fixed cells, similar to live cell imaging
and could be used to discriminate single cell versus population signaling dynamics. As
with flow cytometry or microscopy, however, one is limited by the number of proteins
that can be measured simultaneously. With the microfluidic chip presented here, the
simultaneous fixing and lysing of cell populations which have encountered the same
environmental conditions allowed us to use multiplexed capabilities of lysates while
being able to probe for the heterogeneity in ERK phosphorylation in aging populations
with flow cytometry. This technique could also prove useful in future applications for
distinguishing signaling in different subcellular compartments, e.g. nuclear transcription
factors, not directly accessible with detergkased lysing.

We developed multigl partial least square regression models to explore properties of
the data and be able to predict physiological agexafivoexpanded cells. PLSR models

have been applied previously to understand complex signaling networks involving
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multiple inputs andmultiple outputs, without prior knowledge of the network structure
(130132 189 190. Prior application of this type of modeling approach has
demonstrated that antigenic information content is encoded within downstream
phosphorylation events in T cellfl32). This datadriven modeling technique is
particularly well suited to carry multiviaste analysis and predictions in extensive
datasets, and therefore could be applied to extract correlations between age, signaling,
and surface phenotype expressidimtom the analysisCD28 and CD27 expression
emerged as key markers in determining celldge and also correlated strongly to
intracellular phosphgrotein dynamics. Interestingly, the model did not find any positive
correlation between the effector memory surface markers CD57 and CD45R0O and age in
culture, contrary to a previous observati@i62. This might be due to the culture
conditions spefic to each study. It has been reported thRa€D3/CD28 artificial
antigenpresenting cells as used here preferentially expand CD4681(3 (178). CD57
is a marker associated with the estdge T celldifferentiation. Elevated expression of
CD57 has been observed on tumspecific T cells. It may be the consequence of
persistent chronic antigen stimulation, resulting in the accumulation of cells capable of
rapidly secreting cytokines but that lack prelative capacity (162). IL-2
supplementation may haweduced an increased loss of CD28 expresgidd), blocking
cell proliferation before CD57 upregulation. Thus, this model is limited in scope to the
culture conditions asyed yet provides a generalizable approach that could be used for
other expansion methods.

Our model emphasizes the importance of early signaling dynamig$ (hin after

TCR engagement) to explain and predict cellular age. Others have reported afenatio
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early signaling events in old migd92 and in human T lymphocytes from elderly
patients(193), furthering the common characteristics betwegrvivoculture expansion

and immunosenescence. Three major proteins, Lck, LAT and ERK, were eedr&ioim

the model as having primary roles in accurately predicting cellular age. Lck is the first
protein to be phosphorylated after TCR engagement, leading to phosphorylation of the
adaptor protein LAT via Zap70, and downstream phosphorylation of ERKaireap
redox regulation(194), reduced calcium releag&92 195 and altered membrane rafts
composition(194) are possible explanations for the impaired activation of those proteins.
Previous studies have reported higher-t®ltell variation with increasing agg 96,

197); however the modeling results suggest that this trend is more nuanced and depends
on the protein in question. We find that the heterogeneity in CD57 protein expression and
cellular shape is correlated with kegr age. In contrast, no direct correlation between
age and celto-cell variation of ERK phosphorylation was discoverfggendix AS4),

and yet as part of a multivariate analysis this CV variable still possesses a high predictive
power. This suggestolustness in ERK response to intracellular noise created with
aging(199).

The multivariate PLSR model is able to assess the age and therefore the quality of a cell
population for cells expanded using COB®B28 bead stimulation with H
supplementation. Past muidiriate models associated signaling information with cellular
fate (189, cytokine productiorf132), or drug responsgl99. These models enabled the
creation of new hypotheses to test the validity of the model. In this application, aging is
not a cell fate that we can modify and the bidkees extracted are not correlated in a

causal fashion to the age of the cells. This lack of a testable mechanism poses a limitation
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to the study; however, the model yields novel insight on the most informative markers of
the array selected for sampling daoredicts cellular age from those specific markers. We
also envision this model to be a possible diagnostic tool to quantify immune age of
elderly individuals or individuals presenting accelerated immunosenescence, such as HIV

patients.

3.4.Conclusion

In sunmary, the design of a novel microfluidic chip enabled the statistical analysis of
T cell aging by minimizing error in the sample handling between days and across
multiple donors. We took advantage of chaotic mixing geometries and a modular chip
design tocapture the early phosphorylation events associated with TCR ligation, which in
turn proved to be highly informative in the partial least square regression prediction of
population doubling and days spent in culture. Our findings point to a cell signaling
based assessment method that could quickly evaluate pdeieveed cells for degree of
population doubling. The general approach described here, combining fixation and lysing
onchip, can facilitate the integration of singlell information with populatin-averaged

techniques such as multiplexed immunoassays or mass spectrometry.

3.5.Material & Methods

3.5.1. Cell isolation and expansion
Following institutional review board (IRB) approvd&l D8+ T cells were obtained
from blood donors using standard isolation procedures. Briefly, 40 mL of fresh blood was

collected in EDTA coated tubes from four healthy donors32years old) under written
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informed consent. Peripheral blood mononuclear scellere isolated by density
centrifugation using Lymphoprep (VWR), and CD8+ T cells further purified using the
DynabeadsE UntouchedE Human CD8 T Cel s
as checked by flow cytometry). The cells were expand@&PiMI 1640 medium with £
glutamine (SigmaAldrich) with 10 mM HEPES, 1 mM sodium pyruvate, and 1X MEM
nonessential amino acids, and 100 units’menicillin/streptomycin (Cellgro) and 10%
certified heatinactivated fetal bovine serum (Sigmadrich). The culture medium was
supplementedvith 50 U/mL of recombinant IE2 (SigmaAldrich) and Dynabeads®
Human TFActivator CD3/CD28 (Invitrogen) at 1:1 &é to cell ratio (kept constant for
the entire culture period) for rapid cell expans{@a0, 201). Cell cultures were checked
daily and resspended in fresh medium when need&lle number of population

doublings (PDs) was calculated from the average cell count using the following equation:

e e
VO] TG

wherengest represents the number of cells counted after expansioniamdpresents the

(3.4)

number of cells initially seeded.

The following table presents the different time points at whici@6ells fromeach

donor cell culture were assayed for signaling, irgatar and surface marker expression.
Sample times were chosen when the total number of cells in culture for each donor

exceeds 320 cells.
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Table 3-1: Day in culture when assayed and corresponding PD for each donor.

Donor 1 Donor 2 Donor 3 Donor 4
Day PD Day PD Day PD Day PD
4 2 6 3.8 4 2.5 6 4
6 4.1 8 6.5 6 4.1 9 6.5
8 5.9 11 9.5 8 7.3 13 8.1
11 8.6 13 10.5 11 9.7 16 10.8
13 9.1 13 10.9

3.5.2. Microfluidic device fabrication

The twemodule device was fabricated using standard soft lithographic techniques
(12, 202. Briefly, the modules were molded in pokdimethylsiloxane) (PDMS) (Dow
Corning Sylgard 184, Essdérownwell Inc.) from a tw-layer SU8 (Microchem Corp.)
master. One layer of 76m thick SU-8 2050 was spun onto 100 mm silicon wafer,
prebaked, and exposed under UV light to define a negative image of the channel system
in the resist, f ol | owi n gter pobteaking sorcrossliakcthieu r e r 6
exposed resist, another layer of Aath thick SU8 2020 was spun on top. This layer
formed the staggered herringbone arrd¥8). After the same prebake and expose
process, the wafers were developed using propylene glycol monomethyl ether acetate
(Doe & Ingalls, Inc.). The wafer surface was treated with w@base tridecafluoro
1,1,2,2tetrahydrooctyl-trichlorosilane (United Chemical Teablogies, Inc.) for
passivation. PDMS was cast on the-8thaster and baked for 3 h at°Z0to crossdink.

The PDMS was then peeled off from the mold and individual devices were cut to size.
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Access holes were punched using stainless steel needles (McMaster Carr). The devices
were plasma bonded to glass slides or PDMS. Medical grade polyethylene (PE) tubing
(Scientific Commodities) of various lengths and inner diameters were used for fluidic

connections.

3.5.3. Device operation

A syringe pump (Chemyx Fusion 200 series) controlled the flow to the four inlets at
44 nL-min™. Before running an experiment, a solution of 2% BSA in PBS was flown
through the device with plugged outlets to pressurize théced and remove any air
bubbles. Then the outlets were opened to atmospheric pressure and PBS with 2% BSA
was flowed through the device for an additional 15 min. Seven hours before the device
operation, 2aL° cells were resuspended in fresh medium withéi-2 and a-
CD3/CD28 beads. During device operation, cells were delivered in 1.5 mL of a PBS +
7% w/v dextran solution to match the cell density and avoid cell seffl)gTo further
avoid cell loss in the syringe, a small cubic magnet withni2 edges was inserted with
the cell suspension, and intermittently agitated during the experiment. The stimulus
consisted of PBS supplemented withgmL of a-CD3, clone OKT3 (eBioscience), and
2 mg/mL of a-CD28 (BD Bioscience). leeold freshlyprepared lysis buffer as
previously describe@l2) and a 10% formalin solution i@BnaAldrich) were delivered at
the inlets of the seconohodule Cells, stimulus, lysis buffeand fixing solution were
flown for 9 min to allow steady state for the different time points to be reached before the
8 fixed samples and 8 lysates were collécdte icecold 96well plates covered with

paraffin for 20 additional min.
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3.5.4. Signaling measurements

Total protein concentration of the lysates was determined with a BCA assay kit
(Pierce).The analysis of phosphorylation dynamics was performed with @R 200
instrument (BieRad) using commercially available Luminex bead assays. The
guantification of proteins downstream of TCR (Beadlyelek Human T cell Receptor
Signaling Kit, Millipor e) was compl eted according to ma
for all data are presented as the average of triplicates, normalized to values from GAPDH
beads (Millipore), and further normalized to the maximum value for separate sets of
proteins per donoPhosphoprotein staining was performed as described in Krettzak
(203). Briefly, formalinfixed stimulated cells eluted from the device were washed with
PBS, permeabilized with ieeold methanol and stored &0°C. Cells were stainedith
pPERK antibody pT202/pY204 (BD Bioscience) at a dilution of 1:100 (in 2% BSA in
PBS). After 30 min of incubation af@, cells were washed and resuspended in PBS with
a-mouse Alexa488 antibody (Invitrogen), incubated for 30 additional mifCatwashd

and analyzed by flow cytometry.

3.5.5. Flow Cytometry analysis

Surface marker protein expression was determined by direct immunostaining. Stimulated
CD8+ T-cells (510 total) were removed from the beads and resuspended inm500
solution of PBS, 2% BSA, with the following antibodies: 0 of PElabeledaCD27,

10 nL PeCy5labeledaCD28, 10ni FITC-labeledaCD57 and 2.51. PeCy*#labeled
aCD45R0O (BDBioscience). After 30 min of incubation on ice, cells were washed with

PBS and angked by flow cytometry. To determine g6 and profilinl expression as
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well as cell cycle, stimulated CB8r-cells were removed from the beads, resuspended at
10" cellsmL™ in ice cold methanol and stored-a26°C. After being washed in PBS, cells
wereresuspended at 16ellsmL™in 50 L of PBS, 2% BSA, and incubated for 30 min
with aprofilin-1 antibody (Cell Signaling) , washed in PBS, incubated with Haleled
ap16™* antibody (BD Bioscience) andrabbit RPE antibody (Invitrogen) for an
additional 30 min at room temperature. After the final wash step, cells were resuspended
in 500 nL of PBS and 2.57L of 7-AAD to measure DNA content. After 30 min of
incubation at room temperature, samples were analyzed by flow cytondetrynimum

of 10,000 cls per condition were analyzed on a BD LSR Il flow cytometer. Flow
cytometry data were analyzed with appropriate gating and compensation controls using
the software FlowJo (TreeStar, Inc.). Cell cycle analysis was performed on the FlowJo

cell cycle analyis platform using the Dean Jett Fox model.

3.5.6. Partial Least Square Modeling

Statistical modeling was performed using the SIME/Asoftware (Umetrics). All
signals were mean centered and unit variance scaled prior to analysis to allow all
variables to be considered equally scale in principal compo(E3@s The data set was
divided i nt o t wo faansisting efsneasures &f agR in culture (dependent
vari abl e bl 8¥%denotingthedmeasured pr&kein phosphorylation signals
as well as surface markers, cell morphology and intracellular proteins (independent
variable block). Instantaneous derivatives of the signaling dynamics, corresponding to the
slopes of the phosphorylation dynamics signals, were also added to the X block. PLSR

can accommodate data sets that are not fully complete (i.e., yielding mataicasethot
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of full rank), providing the missing values are randomly distributed. The quality of a

PLSR model can be summarized by two primary metrics: how well it is able to
mathematically reproduce the data of the training set (given by the pararéjearid

how reliably we can predict tReAgood®its exper
considered to be above 0.5.

VYUY

Yw p W (3:5)
- 0 YO'Y'Y (36)
Vw p ,‘Y“de .

where RSS represents the residual sunscpfares of predicted Y, S&¥orr the total
variation in the Y matrix after mean centering and scaling and PRESS, the predictive
residual sum of squares defined as

0YOYY © o (3.7)
calculated by cross validatiomhe appropriate number of components is defined as the

optimum tradeoff between goodness of fit and predictive ability. For more detailed

description on PLSR modeling we refer to a previous explang®f.
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CHAPTER 4
REDOX-RELATED MARKERS OF S ENESCENCE ARE ALTERED

BY IN VITRO LONG- TERM CULTURE OF CD8+ T CELLS

4.1.Introduction

Immunosenescence is characterized by a decreased ability of the immune system to
respond to foreign antigens and to maintain tolerance teasgtfens resulting in
increased incidence of cancer, infection and autoimmune diseases in the(2R)efie
inability to respond to antigenic stimulation is also observed at the cellularinevigio
using longterm culturing condition$205). In addition to being am vitro framework of
in vivoaging, T cells reaching senescence after margidns are also a pitfall of large
scale T cell clonal expansion for immunotherapies, e.g. adoptive T cell transfer therapy
(ACT) (38). Improvement okex vivocell expansion for these therapies requires a better
understanding of the changes occurring at the molecular levels duriitigp aging.

Reactive oxygen species (ROS) are generated by the mitochondria during normal
metabolism and NADPH oxidases during signaling, but can be effectively eliminated by
cellular antioxidant defense mechanisms. Although T cells modulate their redox status for
signaling purposes(206-209), excessive production of ROS can overwhelm the
antixidant defense system, leading to oxidative stress, improper signaling and tissue and
DNA damage. Increased ROS levels could therefore be a potential molecular mechanism
for the altered signaling dynamics mvitro aging T cells described @hapter3.

Immunosenescence of T cells can be linked to ther&dieal theory of aging.

Increased mitochondrial leaka@®8, 210, 211) and resulting mitochondrial DNA damage
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(2120 have been shown in aging lymphocytes. DNA damage increases and repair
decreaseq213 214), advanced glycation end products (AGE) and oxidized- non
functional proteins accumulate due to reduced proteasomal and methionine sulfoxide
reductases activitigq215219).

Recent comprehensive microarrajudies have been conducted to compare gene
expression profiles in T cells between young and old mice or human suB2@&22).
These studies suggest the differential expression of several key redox regulatory genes,
such as the upregulation of genes involved in oxidative phosphoryk&iih or the
monotonic decline in antioxidant defense, more specifically in glutathione metabolism
(222. At the proteomic level, Gautamt al reported an agdependent monotonic
increase in the levels of lipid peroxidation and protein oxidation, as well as an age
dependent monotonic decline in gltiiione levels and activities of the major antioxidant
enzymes catalase, superoxide dismutase (Spatathione reductase (GR), glutathione
peroxidase (GPx) and glutathiondr@nsferase (GST) in mixed human T cell populations
from various age group@23. This study demonstrates a pwgidant shift in redox
potentialin vivo, yet such changes have not been charactenizeiiro cell models, and
in particular in culture conditions that mimic expansion methods for ACT.

Using quantitative RIGPCR technologies, we report in this study that a similar redox
remodeling towards a praxidative environment occurs in CD8+ T cells agingyitro.
Older T cells overexpress the NADPH oxidase Duox1 and downregulate key antioxidant
enzymes, leading to an overall higher cellular redox potential as determined by the Trx
and glutathione redox coupleQur results indicate thaih vitro culture caditions

consistent with ACT recapitulate features of the cellular redox status obsemred
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4.2 Results

4.2.1. RT-gPCR gene expression profile of young CD8+ T cells

We previously used aim vitro aging framework to identify biomarkers of aging
associated with early T cell signaling and observed altered phosphorylation patterns in
long-term cultured cell§224). Using the samim vitro aging conditions, the goal of this
study was to determine the effectsiovitro aging on the redox status of CD8+ Tise
We extracted RNA from young (up to 3 population doublings) and old (more than 8
population doublings) CD8+ T cells of young healthy donors and measured gene
expression profiles of 84 antioxidant and redox related geé&gsefidix BT1) using the
Human Oxidative Stress and Antioxidant Defense PCR Ari@ut of these 84 genes,
only 58 were expressed in T cells. The normalized mRNA levels of individual genes
expressed in the young CPSB8SEMTh Tabked.l The ar e
inter-array coeficient of variation (CV) represents the donor to donor variability in gene
expression and ranged from 0.9% to 19.06%, with a mean percentage of 4.4%.
Out of the 58 genes, pzthox, a subunit of superoxide producing NADPH oxidases, is
the most highly expssed in the young cells. At similar levels, several families of
antioxidants are expressed including superoxide dismutases (Sod), glutathione
peroxidases (Gpx) and peroxiredoxins (Prdx). Sod1, Gpx4 and Prdx6 are the most highly
expressed antioxidant genésljowed by other isoforms Prdx3, Prdx2, Prdx5 and Prdx4,

Gpx1 and Gpx7 and the mitochondrial Sod2.

54



Table 4-1: Normalized mRNA levels of individual genes expressed in young CD8+ T cells,
ranked indescending order of expression (n=6).

Mean @Ct

Symbol Protein Name SEM % CV
CYBA P22phox 3.77+04 10.64
CCL5 Chemokine (&C motif) ligand 5 3.58+ 0.68 19.06
SOD1 Superoxide dismutase 1, soluble 4.19+0.23 5.56
Glutathione peroxidase 4
GPX4 (phospholipid hydroperoxidase) 4.38+0.40 9.24
PRDX6 Peroxiredoxin 6 4.60+ 0.30 6.48
GTF2I General transcription factor lli 479+ 0.28 5.93
PRDX3 Peroxiredoxin 3 4.61+ 0.46 9.98
PRDX2 Peroxiredoxin 2 4,78+ 0.35 7.24
GPX1 Glutathione peroxidase 1 5.17+£ 0.23 4.48
CSDE1 bCi(rjllddir?gOCk domain containing E1, RNA 519+ 0.23 4.48
FOXM1  Forkhead box M1 5.39£0.18 3.44
PRDX5 Peroxiredoxin 5 5.38+ 0.28 5.25
ATOX1  ATX1 antioxidant protein 1 homolog (yeast) 5.60 + 0.21 3.70
TXNRD1 Thioredoxinreductase 1 6.17+ 0.08 1.33
DHCR24 24-dehydrocholesterol reductase 6.38+ 0.18 2.83
RNF7 Ring finger protein 7 6.58+ 0.21 3.13
SOD2 Superoxide dismutase 2, mitochondrial 6.59+ 0.21 3.12
OXSR1  Oxidativestress responsive 1 6.98+ 0.10 1.47
CAT Catalase 6.78+£ 0.4 5.92
PRDX4  Peroxiredoxin 4 6.99+ 0.36 5.18
MGST3  Microsomal glutathione -&ansferase 3 7.18+0.23 3.22
MPV17 MpV17 mitochondrial inner membrane prote 7.18+ 0.23 3.21
GLRX2 Glutaredoxin 2 7.39+0.18 2.49
GSS Glutathionesynthetase 7.37+0.28 3.81
BNIP3 BCL2_/adenOV|rus E1B 19kDa interacting 738+ 0.34 4.62
protein 3
SELS Selenoprotein S 7.78+0.28 3.62
STK25 Serine/threonine kinase 25 7.98+0.10 1.24
TXNRD2 Thioredoxin reductase 2 7.79+ 0.34 4.43
NUDTL Nudix (nucle_03|de diphosphate linked moiety 8.18+ 0.09 104
X)-type motif 1
PNKP Polynucleotide kinase-phosphatase 7.99+ 0.31 3.89
GPX7 Glutathione peroxidase 7 8.00+£ 0.31 3.89
OXR1 Oxidation resistance 1 8.19+ 0.23 2.85
PRDX1  Peroxiredoxin 1 8.19+ 0.30 3.70
CCS Copper chaperone for superoxide dismutase 8.80+ 0.19 2.13
Interaction protein for cytohesin exchange
IPCEFL g oo P y 9¢  g857+0.58 6.78
MTL5 Metallothioneinlike 5, testisspecific (tesmin) 8.97+ 0.31 3.46
SIRT2 Sirtuin 2 9.01+ 0.38 4.20
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Table 4-1 continued

. Mean @Ct
Symbol Protein Name SEM % CV
PhosphatidylinositeB,4,5trisphosphate
PIREAT dependent Rac exchange factor 1 SR A ZAE
GSTZ1 Glutathione transferase zeta 1 9.19+ 0.37 4.07
NCF2 Neutrophil cytosolic factor 2 9.38+£ 0.39 4.20
NCF1 Neutrophil cytosolic factor 1 9.00+ 0.89 9.91
SRXN1  Sulfiredoxin 1 10.18+ 0.23 2.26
MSRA Methionine sulfoxide reductase A 10.18+ 0.3 2.93
DUSP1 Dual specificity phosphatase 1 10.19+ 0.43 4.19
GPX3 Glutathione peroxidasg (plasma) 10.37+£ 0.49 4.76
SEPP1 Selenoprotein P, plasma, 1 10.57+ 0.29 2.80
PRNP Prion protein 11.01£0.10 0.90
GSR Glutathione reductase 10.78+ 0.34 3.17
PDLIM1 PDZ and LIM domain 1 10.98+ 0.3 2.79
TTN Titin 11.19+£ 0.42 3.79
MT3 Metallothionein 3 11.4+0.73 6.40
ANGPTL7 Angiopoietinlike 7 12.17+ 0.23 1.87
ALOX12 Arachidonate 12ipoxygenase 12.17£ 0.42 3.48
EPX Eosinophil peroxidase 12.58+ 0.41 3.29
DUOX1 Dual oxidase 1 12.78+£ 0.34 2.68
SFTPD Surfactant protein D 12.57+ 0.76 6.07
PXDN Peroxidasin homolog (Drosophila) 13.21+ 0.62 4.70
GPX2 Glutathione peroxidase 2 (gastrointestinal) 13.99+ 0.47 3.36

4.2.2. Age-related modifications in gene expression of redeselated proteins

The effects ofn vitro aging on CD8+ T cell gene expression are shown in Figure
4.1 and Appendix BS1 The list of all targets, their corresponding fold changes and p
value can be found iAppendix BT2. Large ageelated changes (fold chande5) were
observed in 8 genes, 4 of them downregulated and 4 upregulated (p<0.1,4ijure
Angiopoietinlike 7 (Angptl7), an ECM deposition protei(225, Titin (Ttn), a
cytoskeetal protein, Dual oxidase 1 (Duox1), a@4-producing enzyme an@lutathione
peroxidase 3 (Gpx3), the extracellular isoform of Gpx are upregulated darivitro

aging. It is interesting to note thall these targets are expressed at very low levels in
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young cells, Gpx3 for example being the Gpx isoform with the least mRNA copy
numbers in the young cells. Downregulated targets are Elfin, PDZ and LIM Domain
Protein 1 (Pdlim1), involved in the reorganization of microtubules at the immune synapse
(226), Metallothioneinlike 5 (Mtl5), a zinc-binding protein acting as aantioxidant,
Glutaredoxin 2 (GIrx2), a mitochondrial oxidoreducté227) and Thioredoxinreductase

1 (Txnrdl1), a central component of the antioxidant thioredoxin system.
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Figure 4-1: Fold changes in gene expression of redox related proteins duitg aging Points
above the dotted red line represent targets that show significant statistical difference (at p < 0.05)
between young and old samples. Points above the filled reckfinesent targets with significant
statistical difference (at p < 0.1). The blue lines represent fold changes above 1.5 fold up or down.
(n=6)

4.2.3. Agerelated modifications in total protein amounts of the redox

related proteins Prx2, Grx1, Duoxl
To compareour measurements in MRNA levels to protein expression, we

conducted sermjuantitative Western blot analyses to determine the relative protein level

of Duox1, Prx2 and Grx1.
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The PCR array identified upregulated levels of Duoxl mRNA in older cells.

Westerrblot analysis confirmed this increase at the protein level (Fig@e

a b
*
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Figure 4-2: Duoxl protein levels. a) Representative Western Blot for 2 different donors.
b) Quantification of the Western Blots. Protein levels are normalized to the young cells protein
expression level* p<0.05 (paired Zail t-test).

Prx2, one of the most highly expressed Prx isoforms in T cells (Bablehas

been reported to be downrdgted in aging bone marrof@28). Although it did not show
significant downregulation of mMRNA levels in our study, we probed its protein
expression by Western blot, as protein levels do notyaslwarrelate directly to mRNA
levels. Consistent with the mRNA results, we observed no significant changes in Prx2
levels with age (p=0.05) despite a decreasing trend (F&yB8yeln addition, we chose to
probe for Grx1, a glutaredoxin isoform not foundhe PCR array. Grx1 has been shown

to be a survival factor that protects cells against apop(@29, a process altered in
aging senescent T cel(230. As with Prx2, Grx1 protein levels show a decreasing
trend, but no statistically significant changes (Fégd.3). However to confirm these
results, a higher sample number might be required as well as an additional timepoint (day

24)
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Figure 4-3. Relative bld changes in Grx1 and Prx2 protein expresgimrmalized to actin)
Relative protein levels are normalizeé levels at day 8.
4.2.4. Age-related modifications in overall cellular redox status
Due to the technical difficulties of directly assessing oxidant levels in living cells
(231, we measured the cellular redox couples as indirect measures of oxidative stress.

Several indicators oih vivo redox status are available, including the ratios of GSH to

GSSG, and the balance between reduced and oxidized thioré28g).

Glutathione redox coupleG| ut a t HdiglotamgtL-gysteinylglycine) is a tripeptide
that functions as the major intracellular antioxidant and redox buffer against
macromolecular oxidative damage. The glutathione thiol/disulfide redox couple
(GSH/IGSSG) is the predominant meclsami for maintaining the intracellular
microenvironment in a highly reduced state that is essential for antioxidant/detoxification
capacity, redox enzyme regulation, cell cycle progression, transcription of antioxidant
response elements (ARE) and adequateume respons€233-236). Total levels of

glutathione did not change significantly with time in culture (p=0.13); however, the ratio
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of oxidized to reducedlutathione increased with age, as indicated by an incredbe in

GSH/GSSG redox potentialeasured with HPLC (Figu# 4).
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Figure 4-4. Total glutathionelevels (a) and corresponding GSH/GSSG redmotential (b) in
CD8+ T cells with time in cultureletermined by HPLC (n=3). Statistical analysis: -orasy
Anova (p=0.038) f oihdcteste.05bgtweSncdays8tarfdday $6 p o st

Thioredoxin redox coupieThe thioredoxin reductive systemakso an essential cellular
mechanism facilitating the reduction of ROS by supporting the peroxidase action of
peroxiredoxins (Prx) and directly repairing oxidatively damaged protei®g. Pooled

total levels of Trx1 did not show significant changes among our four donors (data not
shown); yet at the individual donor level, total Inexpression waseduced at longer

time in culture compared to day 4 andRgure4.5a). Reduced and oxidized forms of
Trx1 were determined by redox Western blots. The proportion of oxidized Trx1 increased
with age (Figuret.5a), leading to an overall increase in thewdall Trx1 redox potential

between young and old cells (Figuréb).
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Figure 4-5: Trx levels in M8+ T cells with time in culture. a) Total, reduced and oxidized Trx
levels for a representative dondTT-treated lysates is included as a reduced control and
diamidetreated lysates is included as an oxidized corb)oCellular redox potential with respect
to Trx1 (n=4).Statistical analysis:.or@ay Anova (p=0.007) daltestowed
* p<0.05between day 4 and days-28. ** p<0.05 between days® and days 2Q4.
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4.3.Discussion

T cell responses in elderly humans show a dysregulation in intracellular transduction
capacity, impaired proliferation in response to mitogenic stimuli and changes in cytokine
production(238240). We have observed a similar decrease in T cell activationwitro
aging CD8+ T cellg224). A controlled T cell redox environment is essential for T cell
activation and proliferatiorf236, 241); hence a dysregulation in cellular redox status
would result in impaired signaling. For instance, &300% decrease in intracellular GSH
abrogates TCR stimulated €aignaling(242).

In many tissues and cell types, aging is characterized by an imbalance between the
formation and clearance of free radicals, resulting in a state of oxidative &d3s
Increased amounts of free radicals have been reported in cells of the immune system

(218 244) and also specifically in T cell populations rincelderly subject$223). In this
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study, we have assessed changes in redox stammsvitmo long term cultured CD8+ T
cells, as a ptential biomolecular mechanism for the previously observed impaired T cell
activation.

We used quantitative expression analysis of genes associated with the oxidative stress
and antioxidant pathway in T cells to identify sources of ROS production and
anioxidants in primary CD8+ T cells. Large amounts of the superoxide producing
NADPH oxidase 2 (Nox2) subunits inding p22phox, p47phox and pfitox are
expressed in T cells as well as low levels of th®+producing dual oxidase (Duox1).

We did not detecthe Nox5 and Duox2 isoforms that have been reported to be present in
the Jurkat T cell ling245), while superoxide dismutases, glutathione peroxidasds an
peroxiredoxins were found to be expressed in high levels. Gpx4 and Gpx1l are
selenoproteins, involved in the reduction ofChHlinto water using reduced glutathione as

a specific electron donor substraf@46). These two isoforms had previously been
identified in Jurkat T cells as the predominant selenoproteins isoforms and have been
reported to decrease during HIV infection, an accelerated immunosenescen(43}ate

Prdx 2 3,5 and 6 are expressed in similar high levels inB€O0 cells. Peroxiredoxins

are low efficiency antioxidant enzymes that redug®XHusing thiols as reductan{248)

and have also been reported recently to be involved in canftammation and innate

immunity (249).

Previous microarray results suggest that several key redox regulatory genes are
differentially expressed in lymphocytes from young and old individ{226-222). Caoet

al. reported upregulation afenes involved in oxidative phosphorylation in CD8+ T cells
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from old healthy human subjecf221) while others observed a monotonic decline in
antioxidant defense, more specifically in glutathione metabql&8). In this study, we
focusel on changes in oxidative stress and antioxidant gene expression patterngnduring
vitro aging. Out of the genes expressed in T cells, 14% showed significant changes with
age (Figure4l). Two structural proteins are upregulated with age, Angiopei&an7
(Angptl7) and Titin (Ttn). Angptl7 is a secreted protein involved in blood vessel
formation with an additional role in lipid metabolism by inhibition of phospholipid
lipase. Plasma Angptl4, another Angtptl isoform had been previously shown to be
positively correlated with agé50). Titin is a giant protein controlling the structure and
elasticity of vertebrate muscle sarcomef251). Its role in lymphocytes is not clearly
defined but it has been identified as a gene signature for chronic lymphocytic leukemia
(CLL) (252. An additional gene upregulated duriimgvitro aging is the KHO,-producing
enzyme Duox1l. We confirmed this increase by measuring protein levels of Duox1 in
young and old T cells (Figu#2). Although it is the first time Dax1 is reported to be
upregulated during aging, increased levels of other NADPH oxidases isoforms have been
documented. Nox2 shows an adgpendent increase in the aging stom@g8), Nox2

and Nox4 an agdependent increase in aging myocyi&s4).

The decreased expression of magotioxidans is consistent with the microarray
results mentioned above. Metallothens are low molecular weight proteins, scavenger
of free radicals, associated with lifespan in mice and hur(@s® and shown to be
downregulated with agm vivo andin vitro systems of CD4+ T cell@56). GIrx2 has
been described as a critical component for the regulation of the mitochomedioed

status(227). A decrease in the Glrx2 levels would result in the dysregulation of the
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mitochondrial detoxification system and mitochondrial oxidative stress, a central dogma
of aging(257). Txnrd1 is a major redox regulator by reducing and activating thioredoxin
and the thioredoxin system has previously been shown to be impaired during aging.
Reduction in Trx1 and Trxeductase mRNA levels has been shown in skeletatlesis
(258 and kidneyg259) from old rats.

Our RT-gPCR results (Figurd.l) suggest a redox remodeling in various cellular
compartments ofn vitro aging T cells that would result in higher levels of cellular
oxidation. Our group had previously demonstrated systemic remodeling of the redox
regulatory network due to perturbation of specific antioxidant enzymes in Jurkat cells
resulting in adaptationud differential response to exogenous oxidative st(24§). In
both studiesinsularity between the cytosol and mitochondrial compartments as well as
strong covariancebetween perox@doxins and Prx2 and Grxivere conservedBut in
contrast to redox remodeling due to shRNrturbation, remodeling of the redox
regulatory pathway in aging T cells shows an upregulation of the ROS producing enzyme
while major antigidant enzymes transcripts levels are reduced. This suggests that redox
remodeling during aging may be the resila lost ability of the cell to adapt to an initial
perturbation in its antioxidant pathway leading to a@xmlative environment.

Consistent with this adaptation, large changes in redox potential were observed for
the Trx redox couple. Compared to reduotentials of the Jurkat cell lin@60), young
primary CD8+ T cells show a more oxidized Trx redox couple simultaneously but a more
reduced GSH redox couple. In particular, the GSH redox potential of old CD8+ T cells

hasthe same order of magnitude as Jurkat cells challenged with aM 08,0, bolus.
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These dissimilarities suggest different contributions of the Trx and GSH redox
machineries in the overall redox buffering system in related cell types

In vivo studies have siwn decreases in total levels of glutathid@@3 261); yet
despite a decreasing trend, the total protein levels of Tradlghnathione did not show
significant changes in loagrm cultured CD8 T cells. To validate this result, the
experiment needs to be rerun with a higher sanmpimber in order to mask dortor
donor variability and increasstatisticalsignificance. In adition, direct techniques to
probe ROS levels using ROS specific dyes, such as i0e dpecific dye H-DCFDA or
the superoxide specific indicator PHave been used to compare cytoplasmic ROS levels
in young and old lymphocytg215 or in young and old human fibroblag62). The
general consensus in the literature is that cytoplasmic ROS levels increase with age. We
attempted to determine cytoplasniigO, and mitochondrial superoxide levels in living
cells at various time in culture using,-BCFDA and the mitochondrial superoxide
indicator Mitosox but did not observe any significant trends with aging; however this

might be due to limitations in the agssuch as dye leakage or autoxida(@sil).

4.4.Conclusion

The study in thihaptersuggests that there is a shift towards agxidizing cellular
environment inn vitro aged CD8+ T cells. Although hyperoxic conditionsirofvitro T
cell culture might contribute to this phenotype, the upregulation of :&»-producing
enzyme and downregulation of key antioxidant proteins are also potential mechanisms

resulting inthis elevated oxidative state. Because T cell function relies on a controlled
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intracellular redox status, elevated ROS levels in aged CD8+ T cells are a possible cause

of altered signaling observéd Chapter3.

4. 5.Materials & Methods

Primary T cell isolation, cell culture and expansion have been descritddpier3.

4.5.1. RNA extraction and purification
Total RNA from CD8+ T cells was extractesing the RNeasy Mini isolation kit
(SABiosciences, Frederick, MD) with RNaBee DNase sef{Qiagen, Valencia, CA)
according to the manufacturer's protocihe integrity and concentration of intact total

RNA was verified with &NanoDrop 1000 Spectrophotometer (Thermo Scientific)

4.5.2. Realtime quantitative reverse transcriptase PCR

Realtime PCR wa performed with a StepOnePlus §PCR System instrument
(Applied Biosystems, Carlsbad, CA) using tHeman Oxidative Stress and Antioxidant
Defense PCR ArragSABiosciences) containing §tedesigned gerspecific primer and
probe sets (PAHB65C, SABiosi ences), according to manuf a
targets included in the array can be found inAlppendix B.T1. Briefly, 1 ng of total
RNA was reverse transcribed and amplified using the Rt Strand Kit (Quiagen)
foll owi ng t hsenstraciomau Angldied cDNA was mixed with RBYBR
Green ROX qPCR Mastermix (Quiagen) and Nucldase Water (Quiagen) and loaded

on the PCR array plate. Initial denaturation of DNA was carried out at 95°C for 10 min.
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Forty amplification cycles wereepformed, each cycle consisting of denaturation (95°C,

30 s) and annealing and extension (65°C, 1 min). Two individual arrays were performed
for each donor, one for young cells and one for older cells. Relative expression levels
were cal cul &ff eethodi(8F {263 and resultspwere normalized using

the geometric mean of the housekeeping genes GAPDH and HPRT1 (hypoxanthine
phosphobosyltransferase 1). Reference gene selection among the five housekeeping
genes on the PCR array plate was performed by calculating the fold change and its
corresponding {value for the two age groups for any combination of one or more
housekeeping genegshe gene combination with the highestgdue and the fold change

closer to 1 was selected.

4.5.3. Cell lysis for western blotting
For western blotting, 8 xf@ el | s were |l ysed in 100 ¢l l'ys
NP-4 O , 5 Gglyecemdphd@sphate, 10 mMaP, 30 mM NaF, 50 mM Tris, pH 7.5, 150
mM NacCl , 1 mM benzamidine, 2 mM EGTA, 100
DTT, 10 e€eg/ml aprotinin, 10 e€g/ ml FLRupept i
and 1 mM PMSF. Cells were lysed on ice for one hourlgsates stored aB0°C until
anal ysi s. Protein concentration was deter
(ThermoFisher Scientific, Waltham, MA). For roeducing western blot analysis, cells
were lysed in a G lysis buffer (recipe: 2% -6, 50 mM TrispH 7.5, 150 mM NaCl, 1
mM benzamidine, 2 mM EGTA, 10 ¢€g/ ml apro
pepstatin, 20 mMethylmaleimide, and 1 mM PM$Rvith 9.3 mg/mL iodoacteic acid

(IAA) for 30 minutes at 37°C. Lysates were spun through a G25 spin colummeovee
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excess IAA and frozen aB0°C until use. Total protein content was measured using a

BCA modified by addition of iodoacetamide buffer.

4.5.4. Western blotting

For western blots, 20 to 40 eg of tot a
PAGE and transferredo PVDF membranes. For redox western blots, native gel
electrophoresis was performed under sn@tucing conditions as previously described
(264). The membrane was blocked with Near IfRed Blocking Buffer (Rockland
Immunochemicals, Gilbertdle, PA) overnight at 4°C. Primary antibodies were used at a
dilution of 1:1000 in 10 ml blocking buffer and incubated over night at 4°C, followed by
three washes in TBS. Secondary antibodies (IR dye 680CW donkey-arduse, IR dye
800CW antigoat or IRdye 800CW donkey antabbit, all from LFCOR Biosciences
(Lincoln, NE), were all used at a dilution of 1:10000 in 10 ml blocking buffer and
incubated for 1h at room temperature. This was followed by two washes kT EB8
one wash in TBS. Imaging and ige analysis were done using theQaor Odyssey
I nfrared | maging System wactnlvastuseed as @dding s e y
control. Primary antibody for Grx1 was purchased from R&D Systems (Minneapolis,
MN), for Trx1 from Sekisui DiagnosticFramirgham, MA), for Duox1 from Novus
Bi ol ogicals (Littleton, co) , for HRatix2 fro

from SigmaAldrich.

68



4.5.5. Measurement of intracellular GSH and GSSG
GSH and GSSG were measured by kpginformance liquid chromatography (HPL&s

S-carboxmethyl Nd an s y | d e r i -glaamylgluamate as an nngernad standard

(265.

4.5.6. Measurement of cellular redox potential

Cellular redox potential with respect to glutathione and thioredoxin was

calculated using the Nernst equatiét: O — 1 T—e— for glutathione

and% 0 — | T—&—— for thioredoxin, where R is the gas constéh815

J K mol™), T the absolute temperature (298.15 K), z the number of transferred electrons
(2), and F is the Faraday constant (96.485 Cljnol
The standard redox potential of glutathione at pl 7 is -264mV (266, 267). The

standard redox potential of thioredoxin 1 at p@ 7 isi254mV (268).
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CHAPTER 5
CALCIUM SIGNALING IS ALTERED IN IN VITRO LONG-TERM

CULTURED CD8+ T CELL S

5.1. Introduction

Calcium signaling is an essential step in T cell activation and regulates diverse
cellular functions, such as proliferation, apoptosis, differentiation, effector function and
gene transcriptioi269). Because of its importance, the*Csignaling pathway has been
extensively studied in T cells, with the discovery of new regulatory molecular
mechanisms in the past few yed269273. Briefly, after T cell receptor ligation,
phosphorylation of PL§leads ¢ IP; formation and rapid Carelease from the ER stores
through the IR receptor channels. T cells sustain elevated cytoplasnfitl€els for
gene transcription, by balancing stamgerated C& entry (SOCE) through the plasma

membrane and G&buffering by the mitochondria

T cell function declines with age, rending elderly more susceptible to cancer,
infections and autoimmune diseases. The exact causesalifflinctional decline are not
known and several studies have demonstrated the developmdeteofs in the early
signal transduction events inducing®Ceelease following mitogenic stimulation during
the course of immunosenescel(24, 239). Altered C4&" dynamics in T cells have be
associated with several agelated diseases, such as neurodegenerative, autoimmune and

inflammatory disorderg274). More specifically, diminished activatienduced C&'
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fluxes has been reported in CD8+ T cells from aged rf#i¢g, 276) and T cells from
elderly humang(277, 278) but predominantly in the CD4+ subg@{79).

Computational models are useful tools to systematically analyze mechanisms in
complex systems, interpret experimental data and provide new rexpeaily testable
predictions. Because of the importance of Csignaling in various cellular systems,
substantial efforts have been devoted at modelirf§ @@mamics. Most of these models
describe C& dynamics in excitable cells, i.e. in neurq@80-282), cardiomyocytes and
muscle cells(283-288) that display oscillations. Fewer computational mesd#escribe
C&" dynamics in norexcitable immune cells, and specifically T cells. Ahnetdil. and
Kim et al published deterministic models of €&inetics after T cell engagement in
respectively Jurkat and murine T ce{289, 290). These models are able to reproduce
cytoplasmic C# rise after T cell stimulation but do not include extracellidpace,
mitochondrial buffering and mechanistic details of SOCE. A more detailed computational
model of C&" dynamics in immune cells has been reported by Maetryd (291). This
model predicts temporaesponses of Gaconcentrations for various doses of stimulus
and network perturbations in RAW 264.7 macrophdges, 292).

Using anin vitro aging framework of CD8+ T cell05, 293), we have shown an
overall decrease in protein phosphorylation after T cell receptor ligati@@hapter3
(224). Based on thén vivo data and the decreased protein phosphorylatitar aCR
stimulation, reduced Gadynamics are expected. Here, we report that amplitude 3f Ca
signaling does not change with age in culture; counterintuitively, we observed a faster
Cd" rise and a faster decay in older T cells. Gene expression arafly@#" channels

and pumps expressed in T cells by-8HCR identified overexpression of the plasma

71



membrane CRAC channel subunit ORAI1 and PMCA in older T cells. To test whether
overexpression of plasma membran€‘Gehannel is sufficient to explain thenkitic
information we adapted the Maurya mod&91, 292) with additional details on the
SOCE process to recapitulate “Calynamics after T cell receptor stimulationdan
determine the defects in the aignaling pathway responsible for alterations irf'Ca
dynamics during aging. Results of the model show that upregulation of thése Ca
channels is not sufficient to explain the observed alterations i €lgnaling and
suggests changes in kinetic parameters associated withzBh@tBSERCAchannels as
potential causes. This computational model is a useful tool to study T cell behavior and

uncover dysregulated mechanisms in disease state and aging that“lfeix€a

5.2.Computational model of calcium dynamics in T lymphocytes

We developed a mathematical model for calcium signaling after T cell receptor ligation.
The model comprises a simplifidodulefor 1P; formation, and calcium fluxes from the
three major cellular compartments: cytosol, endoplasmic reticulum (ER), mitochondria as
well as the extracellular space. It is based on previously published models of calcium
dynamics(291, 294-296) with additional terms reflecting the rechntliscovere stromal

interaction molecule STIM1 and CRAC subunit Orai

5.2.1. Model Description
Figure 5.1 shows an overall schematic of the computational model. The binding of a
peptide/MHC complex to the TCR triggers the recruitment of tyrosine kinases Lck, LAT

and Zap70 to the TCR/CD3 complex, ultimately resulting in the phosphorylation and
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activation ofphospholipase @ PLC-g ) The model represents these recepidrated
events as a orgtep input to phosphBLC-g levels. Activated PL&jcleaves PIRin the
plasma membrane to generate diacylglycerol (DAG) and, B-inositol triphosphate
(IP3). Binding of IP; to the IR receptor (IBR) triggers the release of €astored in the
ER (Jr3). The resulting drop in ER Ghlevels activates the ER €asensor STIM1,
which translocates to the HRM (plasma membrane) junctions to activate a more
sustaied influx in the cytosol through the calcium release activated Ezannels
(CRAC) on the PM (.0 (297, 298). The PM C4&" ATP-ase (PMCA) pumps Gaout of

the cytosol and maintains a steep gradient 6f €ancentration from 50 nM inside the
cell to 1.5 mM in the extracellular spacen()). Because of this steep gradient, we
assume there is a very small’Céeak inside the cytosol from the extracellular space
(Jemiea). The Sarco/ER G ATP-ase SERCA pumps cytosolic Cd back in the ER
stores to maintain an ER luminal concentration of B880(Jsercd. Similarly, we consider

a small leak of C& ions from the ER to the cytosolekkay). Mitochondria are essential
for the activation and maintenance ofe tstoreoperated calcium entry (SOCE) by
buffering C&" ions and preventing the negative feedback &f a the CRAC channels
(299. Uptake of C& ions in the mitochondria is mediated through thé*Gmiporter

(Jmitin) @nd extrusion through the N&&* exchanger (hou).-
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Figure 5-1: Schematic of the Gasignaling model

The fundamental equatis of C&" kinetics in the various cellular compartments are

described as follows:

(5-1)

3

(5-2)

-0
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[O RN

00 = L 0 (5-3)

Ca,, Cant and Cag denote the concentration of free’Cin the cytosol, mitochondria
and ER respectively. hf hf are the ratio of free to total €a assuming fast
buffering with calciumbinding proteins in the cytosol, ER and mitochondria respectively
(291, 296). In this model, we assume that the ratio of free to total 8aonstant in the
three cellular compartments and do not model explicitly the dynamics of freancalci
binding proteins.” ,”  are the ratios of the ER and mitochondria volume to that of

the cytosol.

IP5 production Initiation of C&* signaling after TCR binding requires formation of IP
through PLCGg phosphorylation. We modeled Pigacivation as a simplified one step
mass action kinetics {5) following ligand R) unbinding from the TCR&4):

Qy

— ‘ 5-4
0 @ o (5-4)
QO 0O, - v e
— r'Q ¥y Q DOOT (5-5)
Qo
where 'Q is the rate constant for PL@phosphorylation andQ the rate

constant for PL& dephosphorylation.

The production of IPdepends on the levels of phosphorylated Ri&hd cytoplasmic
Cd" levels, creating a positive feedback enhandifigormation:

,Q "@ N
Q

e DOEE D Q JOo (5-6)
Q0
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whereQ is the rate constant for 4Broduction andQ the rate constant for 4P

degradation.

Cca’* flux through the IBR: IPsR is a tetramer of four identical subunits. Each unit has
one IR binding site and two Gabinding sites, one for activation and one for inhibition.
The channel activity is cooperatively regulated by binding/unbinding pére C&" at
these binding sites. A number of mathematical models ¢R I&ctivation have been
constructed, including Bezprozvanayal (300), De Young and Keizg(301), Atri et al
(302), Li and Rinzel303), Sneydet al (304). In these models, the 4R is assumedtbe
modulated by cytosolic Gain a biphasic manner with €arelease inhibited at low and
high cytosolic C&' levels, and facilitated by intermediate levels. We used tkRiniel
description of the IfR (303). The flux of C4"through the IER is given by:

0 ® D B (5-7)
whereV,ps is the maximum flowrate anddzthe IR open probability. Bsis assumed to
be an instantaneous function of ZalP; concentration and the fraction of ;R not
inactivated by C& bound to the inhibitory sitéQ Ppsis described as:

‘06 6 ®
‘00 0 6 U

Ca

0 (5-8)

wherev is the IR dissociation constant from theslBinding site and)  the affinity
of C&*to the activating site.

The fraction ofinactivated IBR (1-'Q, is a function of cytoplasmic €aand 0, the
effective affinity of C&" to the inhibitory site.

QQ

o o ’” Gt [%4 4 1% e 5_9
g, 0 P Q0 & 8b (59)
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(5-10)
where 0 is a variable controlling the relative time scales between the differential

equationsp) , the C&" affinity to the C&" inhibitory site and) the affinity of IR

to the IR binding site when the Gainhibitory site is occupied.

Ca’* leak from the ERBecause of the gradient of concentration between the ER and the
cytosol, there is a constant leakage of‘@ms from the ER to the cytoplasdirieacan
be described as:

0 0 D (5-11)

ca flux through theSERCApumps

, , 0w
V) w O , (5-12)
0w 0
where @ is the maximum flux across th®ERCA pump ando the SERCA

activation constant by & Although T cells express bo®ERCA 2b andSERCA 3
isoforms, which have different affinities for €aand maximal pumping rate, we
simplified the model by lumping these two isoforms into one ave8&d@CApump with

a unique mgimum velocity and CH affinity.

ca’* fluxes through the mitochondrisC&" intake in the mitochondria through the

uniporter is modeled with d"rder Hill function(278 294):

0w
0 w O— , (5-13)
0w 0
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where @ is the maximum rate of Gauptake in the mitochondria and the
apparent C4 affinity of the uniporter.

cd* efflux from the mitochondria through the N@a&* exctanger and permeability
transition pores (PTP) is given by the lumped expreg2ét 296):

0w

0 W DO O— - (5-14)
[o] V) 0
wherew is the maximum rate of CGaefflux andv the half maximum C&

concentration for efflux.

Ca’* fluxes through the plasma membrafde details of store operated calcium entry
(SOCE) have only been uncovered recently and previous mathematical descriptions of
Jerac include order 2 Hill dynamics in respect tos llRvels (291) or cytoplasmic C&
levels(305) as well as a phenomenological model involving a diffusible messengér, Ca
diffusible factor (CIF)(306). More recently, aftethe discovery of the STIM1 and ORAI1
proteins and their interaction, Liet al. (295 and Cheret al (307) have attempted to
provide a more accurate mathematical description of SOCE, by including activation of
STIM1, dimerization, association with the ORAI1 CRAC rhals and CRAC activation.
More specifically, Liu et al designed SOCE as a feedback controller to reject
disturbances and track €devels in the cytosol and in the ER95). We simplified this
system by neglecting the delay formed by STIM1 adtwaiand assuming that the
binding of STIM1 to ORAI is at a steady state only depending on the concentration of
C&" in the ER. Thereforelac can be expressed as:

(oI}

0 W z Y0z ﬁ (5'15)
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where & is the maximum C@ influx through the CRAC channels) is the
MichaelisMenten concentration for extracellular ¢ad® and "Y0 the fraction of
ORAI channels bound to STIM1.

Based on experimental data from Lekal (308) and steady state moduagj of Liu et al

(295), we chose to modelY( as a & order Hill function depending on ER €a

0w
YO — - (5-16)
0w 0

where0 is the dissociation constant of ER*Ca STIM1.
C& " influx through the plasma membrane is also permitted through a plasma membrane
leakand is given by:

0 0 20w (5-17)

where0 is the rate of leakage through the plasma membrane.

ca" efflux from the cytosol to the extracellular space is mainly due to the PMCA pumps

and is described as:

, , 0w 0w
0 W I . 2 = . (5-18)
o) 0 o) 0

wherew  is the maximal PMCA efflux rate and the C&" affinity to the PMCA
pump. STIM1 was recently shown to modulate PMCA mediatet @earance in a
nonlinear mannef294). We chose to represent this modulation by"a dder Hill
kinetics with0 being the dissociation constant of ERFGan STIM1 allowing it

to become activated and interact with PMCA probably through a conformational

coupling mechanism.
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5.2.2. Model Optimization and Simulation
The series of differential equations were solved using Matlab R2011a (Mathworks,
Natick, MA). The ODE solver for stiff system ode23s was used. Initial conditions were
chosen according to published experimental data before parameter optimization or
computecat steady state (Tabtel).

Table 5-1: Initial conditions

State Variable Value Reference

PLCg 70 nM This work

IP3 0.54nMM (309

Cagy 50 nM (310

Cagr 350 nivi/400 iV (310

Camit 0.1nM (312) followed by steady stat

computation: ditin=Jmitout

h 0.02 (292

Parameter estimation was performed by estimating the difference between the
experimental data and the corresponding model prediction (sum of squared error) using a
genetic algorithm followed by a combination of pattern search, simulated annealing and
constained nonlinear programing (Matlab Global Optimization Toolbox). Since the
model parameters were estimated to fit different experimental conditions, the objective

function consisted in the sum of errors across experimental conditions:

© dib o di (5-19)
) oi'td

where0 is the maximal simulation time) the number of state variables used for
optimization ando the number of experimental conditions being optimized.

The parameter bounds were chosen based on previously published experimental or
modeling parameter data (TalBe?). The parameter$) andQ were fitted

separately to fit our experimental data of Pf§gGphosphorylation dynamicsThe
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remaining parameters were fit to three experimental datasets ofi@mmics following

TCR ligation under no inhibitor, 5M EGTA or 100nM TMB-8 inhibitor condition

Table 5-2: Model parameters bounétsr optimization

Parameter Bounds Source/Explanation
[0.001 1] SS value: 0.008298)
[0.001 1] SS value: 0.196298
[0.001 1] 0.0025(297, 298
0.015 (312
0.08 (312
[0.001 0.01] 8 0.047(290)
[0.010.1] &
[0.1 10]mM*s?t 1(290
[0.0010.1] &
[0.05 10] § 0.189 (291), 3 (294, 1.11 (305, 66.6
(307)
[0.1 5]V 0.136(291), 0.13(305), 1(307), 3(294
[0.05 0.5] Mh 0.0814(291), 0.08(305), 0.4(307), 0.13
(294
= [0.01 0.5] 0.104(291), 0.032(305), 0.5(307)
L. | 1nmiv 1(29))
Loy oo [0.5 1.5]nM 1.05(29))
L agiE [0.0005 0.05] § 0.002(291), 0.02(305), 0.0009307),
0.01(294), 0.002(295)
Tva >l [0.2 250]mM st 11(;1 53913, 0.9(305), 1(307), 0.27(294),
Ly o [0.15 0.8]mM 0.754(291), 0.1(305), 0.15(307), 0.175
(294), 0.2(290)
[100 800] Mhs* 300(296), 506(297)
[0.5 1.5]nM 0.8(296), 1(291), 0.6(294)
[5 500]mV st 125(296), 476(291)
[110] M 5(291, 296

v <iO

Ly wgtE

T4
L

i
wl] 3F

L
S ENEre!

[0.01 10] Mhs*
[100 1000] Mh
[100 300]nM
[2.5e7 3.5e5] s*
[0.01 50]mM s*
[0.1 0.5]nV

[150 450]nM

0.226(291), 8.85(295), 0.01(289
500(295)

152.3(272)

5.6e6 (289, 2.6e7 (305, 4.6e7 (294),
3.3e5 (291)

0.05 (289, 0.01 (305, 0.013 (294),
0.0893/0.59297), 38(295

0.12 (309, 0.2 (294, 0.113/0.44(297),
0.5(295

Range in ER C4 concentration
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Sensitivity analysis was performed by perturbing each parameter value (one at a time) by
1 to 20% and comparing the new peak time, amplitude and decay constant to the feature

values without perturbation:

Y'QQ @ OFOQMO O |
YQE i QO 98—9%,}%“7 (5-20)

wherern is the specific parameter used to perform the sensitivity analysis.

5.3.Results

5.3.1. Parameter and species fitting

The C&" signaling model presented here consists in 7 state variables and 29 parameters.
It is divided into two major subodules. The first one representCR stimulation and
PLC-gphosphorylation. The seconchodule corresponds to W formation and the
downstream cytoplasmic €aincrease. The firsmodule has only two parameters,
corresponding to PL@phosphorylation and deadation andvasfitted individually to

experimentally acquired dynamics of phosphorylated Hglaiter TCR stimulation in

Jurkat cells (Figuré.2).
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Figure 5-2: PLC-gphosphorylation dynamics following TCR stimulation in Jurkat cells
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Using this specific PL& function, the secondnodule was fitted to temporal
changes in IPconcentration in the presence of EG(399 and C&' time courses model
in the absence or presence of the chemical inhibE&GEA and TMBS. EGTA is a C&'
chelator that bufferextracellular C& and will reduce external aentry through the
CRAC channels and PM leakage. TA8Bs an IBR blocker that will prevent the opening
of the IRR channel and therefore limits ER store*Qalease. To fit the time courses
with the inhibitors, two additional parameters were added.and| 2 that represent
respectively the percent reduction in extracellulaf*Gad in Js. After fitting, | 1 is
equal to 0.45 ant2 to 0.32. With a unique sef parameters, the model can recapitulate
cytosolic C&* dynamics in the presence or absence of inhibitors (F®eFigure5.3
also presents the model prediction for thé*@avels in the T cell ER and mitochondria,

which have not been measured axpentally in the current literature.
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Figure 5-3: Time course of IPand C&" in the various cellular compartments in response to TCR
signaling in the presence of ®M EGTA, 100nM TMB-8 and in theabsence oinhibition in

Jurkat cells. The filled black squares correspond to experimental data and the red curves to model
predictions.

The same computational model was optimized to fit time courses from low
passage primary CD8+ T cells, while keepithg PLCGgactivation module conserved
bet ween both cell types. For the fAyoungo
performed using constrained nonlinear programing and pattern search algorithms with the
best fit Jurkat parametdor initial values. Figure 5.4 shows the experimental time
courses and model predictions of Bhd C&" in the cytosol, mitochondria and ER. The
model was fitted to no inhibitor conditions and can also prediét @mamics in the

presence of chemical inhibitors.
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Figure 5-4: Model predictions of IPand C&" in the various cellular compartments in response to
TCR signaling in CD8+ T cells. The filled black squares correspond to experimental data and the
red curves to model predictions. Top: Cytosoli¢‘@ynamics in the absence (left) or presence

of inhibitors (middle, right) at the same concentration as Jorkat cells Bottom: model
predictions for other state variables in the no inhibitor simulation.

Because the time scales of°Cdynamics are quite different in the Jurkat CD4+ T cell
line and primary ©8+ T cells (rise time of 30 sec versus 15@c) the optimized
parameter values are quite different for those two cell types, especially the maximum

velocities (Table5.3), for instance the fluxes through thes;RP and SERCA are

respectively 5 and 2 timésgher in primary cells.

Table 5-3: Optimized parameter values for the Jurkat cell model and the "young" CD8+ T cell
model

Parameter Jurkat T cells Primary CD8+ T cells

2 0.1678 0.0045
g » 0.0467 0.0153
o« 0.716 1.13
- 0.015 0.015
20 < 0.08 0.08
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Table 5-3 continued:

Parameter Jurkat T cells Primary CD8+ T cells
4 1i o 000458 0.0045 &
; m_1.0039%8 0.0396 &
I =»-10.258mM*st  0.11420M7s?
p mgy 002083 0.009ns"
1.626 & 8.004ns"
0.106nM 0.1945mM
L« 0.16nM 0.48nMM
= 0.0917 0.0885
L. 1nM 1nM
Loy o g 0.771nM 0.956nM
L 4. ig 00038 0.0101 &
Tvgrdi+ 85.8Ms'  187.88nMs?
Ly ri+ 0.44777M  0.508nM
794.07mM s’ 378.1nMs?
1.24mM 0.594nM
- 484.44mM st 261.67nM st
Lo « o <« 8.1285nM 4.114mM
The+s  3.1046nM st 0.3962nM s?
Ly. s 996.83nM  4863nM
Ly ¢ 195.73nM 321nM
Lyya 1g 25e7s’ 2.258e5 st
T & 1.805nM st 4.32nM s*
Lt 0.12691M  0.5665MM
Ly y Lo 394mM 279.88mM
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5.3.2. Ca”* signaling ofin vitro aging T cells

C&* signaling has been previously reported to be dampened in CD8+ T cells from
old mice(276) or in T cell populatios of elderly individualg277-279); yet so far, the
biochemical basis leading to this impairment are not known. Withitro replicative
senescence being used as a méateh vivo aging, we sought to determine what effects
in vitro aging of cytotoxic CD8+ T cells have on Cadynamics and use our
computational model to infer potential biochemical mechanisms responsible for the
differences observed.

Using the longterm culturing protocol to accelerate human primary T cells to
immuncsenescence presented @hapter3, we measured baseline ®and dynamic
responses to TCR activation by flow cytometry. We previously established that
immunosenescence, as defined by an inability to divide, is achieved within 12 population
doublings in abot 24 days in culturg224). In resting CD8+ T cells, we sbrved
elevated baseline levels of cytoplasmi¢ Geery early and late in culture, when the cells
had reached senescence (Figbles). To quantitatively define the differences observed
among the dynamic traces, we defined the following parameters fr@presentative
Cd* time course: peak amplitude, time to peak, area under the curve as well as four
additional parameters to describe the decay due tdSSERCA and CRAC channel
opening, A, Az, t; andt, (Figure5.50). From these 7 parameters, only the time to peak
and the fast decay constant showed significant differences with time in culture (p<0.05).
Older T cells reach their peak amplitude faster and have a faster decay time constant
(Figure5.5¢c-d). We did not bserve monotonic trends in peak amplitude, integral or the

second decay time constaAippendix CSJ).
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Figure 5-5: Age related C&4 changes in CD8+ T cells. a) Cytoplasmic*Qavels in resting T

cells. Mean and SEM from 4 different donors. b) Representative trace”ofiypammics following

TCR stimulation with the related parameters studied, peak time, peak amplitude, baseline and
decay. The integral corresponds to the colored area under the curveedoTpeak in seconds.

d) Fast decay time constant in minutes. Fdj,c¢he data represents the mean of each calculated
parameters for each donor and its standard deviation. The red diamonds correspond to the
parameter calculated if the €dime coursesre averaged for all donors for a specific day in

culture

5.3.3. Changes in mRNA levels of plasma membrane channels are not

sufficient to explain agerelated changes in cytoplasmic Cd dynamics

To determine if changes in €asignaling dynamics are due thanges in
expression of the proteins involved in the’Gagnaling pathway, we measured mRNA
levels of the major G4 channels and pumps expressed in T cells (IP3R2, IP3R3,
SERCA2B, SERCA3, ORAI1 and PMCA) for young (days8&in culture) and old cells
(days 2024 in culture) Appendix CT1). Out of these six targets, PMCA and ORAI1

showed significant upregulation (p < 0.05) with age (Figuég
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Figure 5-6: Changes in mRNA levels of €xhannels angumps with age (n=6). Points above
the red line represent targets that show significant statistical difference (at p < 0.05) between
young and old samples. The blue lines represent fold changes that are above 1.5 fold up or down.

We then asked if the metcould be used to determine if changes in PMCA and
CRAC channels are sufficient to explain the faster peak time and decay observed during
aging. The absolute number of channel/pumps proteins will affect directly the maximum
flux through these proteins;ehce we used the model described above and let the
parametersy , @ vary up to 100 times to fit data from old cells (day22Din
culture). These two parameters alone were not sufficient to fit simultaneously the time
to-peak, decay time constant and amplitudg@gendix CS2 presents the best fit in

respect to amplitudéime-to-peak and decay time constant).
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5.3.4. Model Predictions

To determine which parameters are most responsible for the featurds-feek
and decay time constant, a sensitivity ana
(Figure5.7). Each paramet was perturbed individually and the features (peak time, peak
amplitude and decay time constant) measured for the new model output. For these th
features, several paramet@xhibit nonlinear behaviordpr instancecertain parameter
combinations ledo oscillatory behaviors which might affect the calculated features.
Higher parameter sensitivity to the feature decay time than peak time can be observed;
however, the parameters involved in altering both the peak time and decay time constant
are consistet. Amongst the initial 24 parameters tested, five parameters were identified
as being the main drivers of the observed changes with age, all involved \fith Ca
exchange with the ER stores. Increaises , W and decreases in , W and
0 result in reduced peak time and faster decay, signatures representative of old T

cell C&* dynamics.
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Figure 5-7: Model sensitivity analysis. a) Parameter sensitivity to the feature peak time.
b) Parameter sensitivity to the feature decay time conslarRarameters values were perturbed
by a percentagup to 20% up and down and wehastered for easier visualiian.

To ensure these parameters were the drivers of the observed old T cell phenotype,
we used the parameter set from the fAyoung
five parameters to fit the old T cell time course. The objective function cahsistbe
sum of squared difference between the model and the experimental time course, with

additional constraints for peak amplitude, peak time and decay time constant.3=&jure

presents the best fAold T cell 0 honsdpetd 8 f i t
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Figure 5-8: Model predictions of C& dynamics in old T cells. a) Time to peak. b) Decay time

constant1. c) C4" time course for young cells (day8} d) C&" time course for old cells (day
20-24).

5.4.Discussion

T cell responses from aged donors are typically slower and of lower amplitude than
those from younger individuals, whether the response is measured in terms of cytokine
production (240), gene activation for cell cycle entry and transcripti@21, 313 or
activation of protein kinase pathwa(®39). We have sbwn, along with other research
groups, that the kinase activation upstream of** @elease from the ER stores are
downregulated with time in culturé24, 239, which would suggest reduced €a
signaling.Induction of a sustained €asignal is critical for CD8+ T cell effector function
(314, 315 and downstream gene rdgtion through the NFAT pathway; therefore a
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strong C&'signal is required for an efficient tumepecific immune response in the
context of adoptive T cell transférhe literature is conflicted in the consequences of age
on calciummobilization. Althoudn C&* mobilization hasbeenshown to be impaired in

old mice for both CD4+ and CD8+ T cell subs@35, 276 316), in humas, CD8+ T

cells from elderly donors had a slightly greatef"Gasponse to stimulation than CD4+
cells but a larger reduction in their proliferative poten{&l9. Similarly, reports &
baseline C# levels in healthy elderly subjects have been controversial, with reports of
unchanged (317) or reduced(277) basal C& levels. The differences between murine
models and human aging suggest that the effedts wifro agingon C&" signaling and

in particular culture conditions consistent with A@Taynot be intuitive.

In our culture model, & did not observe a cletrend in baseline Galevels,or a
reduction in peak amplitude or sustained levels after stimulation (Figbeand
Appendix CS1). We hypothesize thathe high C&' level that we observaat day 4
(Figure5.5a) isa consequence of the high®Ckevels reuired for proliferationand the
elevated legls towards the end of our loiwgrm culture to cellular damag®lore
importantly,we observed altered T cell dynamics aftenatation in older CD8+ T cells
these cells interestingly presenting faster dyrgnm particular a faster decay rate and a
time to peak 20 second fas{éigure5.5).

To find an underlying mechanism for thedgnamic differenceswe measured
mRNA levels of the main channels and pumps involved i Bandling in T cells and
found asmall but significant overexpression of the plasma membrane ORAI1 channel
and PMCA4b pump in older T cells while expression of th&® IRndSERCA isoforms

remained unchanged (Figuset). There are very few studies concerning transcript levels
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of C&* chamels during aging, and to our knowledge none performed on lymphocytes.
Zaidi et al observed a general loss of PMCA and reduction of PMCA activity from the
membrane of murine brain synaptic membra(®k3). Another recent study reported
reduced expression levels of STIM1 and ORAI in muscle fibers isolated frainnaige
(319. Levels of SERCA2b have been shown to stay constant in oldhraracic aortas
(320), while levels ofSERCA3 mRNA decreased in old rat central neurons but without a
corresponding decrease in tBERCAS protein levelg321). Aging was accompanied by
a significant increase in the mRNA levels ofsRPL i n a (322 dlese hear t
differences from our findings might be a result of using excitable cells and various animal
models.

Intuitively, if the acivities of C&" channels and pumps in T cells are reduced with
age as it occurs in other cell typé318), simultaneous overexpression of the Qaflux
and efflux mechanisms from the plasma meanbrmay be a compensatory way for the
older cells to sustain high levels of calcium for downstream signaling. Based upon the
current knowledge of molecular mechanisms of*Gsignaling, this is an unlikely
molecular basis for the faster time to peak andagédime constantTo gain a better
understanding of the &asignaling pathway and the relative contribution of each flux
towards an integrated dynamic cell response, built a deterministiccomputational
model of C&" signaling in T cells after TCR stimation. Single cell analysis of G4
signaling in T cells show a variety of €asignals ranging from infrequent spikes to
sustained oscillations and plateq840, 323. Because lymphocyte €aoscillations are
not synchronized, we have chosen to modél @gnamics from a population rather than

the dynamic®f a single T cell.
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Using sets of parameters found in previously published models %fdgaamics
coupled with our PL& activation module did not recapitulate experimental time
courses, which is not surprising as parameter values were collected \eamoss cell
types andin vitro conditions. To fit the parameters, we took an approach similar to
Maurya et al. (292). For each flux, we perused the literature for a mathematical
formulation, parameter values, am vitro experimental data, which allowed us to
specify upper and lowgrarametebounds It is interesting to notice that there is a large
discrepancy in legacy values among similar parametersdnabeestimated to be three
ordersof magnitude different (TablB.2). The experimental dataset used to optimize the
model summarizes the main molecular mechanisms of thesEmaling pathway after
TCR stimulation, with the TMBB inhibitor condition emphasizing the early ER*Ca
store release and the EGTA inhibitandition the importance of extracellular 4o
sustain elevated Galevels after ER stores have been emptied. If optimized using only
the no inhibitor condition, the model will tend to fit the cytosoli?Qame course by
adjusting the rates of influand efflux at the plasma membrane; however this set of
parameters does not reproduce experimental data acquired under inhibitor conditions. By
fitting the model simultaneously to our three experimental conditions we achieve sets of
parameters that recapitite C&* under all experimental condition€onfidence in our
parameter would be improved with additional experimental data, for instait¢ita

courses from cell organelles

Because experimental data on Rg@nd IR dynamics were acquired on Jurkals,
a model CD4 T <celll |l ine easy to manipul at

This model and its parameter valugsre used as starting point to create tliey o u n g 0
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primary CD8+ T cells model. Parameter values between both cell types show significant
differences (Tabl&.3), reflecting thedifferences in the GAtime courses between those

two cell types. These differences in time scale might be due to differentiimpr
expression Appendix CS1, (324)) and are reflected by large variation in the maximal

velocity parameters between these two cell types.

For both cell types, the model is able to capture the fast initial rise and sustained
elevated levels of cytosolic €alnterestingly, the model predicted a sloeplenishment
of the ER storesand a fast C& buffering by the mitochondria, mirroring Ealynamics
in the cytosol. Although the model does not include any spatial compornehtang
additional control feedbackhe network structure combined with optimized parameters
under different inhibition conditionseems to recapitulate the role of the mitochondria at
the ER/mitochondrial junction92) and SOCEdependenC&” releasevia IP3R/RyR
while the stores are being replenish@25. The model demonstrates that2#old
overexpression of PMCA and 1.5 fold overexpression of ORAI1 maximal velocities
result in a delayed Garise of slightly lower amplitude and sidisantly lower sustained
Cd" levels. Because changes in mRNA levels might not translate directly into the same
fold changes in the maximal velocities, we varied those parameters in an attempt to
recapitulate C& dynamics in aged cells but the best fiasvnot able to accurately
reproduce these dynamicAgpendix CS2. Sensitivity analysis of the model identified
perturbations iNSERCA pump andIPsR asbest candidatesf agerelated alterations
(Figure5.7); yet when all 5 selected parameters walewed to vary, IBR and STIM1
mediated PMCA inhibition emerged as being the most imporgarameters to

recapitulate dynamic information of aging celisterestingly, despite the importance of
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C&™* buffering by the mitochondria, the model did not retiag this organelle as being a

major contributor to the old T cell phenotype.

Increase in IER activity, simultaneously with decreased PMCA inhibition by
STIM1, can be a consequence of post translational modifications in these proteins such as
oxidation (326). PMCA, STIM1 and IBR contain several cysteine residues and are
highly susceptible to oxidatiof91, 103). IPsR function has been reported to be affected
by ROS by increasing #R sensitivity to cytosolic IP levels (327) and inducing
conformational change on the luminal side leading in modified channel a¢®28y.
Additional experimental studies need to be performed to measure the overall redox status
of in vitro agal T cells and the redox status of these proteins in young versus old cells.
Single C&" oscillations have not been the main focus of this study; however as
intracellular C&" signaling patterns reflect the differentiation status of human CD4+ T
cells (329, a better discrimination between young and old T cells could be achieved by
quantifying the heterogeneity of €asignaling patterns in young versus old cells and

incorporating these features into our model of'Gagnaling.
5.5.Conclusion

Altered C&" signaling is a hallmark of aging and other various disease states, yet the
biomolecular mechanisms leading to these alterations are unknown. To guide new
experimental studies, we constructed a computational model?6%igaaling in T cells
that is capale of recapitulating key features of a typicaPC@me course in both a T cell
line and primary T cells. The model suggests targets of regulation that may be altered

duringin vitro aging.
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5.6.Materials & Methods

Primary T cell isolation, @l culture andrl cell expansion have been describe@€apter

3.

5.6.1. Ca’" kinetics acquisition

Jurkat cells were incubated in phenol red free RPMI 1640 medium witk 5
Fura Red, 3 kh Fluo-3 (Molecular Probes) and 0.05Pturonic F127for 40 minutes at
37°C, washed three times with cold PBS and resuspended in warm phenol red free
medium in the presence or absence of specific chemical inhibitors (30 min pretreatment
at the appropriate concentration). Cell fluorescence was read on a SD IL
flowcytometer for 3 minutes to obtain the “C#evel baseline. 2g/imL aCD3 (clone
OKT3), aCD28 antibody was added to the cells to activate the calcium signaling
pathway then cell fluorescence was read for 30 additional minutes. CD8+ T cells were
prencubated at 4°C with Fluo3, FuRed and Pluronic F127 at the same concentrations
with 2 g/mL aCD3 (clone OKT3),aCD28 for 40 minutes. After a wash step in cold
PBS, primary cells were resuspended in cold phenol red free media and fluorescence was
read br 3minutes to acquire the €zbaseline. To activate the TCR pathway, cells were
diluted 10 times in a 37°C solution of 2@/mL a-mouse IgG to crosslink theCD3
antibody and cell fluorescence was recorded for an additional 30 minutes. The ratio of

Fluo3/Fura Red fluorescence was used to analyze tficr@ees.
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5.6.2. Ca’"time course preprocessing and kinetic parameter determination

All Ca®* traces were first registered to ensure stimulation occurred at the same
time. Time courses were smoothed using Savi@kjay filtering and normalized to the
baseline fluorescence. Peak time, peak amplitude and integral under the curve were
calculated usig customMatlab scripts (R2011a (Mathworks, Natick, MA)Decay
parameters were obtained by fitting the decay portion of the dynamics to a sum of

exponentials:

0QHLOHdQ 0 Q (5-21)

5.6.3. Signaling measurements

To determine the levels gbhosphorylated PLQ following T cell receptor
stimulation, Jurkat cells were stimulated wizh gimL aCD3 (clone OKT3),aCD28
antibodyfor the desired time and lysed. Total protein concentration of the lysates was
determined with a BCA assay kit (Piercelysis and quantitative analysis of
phosphorylation dynamics was performed with a-Biex 200 instrument (Bi®Rad)
using commercially available Luminex bead assays (EpiQuant Technology, Millipore

EMD) according to manufacturersé protocol s

5.6.4. RNA extraction and purification

Total RNA from CD8+ T cells was extracteding the RNeasy Mini isolation kit
(SABiosciences, Frederick, MD) with RNafee DNase set (Qiagen, Valencia, CA)
according to the manufacturer's protocihe integrity and concentration of intact total

RNA was verified with &anoDrop 1000 Spectrophotometer (Thermo Scientific)
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5.6.5. Reaktime quantitative reverse transcriptase PCR
Realtime PCR was performed with a StepOnePlus-gRCR system instrument
(Applied Biosystems, Carlsbad, CA) usipgedesigned gergpecific primer and probe
sets for Actin, ORAIl, SERCA2b, SERCA3, PMCA, IP3R2 and IP3R3 (SA
Biosciences). Briefly, hyg of total RNA was reverse transcribed and amplified using the
RT-PCR kit (Quiagen) fél owi ng t he manuf act unmnlereabtisn i nstr
mixture aliquot contained flL of primer mixture (SA Biosciences), rd of universal
PCR Master Mix (Quiagen) and 4 nL. of cDNA or water as a negative control. Initial
denaturation of DNA was caed out at 95°C for 10 min. Forty amplification cycles were
performed, each cycle consisting of denaturation (95°C, 30 s) and annealing and
extension (65°C, 1 min). Each sample was amplified in triplidaedative expression
levels were calculated usingh e @CT T4 and cesults (W8re normalized using
the housekeeping gene ac{B30. Paired ttests were performed for each normalized
target for each donor to find significant changes in expression between young and aged

cells.
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CHAPTER 6
IMAGING SINGLE -CELL SIGNALING DYNAM ICS WITH A

DETERMINISTIC HIGH -DENSITY SINGLE -CELL TRAP ARRAY

6.1.Introduction

Clonal cell populations exhibit large heterogeneities in mMRNA and protein transcripts
at the single cell level, due to stochastic effects in gene exprd88hr832). A current
view is that noise arising from stochastic fluctuations plays an essential role in key
cellular activities(333-337). At a systems level, an effective immune response requires
the cooperation of a mixed T cell population in terms of number of replication and
differentiation status. We have previously observed impaired CD8+ T cell activation
(339, altered C& dynamics Chapter5) and redox statuhapterd) in a population of
aging T cells. A better understanding of theseratgged changes requires simultaneous
singlecell assessment of the differentiation status and single cell signaling dynamics
tracking. At present, such experiments can be techyicdlbllenging if the cells of
interests, such as T cells, are ramherent, if stimuli need to be delivered, or if studies on
long time scales are desired. Flow cytometry is often the technique of choice to measure
heterogeneity of suspension cell popiglias, as it is highthroughput and can distinguish

subpopulations of cells.

Adapted from Chung, K., C. A. Rivet, et al. (2011). "Imaging single-cell signaling
dynamics with a deterministic high-density single-cell trap array." Anal Chem
83(18): 7044-7052.
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However, this technology is capable of neither monitoring temporal changes within
the same cell, nor distinguishing population from noise due to temporal fluctuation within
one cell. Quantitative time lapse microscopy is often required for these nreastse
but it presents additional challenges, such as low throughput and movement of the target
cells during imaging. It is particularly challenging to image suspension cells; one could
use adhesion to a solid surface by use of an artificial membraneaemtar binding, but

this may alter the biological behavior of the cells.

To overcome limitations of traditional re@ine microscopy, microfluidics can be
used to allow for increased throughput, control of cell location and extracellular
conditions.Various microfluidic techniques have been developed to capture cells, retain
them in a specific location, and control the environment surrounding them. Although very
powerful, these methods have a limited throughput because the cell traps are spaced
sparse/ enough such that per view only a small number of cells are captured, and some
are difficult to implement, or have side effects or other limitations. For example, active
singlecell capture mechanisms use valy839, 340) to control flow or dieletric forces
with DEP (341, 342 or optical tweezerg§343) to control the location of cells in various
environments. The use of dielectric forces on living cells limits cell viability due to buffer
cytotoxicity and heat damage. Passive capturing mechanisms have also been proposed
using gravity(344-347) or fluid flow (348 to direct cells into traps. Most microwell
arrays rely on gravity to capture cells. Careful design of the microwells enables up to
70% single cell capture in densely packed wells, but once trapped, exposure to varying
chemical solutions and manipulation of the cells are limited because the cells are not

actively held in the well§344-347). Flow by diverting streamlines towards traps can also
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be used to transport and dock cells at specific locati®®9 348351). Once a trap
contains cells, fluid towards the trap is significantly reduced, and therefore incoming cells
will be diverted to the next empty trap. Optimization of trap dimensions, location and
spacing has been performed to insea@apture efficiency or single cell trappi(ig9,

351, 352). However, in most designs to datbere is a compromise between cell trap

density per area and single cell capture efficiency.

To address the need of higensity and higtefficiency cell traps, we designed a
microfluidic high-density single cell capture, stimulation, and imagingf@ien. The
design principles of this chip were adapted from our previous work fordaghity
single embryo trappin@B353 to accommodate single cells, using hydrodynamic flow in
conjunction with a careful disposition of the cell traps in an array formed by a serpentine
channel. Our device is capable of passively trapping thousanddlofircéess than a
minute with a singleell loading efficiency of 95%. Cells are captured sequentially and
deterministically on chip with minimal shear. At low magnification, the trap array
enables tracking of hundreds of cells simultaneously over timéigh magnification,
spatial information can be resolved on a few precisely located single cells. Imaging can
be performed on either live or immunostained c8lls. show that various soluble stimuli
can be delivered to the captured cells, and the traysawan be easily integrated with
upstream microfluidic components capable of multiplexing several experiments on a
single chip. As an application of this microfluidic platform, we studied the heterogeneity

in calcium dynamics in resting and stimulatedyinJurkat T cells
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6.2Aut hor 6s contri buti on

This work has been performed in collaboration with Dr. Kwanghun Chung. CAR

participated in device design, cell loading testing, loading efficiency characterization,
immunostaining and acquisition and analysis of calcium signaling dynamics and drafted
the manuscript. KC patrticipated in device design, fabrication, cell loading testing and

manuscript drafting.

6.3.Results

6.3.1. Design of an efficient microfluidic singlecell trap array

To allow imaging of a large number of cellsafield of view, single cells neeat
be arranged with high efficiency and with uniform trapping conditions in an array of
densely packed traps. To satisfy these requirements, we adapted the design principles
that were previously developed in our group for hiigimsity embryo trappin(853), and
achieved capture of 4,008ngle cellson 4.5 mm in 30 seconds, and with a loading
efficiency over 95%.

The microfluidicdevices made fromne layer of polydimethylsiloxane (PDMS)
containarraysof highly packed single cell trag&igure6.1). Each array consists of a
wide serpentine celielivery channel arranged in 26 column format and an array of
crossflow channels that connect each section of the serpentine channel (E.itpb9.

The width (~ 25mm) and height (14m) of the ceHdelivery channel are large enough to
ensure cells easily mowgnwithout clogging. Each column includes 24 single cell traps
(Figure6.1b-c) in the middle and 8 dummy traps at each end (Figud. The size of

the cell trap is similar to that of cell of interest so that once a cell occupies a trap, it
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physically excludes the next cell and reduces the possibility of trapping of more than one
cell. The cell traps are connected to therinBdeep shallow crodow channels (Figure
6.1b inset). By minimizing space between neighboring trapsifm8n a column, ~ 33
nm between columns), we achieved a density of 860 traps’/ mm

If flow through the traps has large variations throughout the array, the trap
occupancy will be severely compromised. To make the trapping condition uniform, we
engineeredhe geometryof the channels so that cells experience similar flow rates near
each trap. Cells passing the focusing zones along the wide delivery channel are focused
toward the traps by diverging (blue arrows in Figérée) and converging flow (red
arrow in Figure6.1e) through the dummy traps (Figu&1ld-e). The number of the
dummy traps is optimized to make cells move closer to the trap after passing the focusing
zone. This increases the frequency with which cells contact the traps and are loaded into
them (Figure6.1g). After passing the focusing zone, cells close to a trap experience two
streams; main stream (Q) flowing along the delivery channel and a stream (q) directing
the cell into the trap (Figu If). If the Q/q is in a proper range, as described previously
(349, 351, 353, cells can be guided into the trap and docked. Once all the traps in one
row are occupied, extra cells pass another cell focusing without getting trapped and
move to the next row. Despite the proximity of the dummy traps, cells are not captured
because the size of the dummy traps is smaller than that of the cells. By optimizing
various geometric parameters, such as the width height of the channels and the
number of traps, we were able to achieve over 95% single cell trapping efficiency

throughout the device (Figufelc).
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Figure 6-1: Design and principle of singleell trapping array. a) Optical micrograph of the trap

array fabricated via soft lithography. b) Details of cell trap design (boxed region in panel a). The

inset shows di mensions of a single trap. Scal

fluorescent inages showing single cells trapped in the array. d) Schematic drawing of three

columns of the array showing trajectory of cells. Cell suspension enters the array from the top left

and exits at the bottom right. Dotted lines represent trajectory of geBexed region in panel d

showing cell focusing mechanism. Converging flow (red arrow) and diverging flow (blue arrow)

through the dummy traps focus cells toward the traps. f) Boxed region in panel e describing two

major streams that cells experience: mstieam (Q) flowing along the delivery channel and a

stream (q) directing the cell into the trap. g) Overlay of a series of 1045 images showing cell

trajectories during loading.
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6.3.2. Optimization of single cell loading efficiency

Geometries of the docking sstevere optimized in order to deterministically trap a
single cell per trap. A cell close to a trap experiences forces in two directions due to the
combined effect of the mainstream bulk flow (Q) and the efloss (q); large bulk flow
moves the cell alonthe main channel and significant enough ciftes guides the cell
into the trap. However, with too large a crdissv, additional cells can be forced to pile
onto the alreadyccupied trap, reducing singtell trapping efficiency. By optimizing
the fludic resistance of the cro$lew channel with respect to the resistance of the
delivery channel, conditions for trapping a single cell in a single trap can be met. More
specifically, if the cros$low channel has significantly higher hydrodynamic resistan
than that of the main delivery channel, Q/q stays relatively constant throughout the large
array, ensuring Q/q at each traps being in a proper range for trapping single cells. By
varying the length (L), width (w), and depthg{f of the trapping areand the overall
depth of the main channel{§) (Figure6.2a), we were able to empirically determine the
optimal geometry for trapping Jurkat cells (9 mh of diameter). Figuré.2b presents
the experimentally determined probability for a trap to be filled (blue circles) as well as
the probability for singleell occupancy (red diamonds). A low resistance ratio results in
all traps being occupied, at the cost of having multiplés qadr trap (Figuré.2c). For
high resistance ratios, the flow going through the trap is not sufficient for optimal
loading, resulting in very few traps being occupied but when occupied, only one cell is
present (Figur®.2e). At the optimal ratio, 9322 of the traps are occupied with 94+1%

of the occupied trap with a single cell trapped (Figugd).
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Figure 6-2: Characterizing trapping efficiency of the devices with various geometric dimensions.
a) Schematic representing the variables involved in loading efficiency optimization. b) Plot
showing probability of trap occupancy (blue circles) and probability of sitgjleoccupancy (red
diamonds) forvarying ratios of resistance {Ry.p). The trappig efficiency in a single device

will be represented by a red and a blue point. Blue and red lines are guides for the)eye. c
Representative micrographs of cell trapping: (6JfRap D 110; (d) Ry/Ryap D 255; (€) Ry/Ruad)

500.

6.3.3. On-chip microscopyand cell study
We showed that this microfluidic platform can successfully capture and

immobilize both fixed and live cells (Figu3). To ensure trapping and perfusion rate
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do not induce undesirable shear stress for-teng studies, we also performadiability

study on chip. Jurkat cells were loaded into the chip and perfused with medium for up to
24 hours in a microcontrolled chamber. After 24 hours, 94% of Jurkat cells were still
viable by livedead stain, comparable to conventional cell cultucartejues in flasks.
Viability was also observed to be uniform throughout the trap array chamber, suggesting
the absence of high shear stress zones in the chamber and the compatibility of the chip
with long-term dynamic studies.

Another advantage of the dee is that the high trap density allows for imaging
large number of cells. For very bright signals, such as a DNA stain or calcium staining
with Fluo3, low NA (low magnification) objectives can be used, and up to 800 single
cells can be monitored in a liieof view (Figure6.3a).

The microfluidic chip is also compatible with immunostaining. Fixation,
permeabilization, immunostaining and necessary wash steps can be performed on chip
following standard protocol after cells are loaded into the traps. lists @ossible to
capture already immunostained cells, although chances of having multiple cells per trap
increase due to the increased probability of adhesion of fixed cells to each other or to the
device. Figure 6.3 presents Jurkat cells immunostained ofiip for calnexin
(endoplasmic reticulum), profilid (cytoplasmic cytoskeletal protein) and Hoechst
(nucleus) and imaged by confocal microscopy (Figugb).

One advantage over flow cytometry is that our microfluidic chip coupled with
reattime microscopy allows tracking of dynamic behavior of hundreds of cells and
monitoring temporal changes within single cells, which cannot be measured by flow

cytometry. As groof of concept, we performed live cell imaging of intracellular calcium
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concentration in Jurkat cells (Figu&3c). Two hundred trapped cells in a single

chamber, loaded with a fluorescent intracellular dye specific for unbound calcium, were
imaged evey 3 seconds for duration of 15 minutes. The heat map presented in Figure
6.3c highlights heterogeneity in behaviors of individual clonal cells. About 25% of these
cells exhibited calcium oscillations under resting conditions, and removal of extracellular

calcium abolished the oscillations in all of these cells.

a

10 um

100 200 300 400 500 600 700
time (s)

Figure 6-3: Use of the array chip for higiesolution imaging of cellular features and activities.

a) Fluorescent microphotograph of two cell tcdyambers (boxed areas). b) Fluorescent image of
immunostained Jurkat cells with confocal microscopy (100X). In blue, Hoechst for the nucleus;
in green,calnexin, an ERbound protein; and in red, profilih, a cytoplasmic protein. ¢) Calcium
dynamics in reting Jurkat cells: 216 cells are imaged every 3 s for 15 min. Each line corresponds
to an individual cell in the array. The heat map indicates low (in blue) to high (in red)
intracellular calcium concentration.
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The trap arrays can also be easily integrateith upstream microfluidic
components capable of multiplexing experiments, where one expose cells to different
extracellular conditions on a single chip. To demonstrate this capability, we coupled the
cell trap chambers with a linear serial dilution ganer (354) to expose each chamber to
a different concentration of the stimulus. By fluorescence measurement, the gradient of
concentration was observed to be linear and not disturbed by the high resistance of the
loaded cell traps (Figur6.4b inset). After loadingells containing Flué, more than
1,000 individual cells were monitored for an hour after the addition of different
concentrations of the calcium ionophore ionomycin. lonomycin increases intracellular
calcium via mobilization of both extracellular andragellular calcium store@855) in T
cells. As expected, increased concentration of stimulus lead to increased average
intracellular calcium concentration (Figure 4b). Interestingly, when individual cells are
monitored, it appears that only a fraction of the cell population are responding to the
stimulus (Figure6.4c-d), and the fraction of responding cells increases linearly with
increasing concentration of stimulus’@0.88) as shown by unsupervised cltistg for
each chamber in Figug4c and Tablé.1. Cellular response in terms of amplitude and
duration of cytoplasmic calcium influx was not dependent on their respective position in

the array nor to the presence of oscillations prior to stimulation.
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Figure 6-4: Calcium dynamics in response to ionomycin stimulation of multiple cells tracked on
chip. a) Microphotograph of cell trap arrays interfaced with a concentration gradient generator.
The numbers represent the chamber number. b) Average -se@iljlealcium reponse for
different concentrations of ionomycin. The inset shows the linearity of the concentration gradient
(n = 4). c) Singlecell response to ionomycin. Each line of the heat map corresponds to the
dynamics of a single cell. The heat map is subdivioied eight smaller heat maps, which
correspond to decreasing ionomycin concentrations (cf Eabler details about number of cells
imaged and ionomycin concentration). In each subset, unsupervised clustering has been
performed to cluster cells with silai responses. d) Traces of singles | | responses to
ionomycin. The red line corresponds to the average response + SEM. The black arrow represents
time of ionomycin addition.
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Table 6-1: Calcium respnse to various ionomycin concentrations

Chamber N° Number of lonomycin conc. % Responding
tracked cells  (nmv) cells

1 342 2.5 44%

2 328 2.2 33.2%

3 263 1.8 31.9%

4 322 1.4 31.1%

S 287 0.8 25.4%

6 273 0.5 19.1%

7 306 0.2 17%

8 250 0.08 4%

6.4.Discussion

In aging, cancer and autmmune disease states, cellular response is not
homogeneous amongst genetically identical cell populati@®¥, 356). Improved
therapies could be devised based on a better understanding of heterogeneity in cel
populations and cellular response; however, technology is still a limiting factor to relate
cell phenotype to cell signaling dynamics. The microfluidic platform presented here is a
first step towards a fully automated and integrated platform for detistinisinglecell
trapping, culture, stimulation and imaging. It is capable of passively trapping 4,000 single
cells on a 4.5 mhAfootprint in 30 seconds, with a singtell loading efficiency of 95%.

Cell trapping chambers were designed so that single cells could be trapped in a
deterministic fashion. When a cell enters the trapping area, hydrodynamic forces will
focus the cell towards a trap. However, once all the traps in one row are occupied,
incoming cells will not experience enough vertical flow to be focused towards filled traps
and will pass another cell focusing zone and move to the next row. Similar to the fly

embryo trap array previously designed in our grd8p3, the crosdlow channel
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requires a significantly higher hydrodynamic resistance than that of the main delivery
channel, resulting in a relatively constant Q/q ratio throughout the large array, ensuring
Q/q at each aps being in a proper range for trapping single cells. This overall concept
being robust to objects ranging from 50 (fly embryo longer axis) to 16m (Jurkat

cells) diameters suggest that it could also be optimized for trapping smaller cellular
systemssuch as yeast and bacteria (Bf). In addition, although the device geometry
was optimized for Jurkat cells (In), using the same optimized device, we were able to
trap efficiently other cell types (e.g. primary T cells and mouse embryonic stemizells s
varying from 8 to 20mm), suggesting that the optimal resistance ratio is conserved in this

size range.

Deterministic trapping of spherical beads has been demonstrated in the past, using
perpendicular hydrodynamical forces on the beads at the irtterset a bypass channel
and a main chann€B49). Our trapping mechanism also relies on diverging flow from a
main channel, the bypass channel being composed of a series of parallel traps in an array
format. This particular geometry ensures identilalvrates throughout the entire
chamber and allows packing of traps at a higher density. Our design allows us to achieve
a trap density of 860 traps / mmwhich is 23 orders of magnitude higher than what has
been previously reported for deterministiege cell traps (175 ~ 700 traps/QnB51).

This high trap density allows for imaging large number of cells in a field of view. For
very bright signals, such as a DNA stain or calcium staining with Fluo3, low NA (low
magnification) objectives can be used, and up to 800 single cells can be moinitared

field of view (Figure6.3a), allowing us to achieve similar statistical significance as
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flowcytometry with a largely reduced cell numbéppendix DS1). More specifically, a
typical flow cytometry experiment requires 1,000 to 10,000 data points,dad&hpoint
corresponding to an individual cell. For kinetic reads, 100 to 500 data points are read
every second, resulting in ~ 300,000 cells read for a 10 minute time course. Our system
allows us to achieve a comparable resolution with only-8®D cells Moreover, flow
cytometry does not enable to monitor the early kinetics after addition of the stimulus (20
seconds), and because fluctuations within one cell cannot be quantified, flow cytometry
cannot easily discriminate between responding anerespomling cells. This technique

is also not capable to measure single cell spiking or oscillatory behaviors.

Compared to most cell trap designs to date, including microw8#4-347) or
hydrodynamic flow focusing129, 348 that follows Poisson statistics, detenmstic
trapping allows us to increase single cell trapping efficiency from 70% to 95%. We also
note that an additional benefit of this trap array design is the sequential capture of
incoming cells, preventing undesirable cell loss. Of a small number Isf (eefy. 100
cells) entering the cell trap chamber, all cells will be effectively captured. This could be
especially useful for precious sample capturing where the tolerance of cell loss is very
low. In addition, loading efficiency is independent of theiah cell concentration; cell
concentration only affects loading time with high concentration loading fdadseng
10,000 cells at 5xfocells mL?, full loading of a chamber takes less than a minute at a
flow rate of 1m hr. At lower flow rates, loading time is longer and cells tend to settle in

the inlet reservoir. For flow rates aboverehr?, cells will experience high shear stress

and sometimes squeeze through thentrBdeep shallow channel, but the thseving is
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notsignificant, so in normal use of the device, we chose a flow rat@ofi br. Similar
flowrates need to be used when delivering chemicals to trapped cells. These very low
flowrates limit the use of a syringe pump to drive the flow; however, for most
applications, it is possible to use gravity driven flow in a controlled manner. At such
flowrates, diffusion plays a very important role, which ensure no large delay in chemical
delivery between cells in the top and the bottom row of a chamber is introduced

(Appendix DS2.

Cell imaging at high and low resolution is facilitated by our chip. Cells are always
located next to the coverslip, enabling high spatial resolution imaging of a few single
cells at high magnification (Figur@3b). This is a benefit ecopared to cells trapped in
microwells that are not always compatible with high magnification imaging due to the
depth of the substrate forming the wells. In addition, because the cells are at known
locations on the chip in an arrayed format, thousandsltsf can be imaged in one single
device repeatedly. Compared to the microwell technology, our system allows chemical
stimulus delivery without disturbing cell position in the chip as well as easy integration

with upstream chemical gradient generator.

Using this microfluidic platform, we observed heterogeneous calcium patterns among
resting Jurkat cells, ranging from a steatiyte baseline to periodic oscillations and
random spiking. The molecular mechanism governing these asynchronous oscillations is
not clearly defined and may arise from stochastic fluctuations in ER calcium channels

clustering(87). This heterogeneity in the resting state is still present after stimulation.
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When challenged with a calcium ionophore, only a fraction of cells are respondent,
fraction that depends on thstimulus concentration. And amongst cellular responses,
different response patterns can be defined such as fast, high amplitude oscillations or
sharp calcium rise and sustained levekstiRl calcium response of a cell population to
external stimulus is ot unprecedented; as reported for clonal human embryonic kidney
293 cells when challenged with caffeine, only 40% respond with an elevation in

intracellular calcium due to in endogenous protein expression B&s

6.5.Conclusion

We present here a microfluidic platform for singlell capture, stimulation, and
imaging capable of passively trapping 4,000 single cells on a 4 5fowtprint in 30
seconds, with a singleell loading efficiency of 95%. The array format and optimized
georretry allows for easy, robust and efficient singdl loading, while maintaining
captured cells in a low shear stress environment fortemg studies. Because cells are
captured sequentially, this system is adequate for rare cell samples. Compaegtbtcs pr
designs, our higher cell trap density allows for imaging of increased cell numbers,
therefore increasing throughput of single cell experiments, while being compatible with
high resolution imaging at high magnification. Trapped cells can be expmsedidus
environmental conditions and chemical stimulus and their dynamic response can be
monitored over time. The information gained from higloughput, singkeell time
lapsed imaging presents new opportunities in quantifying cellular responsesyageav
information by other measurement methods eliminatespephlation phenotypes.

Because of the ease of use of this system, we envision this platform to be used for diverse
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applications, such as fundamental studies of stochastic behavior, diagnpsiseat

samples, drug screens in cancer biology, stem cell biology and aging.

6.6.Materials & Methods

6.6.1. Fabrication of polydimethylsiloxane (PDMS) devices

The microfluidic devices were fabricated using soft lithogra#®?). Negative
molds were fabricated by UV photolithographic processes using a negative photoresist
(SU82010, 1416 e m, 20024 1.BBU& m i n thickness) ( Mi c
MA). Patterned wiers were then treated with tridecaflugkd,2,2tetrahydrooctyil-
trichlorosilane vapor (United Chemical Technologies, Bristol, PA) in a vacuum
desiccator to prevent adhesion of PDMS (Sylgard 184, Dow Corning, Midland, MI)
before the molding process. RIS mixture of A and B in 10:1 ratio was poured onto the
mold to obtain a Bnm thick layer and then fully cured at 70°C for 2 hoditse PDMS
was peeled off the mold and individual devices were cut to size. Medical grade
polyethylene (PE3) tubings (Scigiti Commodities) were used for fluidic connections.
Holes for fluidic connections were punched with 19 gauge nedell@elS devices were

plasma bonded onto either a cover glass or slide glass depending on applications.

6.6.2. Cell culture, stimulation and staning

Jurkat E61 human acute T cell lymphoma cells (ATCC) were cultured in RPMI
1640 medium with tglutamine (Sigma&Aldrich, St. Louis, MO) with 10mM HEPES,
1mM sodium pyruvate, 1X MEM nonessential amino acids, and 100 unitspenticillin

streptomycin (@ligro), supplemented with 10% certified heat inactivated fetal bovine
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serum (Sigmd&ldrich, St. Louis, MO), at 37°C in a humidified 5% g@cubator. For

nuclei visualisation, Jurkat cells were incubated with Hoechst 33258, at a final
concent r agtmlLy at 3 forl 20 einutes. Cells were checked for viability
using Livel/ Dead stain (I'nvitrogen) follo
resolution microscopy, £@ells were fixed in a 5% formalin solution (SigrA#rich, St.

Louis, MO) for 15 mimites at 37°C, washed three times with cold PBS, and resuspended

in 100 eL of ice cold 90% methanol . | mmuno
Hoechst 3342 f or DdhaxingAbeam)rfor BRystainimypamds rabbitU
Uprofilin-1 (Cell Sigaling), as a cytoplasmic localized protein. Incubation with the
primary antibody for one hour at room temperature was followed by three wash steps
with a solution of 2% BSA in PBS and incubation for 40 minutes at room temperature

with the following secor@ir y anti bodi-mesuyus e\l @kmv i4t8r80 gle n)
rabbit TRITC (Southern Biotech).To monitor calcium signaling, Jurkat cells were

i ncubated w38 ({nhtrogen) foM20 mihutes at 37°C, washed with cold PBS

and loaded into the cell trapstapped cells were stimulated with ionomycin (Sigma, St.

Louis, MO) at various concentrations to release intracellular calcium.

6.6.3. Microfluidic system operation
Before each experiment, the microfluidic devices were primed using a solution of 2%
BSA in PBS taremove any air bubbles and prevent undesirable cell adhesion to the wall.
A pressure difference of 3.5 kPa (5.5 kPa for devices with upstream-dikrigin
gradient generator) created by gravity was used to drive the flow, resulting to an average

flowrat e of % Zetl hoading was obtleciiméo by pi
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cell suspension on the chip positioned on the microscope stage. Further experiments
(staining, stimulation) were performed by
and flowing over the trapped cells for the desired time. All experiments were performed

in a microcontrolled environment (temperature set at 37°C in a humidified 5% CO
environment). Details on device setup and operation for cell loading are presented in

Appendix DS3.

6.6.4. Quantification of the trapping efficiency
To determine trapping efficiency, devices with varying geometries were built (Figure
6.2). The height of the main channél,) was varied from 14 to
traps (v) was varied from& o 15 & m. The | ength Ilgfwast he neé
varied from 3.3 to 8 em. ThHhgyréngedfgomtl5t0f t he
3 &m. Conserved |l engths are: width of the
(pocket and wall included 25 em) as wel |l as total l engt |

of the main channel above a trap was estimated by

o .y i (6-1)
¢ ¥Q o1 Q
and resistance of the trap
! ¢m O 0
Y , (6-2)

0zZQ 0z
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6.6.5. Data collection andanalysis

High resolution microscopy was performed on-phdton confocal microscope
(Zeiss LSM 510 NLO)Time-lapse microscopy and device characterization experiments
were performed on an epifluorescent (Nikon Eclipse Ti) microscope with an environment
cortrolled chamber. Images from individual chambers were captured sequentially using
an automated XYZ stage with a 0.7 second delay between each chamber. Custom
Matlab® (MathWorks) scripts were written for semitomated image processing.
Briefly, images werecropped to contain the cell trapping area and a mask of the traps
drawn from each picture by finding the areas of higher intensities. The ratio of the
number of objects in the overlay of the mask on the original picture to the number of
traps correspond® the percentage of traps occupied. To discriminate traps occupied by
a single versus multiple cells, several features were measured for each object, including
area, convex area, eccentricity, solidity, perimeter, extent and orientation. A principal
leastsquare analysis (SIMGR, Umetrics) was run on a known dataset of objects to
determine the two most informative predictors of the number of cells contained in an
object. The perimeter and the extent (ratio of pixels in the object to pixels in the total
bounding box) were found as being the most informative. To quantify single cell trapping
efficiency, the distribution of objects in the perimetgtent space was fitted to a 2
component Gaussian mixture model for each chamber trap array. The maximum
likelihood parameters from each of the two subpopulations were retrieved and
represented respectively the percentage of single cell objects and multiple cell objects.
Single cell response intensities were obtained by tracking the mean intensity of each

object cosidered as a single cell in the overlaid mask and image over time.
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CHAPTER 7

FREQUENCY RESPONSE ANALYSIS OF CROSSTALK BETWEEN

ROS AND CALCIUM

7.1.Introduction

Cd" and reactive oxygen species (ROS) share features of second messenger
signaling molecules and are cehtia the regulation of various cellular functions. *Ca
regulates proliferation, apoptosis, differentiation or gene transcription in T (2685
ROS, on the other hand, can be deleterious to the cell at high concentration, but at low
concentration is essential for regulating cell signa{Bg). The C&"and ROS signaling
systems are integrated such that'@ependent egulation of components of ROS
homeostasis influences intracellular redox balance, varel versa (91, 92, 94, 359).
Disruption in the ROS balance resulting in oxidative stress and improp&igbaling
has been associated with several deseases,
diabetes, cardiac pathologies as well as a(fAg360).

We have obs®ed in longterm cultured T cells an increase in the intracellular
redox status with ageChapter4) and altered Gasignaling Chapter5). Our modeling
analysis of C# signaling dysregulation as a function pointed to several kinetic
parametersassociated with purported oxidative modifications on calcium channels. To
explore the network of complex interactions betweefi @ad ROS further, we chose to
take a different computational modeling approach in order to (1) draw a map of the
interactionsbetween these molecules in T cells and (2) understand these interactions and

their role in signaling and pathophysiology.
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The ROS/C# crosstalk system is composed of many interactions forming
various feedback mechanisms occurring on different timescéles. sum of these
interactions determines the cell response to a perturbation; yet weighing the effects of
each interaction at a specific timescale is required for a solid understanding of the system.
Control systems engineers have developed tools to stlysyamic behaviors of
mechanical and electrical systems and have in particular derived the frequency response
analysis to address timearying processes. This analysis considers the system as a black
box and determines its overall behavior based on {optput relationships when the
system is probed at different frequencies. This methodology has been recently applied to
biological systems to study bacterial chemotd8&1, 362 and cell signaling in yeast
(135 136, 363. In mammalian systems, due to technical limitations, it is difficult to
probe cellular response to chemical stimuli of varying frequencies. Fourier iarfadgs
been appliedn in silico models to show the importance of inherent noise to drive
sustained oscillations in the pB&dm2 naturally oscillating feedback syst€864) and
the lowpass filter effect of a three component AKT pathway resulting in the deegup
of the peak amplitudes of receptor phosphorylation and that of downstream effectors
(365. However, in the latter example, validation of the model was performed in the time
domain.

With the advance of the microfluidic field, generating controlled complex
chemical patterns is now possilfg66-369). Although very elegant, these techniques are
often hard to implement and to integrate with cellular systems. When integrated with
cellular systems for downstream bigical applications, chemical pulse generation is

either performed ofthip (135 362, using onrchip valves (363 or laminar flow
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properties(370, 371). However, all these techniques used yeast or adherent cells. Non
adherent cells, such as T cells, present an additional challenge as they require to be
retained in secific location over time while exposed to changing stimuli. We have
presented ilChapter6 a new microfluidic platform for single T cell trapping, exposure to
step stimuli and imaging. Integration of this platform with a chemical wave synthesizer
would alow for validation of frequency response type models generated feadimerent
cells.

In this Chaptemwe present a model of ROSACarosstalk in T cells, based on the
C&" signaling model presented Bhapter5, with the addition of a ROS homeostasis
module In silico frequency response analysis to periodic ROS stimuli suggests that the
cell acts as a low pass filter with a larger bandwidth in the cytoplasm compared to the
ER.In vitro single cell response to periodig®} stimulation shows a large hedgeneity
in response amplitude and phase shift. We also observed a highre3ponse
dependence on the stimulus amplitude. In average at low®@s ¢bncentration, cells
follow the input stimulus with a larger delay compared to higher input concentrations
These nodinear effects can be recapitulated by the model when probedico for

different stimulus amplitude.

7.2.Computational model of calciumROS crosstalk in T lymphocytes

7.2.1. Model Description
Cd" influences ROS metabolism while ROS can modulate or even impd&ir Ca
signaling. To better understand crdakk effects between these two ubiquitous second

messengers, we adapted the model &t €ignaling in T cells presented @hapter5 and
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incorporaed ROS and CA interactions with proteins regulating ROS and?Ca
metabolism in different cellular compartments. Figdre presents an overall schematic
of the model. The model can be subdivided in two tightly interconneutetliles that
span across thearious cellular compartments: cytosol, endoplasmic reticulum (ER),
mitochondria as well as the extracellular space. The rinedule describes relatively
simply ROS metabolism in the cytosol and ER (in maroon). The secoddledescribes
Cd” fluxes in he cell and is adapted froBhapter5 (in black). The combination of these

two modules provides a comprehensive description of ROS aftidBasstalk in T cells.

Assumptions Species concentration is assumed to be spatially uniform in all
compartments. Mdulation of C&" channels and pumps by ROS and effect df ©a the

ROS metabolism pathway have not been mathematically described in the past. We have
chosen to represent these biological processes as enzymatic reactions using Michaelis

Menten and Hill ype functions.
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Figure 7-1: Schematic of the GHROS crosgalk model in T cells. The Gasignalingmoduleis
depicted in black. The ROS metabolismduleis depicted in maroon. Dashed lines correspond
to inhibition, plain lines to activation. A black arrow on a maroon line represents positive
modulation of a ROS flux by &a A maroon dashed line on a black arrow corresponds to ROS
inhibition of a C&" flux.

7.2.2. Module 1

Module 1 describes ROS production and clearance mechanisms in basal
conditions but also in response to extracellular ROS influx. This model does not
discriminate between different sorts of ROS and lumps superoxide anigs,akid
nitric oxide as a global species, i.e. ROS. Our group had previously published a
comprehensive model of cytosolic;®: clearance from Jurkat cells includinggqude

enzymatic oxidative turnover of protein thiols, the enzymatic actions of catalase,
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glutathione peroxidase, peroxiredoxin, and glutaredoxin, and the redox reactions of
thioredoxin and glutathioné260). Because a very detailed analysis of #mtioxidant
system is beyond the scope of this study, only the major gtioduand clearance fluxes

in each compartment are described.

The fundamental equations of ROS metabolism in the various cellular compartments are

described as follows:

ayo "y

: y o ' ' ' 7-1
93 0 0 0 0 0 0 (7-1)
ays Y p
2 ' ' 7-2
,Q (‘) ” v v v ( )
Ay o Y
— ' 7-3
a3 0 (7-3)

ROS,;, ROSr and ROS: denote the concentration of reactive oxygen species in the
cytosol, ER and extracellular spacé. is the ratio of the ER volume to that of the

cytosol.

ROS influx from the extracellular space to the cytoBaite of ROS transport across the

cell membrane is described as in Adimetal (260):

0 YOUY YO TY (7-4)
wherel is the permeability coefficient of ROS through the cytoplasmic membrane.
As in (260), the value of) Is adjusted to take into account cell surface area and

concentration
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ROS production in the cytoplasifhere are several sources of R@8duction inside the

cell. Electron leakage from the mitochondrial respiratory chain results in superoxide
production ( ). During signaling, NADPH oxidases are activated and produce
either superoxide or #D,. T cells express two NADPH oxades isoforms, respectively

Nox2 © ) and the C& sensitive Duox1(( ) (372 373.

Mitochondrial respiration is a constant source of R®S . It is suggested in
the literature thatluring signaling and apoptosis, ROS production from the mitochondria
increasesHowever, how mitochondrial Gabuffering modulates ROS generation is still
unknown; available results on this issue are conflicting” ®auces ROS production if
mitochondra are treated with some inhibitor but reduces it under normal cond{8@4ds
375). For this reason, we chose to desasibe  as a constant production rate.

0 W (5-5)

Mature T cells express the phagoetpe NADPH oxidase Nox2 that regulates
elements of TCR signalin@372). Because of its importance in phagocytic oxidative
burst, this Nox isoform has been extensively studied. Activation oRNagurs through
a complex series of protein/protein interactions, involving recruitment of the p22phox,
p47phox and p67phox subunits and Rac2 to the membrane bound gp91phox subunit
(376). Phosphorylation of specific subunits is required for proper Nox activgion. A
recent computational model of NADPH oxidase activatioaridothehl cells developed
by Yin et al only considered activation and translocation of the Nox1l (isoform of

gp91phox) and p4hoxsubunits to describe Nox activati@78). We further simplified
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this representation by describing Nox activity as a sole functionspb#2ed orthe fact

that the same upstream reaction by Rjiiat generates IP3 and subsequerit @dease

also initiates diacylglycerol activation of protein kinase C (PKC), which phosphorylates
p47phox (379 and Racl/2 indirectly through R#880. Therefore, ROS production

through Nox2 is given by:

‘00
—_— 7-6
N (7-6)
where @ is the maximal ROS production rate by Nox2 and the half maximal IR

concentration resulting in Nox activation.

Duox1, a C& dependent nonphagocytic NADPH oxidase, has been reporbed
responsible for rapid TCR stimulated generation gdDH373). Duox1 does not need to
be associated with cytosolic factors to be active but is regulated HythBaugh two
canonical EFhand motifs and PKA/PK@ependent phosphorylatiof381). ROS
production through Dox1 is therefore described as a linear function afaiil a

order Hill function depending on cytosolic Cevels:
, : sy OO
U w OVY——"— (7'7)
oOw U

where @ is the maximal ROS production rate by Duox1 and the cytosolic C&

dissociation constant.

ROS scavenging in the cytoplasAdimora et al generated a network model of major
redox reactions and cellular thiol modifications involved p©Okmetabolism in response

to oxidative stres§260). We lumped all these reactions into a singlerter mass action
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kinetic function with a scavenging rate const@dt that fits the predicted cytosolic
H,0O, concentration showed {{260).

0 Q oYo'Y (7-8)

ROS influx from the cytosol to the ERrevious studies reportadcreased ER ROS
levelsupon the bolus addition ¢1,0, (382), suggesting an ability for cytoplasmic ROS
to enter the ER, either by diffusion or active transport. We represented this flux as driven
solely by clanges in steady state cytoplasmic ROS levels:

0 YOUY YOY D (7-9)
wherev is the ER permeability membrane to ROS and "Y  the basal ROS

concentration in the cell.

ROS leakage from the highly oxidized ER environment into the cytosol has not
been demonstrated in the literature. In fact, an ER lumip@} Bensor is oxidized while
a similar reporter bound to the cytosolic ER membrane side i€388% This flux has

consequently not been included in our model.

ROS production in the ERTo maintain the high oxidative environment necessary for
proper protein folding, the ER is rich in sources of ROS, including oxygenases and
oxidases which often produce ROS as a bypro@888. The membrane associated
flavoprotein Erod is a significant source of oxidized equivalents for the ER lumen and
thus is responsible for setting the ER oxidation sta82, 385). Erola activity can be

modulated by changes in the redox state of its regulatory cysteine pairs as part of a
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homeostatic feedback system in the ER that allows the cell to rapidly offset potentially
detrimental fluctuations in the ER redox enviremt(386). A simplified description of

ER ROS production by ER@Iis therefore given by:

0
0 ") — . (7-10)
Yo 'Y )]

wherew is the maximal ROS production rate by Erol, is an equivalent oxidized

species affinity constant to the regulatory cysteine pairs¢ gnd £ti@ Hill coefficient.

ROS scavenging in the ERhe ER contains several reductants, such as the thiol/disulfide
system including glutathione and newlynlyesized proteins, gluce$ephosphate (G6P)

or pyridine nucleotide$379). Similar to the approach taken for the cytosolic scavenging
system, we have lumped all these antioxidant systems into one single ROS degradation
reaction.Using an ERtargetedH,O,.sensitive fluorescent probe Hyper, Enyedial
showed a decrease in ER,®j levels after C& mobilization from the ER stores
independently of ERCHL activity, suggesting an effect of intraluminal®an ER ROS
degradatior(381). This hypothesis is compatibldth the wellstudied ER stress process,
where low intraluminal Cd leads to an increase in misfolded proteins, a consequence of
altered redox statug387. We have thus selected the following mathematical
representation:

. . 0
0 Q OYO0 YD — : (7-11)
O w U

whereQ is the maximal ROS scavenging rate in the ER@nd  the equivalent
half maximal ER C&" concentration leading to inhibition of the scavenging system and
¢ i uaHill coefficient.
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7.2.3. Module 2

Module 2 describes CGa fluxes between the cytosol, ER, mitochondria and
extracellular space to a known function or a steady inputszoMBthemattal description
of each flux is identical to ones usedGhapter5, with the addition of ROS modularity
effects. Briefly, binding of IPto the IR receptor (IRR) triggers the release of €a
stored in the ER (@). The resulting drop in ER Ghlevels activates the ER &aensor
STIM1, which translocates to the BHRV (plasma membrane) junctions to activate a
more sustained influx in the cytosol through the calefeteaseactivated C& channels
(CRAC) on the PM (.9 (297, 298). The PM C&" ATP-ase (PM@) pumps C4' out of
the cytosol (dncy. There is an additional very small Cdeak from the extracellular
space into the cytosolfyead. The Sarco/ER CGaATP-ase SERCA pumps cytosolic
Cd" back in the ER storesggzkca), While small quantities oE&* ions leak from the ER
to the cytosol kieay. Cytosolic C&' is buffered by the mitochondrianfgh, Jmitoud). 1P

production and degradati@menot included in thisnodule

As in Chapter5, the fundamental equations of Z&inetics in the vadus cellular

compartments are described as follows:

P 0] 0] 0] U U U U
Qo (7-12)
0
o T ' (7-13)
0 O - U U U
o — U 0 (7-14)
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Cai, Cant and Car denote the concentration of free’Cin the cytosol, mitochondria
and ER respectively. hi  ht are the ratio of free to total €a * " are the
ratios of the ER and mitochondria volume to that of the cytosol. Sevetabi@ding
proteins involved in C& buffering in the cytosol and ER have been shdwbe redox
sensitive. The effct of oxidation on those proteins results in both increased and

decreased affinity to Gadepending on the prote{84). Because of these mixed effects,

we omitted description of the redox effects ori Qauffering.

Ca* flux through the IBR: IPsR channels are the primary Caelease channel in the ER

in T cells and contain several cysteine residues; for instanBd. Ifas 60 Cys residues,
70% of them being kept in reduced state with variable accessibility and variable
regulatory significanc€388). Oxidation of certairi SH groups via exposure to thimesoral

or GSSG sensitizes JR activation by IR so that even resting levels ofsl®vould
activate IRR modfied by oxidation(327, 389 390. Duox1 has been shown to be co
expressed with HR T cells(108 which may imply a role of Duox1 ¥, production as a
positive feedback to maintain 4R open and amplifthe C&" signal. In addition, recent
studies have suggested a possible link between the ER redox statesRrdnétion
(391-393); however, cysteine residues responsible for redox modifications & IP
activity have not been identified, and it is still not very clear when, where and how these
modifications take place.

Therefore we only descridedROS effect on IR as a ROSlependent modulation of 4P
affinity constant. The modified flux of G&throughthe IRR is given by:

6 ® D BO (7-15)
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whereVp;z is the maximum flowrate anddzthe IR open probability. Bsis assumed to
be an instantaneous function of2CalP; concentration and the fraction ofsH not

inactivated by C4 bound to the inhibitory sitéQ Bpsis described as:

~

‘00 0w

0 — — 0 (7-16)
O v 0w V]
wherev is the ROSmodulated IRdissociation constant from theslBinding site
and0 the affinity of C&" to the activating site.
' ' © 7-17
0 O TE 0 (7-17)

where U0 is the unmodulated Pdissociation constant from the sIBinding site.
o) is the half maximal ER ROS concentration that leads to a change-lonting

affinity and¢ 1 ¢ o tHill coefficient.

The fraction ofinactivated IPsR, 1-Q is a function of cytoplasmic aand0, the

effective affinity of C4" to the inhibibry site.

aQ -

a0 a8 . 718

a5 0 P 0 0O 0w (7-18)
0 L 7-19
Y 0F o (7-19)

where 0 is a variable controlling the relative time scales between the differential
equations , the C&" affinity to the C&" inhibitory site and) the affinity of IR

to the IR binding site when the Gainhibitory site is occupied.
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Ca’* leak from the ERIncreased levels of intraluminal ROS result in a temporary
increase in nonselective membrane permeabilityclwhvould allow the escape of a
larger number of Cé ions from the ER to the cytoplasm. Modifilgricax can be
described as:

, - . YOY YOUY
V] Q Dw Op VR,

(7-20)

where Q is the unmodulated ER &deak rate antY § "Y  the resting ROS level

in the ER.

ca’* flux through theSERCApumps SERCApumps plays a key role in maintaining low
cytoplasmic C#' levels by actively sequestering Cinto the ER. The differerBERCA
isoforms channels contain from 22 to 28 cysteine residues, most of which display redox
sensitivity resulting in inhibition of the Gapump to cytoplasmic oxidative stre€08

110). The luminal regulation cBERCA2b isoform also involves a redox component. At
high ER C4&" levels and oxidizing conditions, the oxidoreductase ERpSIndbato
SERCAC-terminal tail promotes disulfide bridge formation that reduces pump activity.
For simplification purposes, we only modeled a general cytoplasmic ROS modulatory

effect onSERCAactivity, and the modifiedd is given by:

~
g

' ; 0 06 0 = 7-21

v @ 18} 0 YO Y jo! (7-21)
where is the maximum flux across theERCA pump ando the SERCA
activation constant by 3 Q the half maximal cytosolic ROS concentration

responsible for pump inhibition ardi ‘Q1 ®td Hillicoefficient. Again, as iChapter
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5, we did not discriminate between differSERCA isoforms degite their differential

c&™ affinities and susceptibility to redox inhibitigh08).

Ca* fluxes through the mitochondridhere are no reports of direct redox modulation of
the uniporter or the mitochondrialalC&* exchanger hence we did not alter the

expressions for mitochondrial €aiptake and efflux described @hapters:

0w

0 0 — , (7-22)
0w 0
where ® is the maximum rate of Gauptake in the mitochondria and the
apparent C4 affinity of the uniporter.
, , . 0w
) W Dw 07— - (7-23)
0w v
where® is the maximum rate of Gaefflux andV the half maximum C&

concentration for efflux.

Ca’* fluxes through the plasma membraStore operated calcium entry (SOCE) relies

on ER C&" store depletion, activation of STIM1, dimerization, association with the
ORAI1 CRAC channels and CRAC activatif8 308. Redox regulation of SOCE is

not clear(102. Hawkins et al studied redox mediated activation of STIM1 and found

t hat oxidative stress | e ateime56,drigggringtSTIMat i ony
oligomerization and punctae formation independently of ER [@aels(103); yet Prins

et al demonstrated that the ER oxidoreductase ERp57 is a binding partner with STIM1

and ERp57 defiency results in increased SOCE, suggesting a negative role of oxidation

on STIM1 (104). Orail is reported to be activated in a STié&pendent manner after
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H,0, exposurg105); however, in another study, ORAI1 was observed to be inhibited by
oxidation of Cys195106). Because of these discrepancies in the literafL®@), we
chose to ignore redox fetts on CRAC channelsk . is thereforeexpressed as in
Chapters:

0 oI
0 ® O— , 0 — . (7-24)
ow U ow 0]

where & is the maximum CH influx through the CRAC channels, is the
dissociation constant of ER €40 STIM1 andd  the MichaelisMenten concentration

for extracellular C&, 66

Permeability of the plasma membrane has not been shown to bedeglexdent; hence
we have used the PM Eeakage epression fronChapters:
0 0 DO (7-25)

whereu is the rate of leakage through the plasma membrane.

As with the SERCA pump, the PMCA pump is also inhibited by oxidation, though at
higher levels of RO$394, 395). C&" efflux from the cytosol to the extracellular space is

therefore described as:

0w 0w

(7-26)

where @ is the maximal PMCA efflux rate) the C&" affinity to the PMCA

pump, U the dissociation constant of ER<an STIM1 allowing it to become
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activated and interact with PMCA."Q is the half maximal cytosolic ROS

concentration responsible for pump inhibition &ng & & GtheéHill coefficient.

7.2.4. Model Optimization and Simulation in the Time Domain

The series of differential equations were solved using Matlab R201la
(Mathworks, Natick, MA) using the ODE solver for stiff system ode23s. Initial
conditions were chosen according to published experimental datee bparameter
optimization or computed at steady state (Tahl®. There is very little information
available in the literature concerning concentrations of ROS in living cells. Eetyat
reported an ER ¥D, concentration similar to the cytosolic®k concentration after a
bolus addition of 9M H,0,, suggesting ER ROS levels to be in the tens\f The
ER environment being largely more oxidized than the cytosel30mV difference in
the redox potentialf396), we assumed the cytoplasmic concentration to be in the nM
range, consistent with other estimat280).

Table 7-1: Initial conditions

State Variable Value  Reference

ROSqq 1nM (260

ROSer 85nmv (382

Cayt 50 nM (310

Cager 350nM (310

Camit 0.1nM (311) followed bySS computatiodniin=Jnitout
=8 0.54mM (309

h (fraction active IPsR) 0.02 (292

We performed initial parameter estimation on eawbdule individually, to

constrain the number of free floating parameters to estimate. Parameter estforation
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Module 2 was described i@hapters. ForModule1l, IP;, Cay: and Carwere maintained

at steady state and unknowns were fitted to four diffedamdsets: cytoplasmic ROS
clearance after bolus addition of exogenoy®H260) (represented by an abrupt change

in initial ROSmedia CONcentration), as well as three datasets acquired by Eryeadi
representing ER ROS dynamiosresponse to DTT (represented bfo&l increase in the

ROS scavenging rate in the cytosol and ER), thapsigargin (represented by a 85%
reduction in the maximagbERCA pumping velocity) and histamin@82). Because the
histamine C& time course resembled a C#race after TCR stimulation, we used a 5
min pulse IR input function. Once parameters were found that fit all fhatasets, we
allowed the CH fluxes in the various cellular cellular compartments to vary and
empirically adjusted the velocities of the®ahannels and pumps modulated by ROS.
The other parameters Module 2 were left unchanged and the parametenglaniule 1
adjusted to fit the four datasets. This parameter set was used as a starting point for more
robust parameter estimation based on constrainedimear programming, with the
objective function S consisting in the squared sum of errors acrossinespe

conditions:

<

€
S:

(7.2

8‘

whered is the maximal simulation time) the number of state variables used for
optimization and6 the number of experimental conditiheing optimized.

Table7.2 presents the optimized parameters as well as the parameter bounds used.
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Table 7-2:Model parameter values

Parameter  Optimized Bounds Source/Explanation
Value
S 4e3 s [le-2 1e1] Adapted from(260),
0 0 — zpm — 2
O wd zvzp m— with
0 pm,d Xupm
corresponding to 10 mmdiameter
cell and 5*16 cells.mL*
T «p»-m 12e6 NMhs' 1.2e6 SS analysisw Ko E:
YOY
Tooe le6 Ms' [le7 le4]
L .. 5 h [1 8] Physiological levels of IFafter T
cell stimulation
le6 Nhs! [le7 le4]
0.15 h [0.05 1] Physiological level®f cytosolic
Cd" after T cell stimulation
1.2e3s? 1.2e3 calculated from(260)
4e-2 N [0.1 1e4]
- 0.0015 h [0.001 0.05]
3e3 st [le-4 1e2] Assuming [ERO&]=0.05 uM,
Tm»- T3t Y ( z
oYpg ‘0 (397
95 h [85 120] ER ROS levels > steaehtate
3 [1 6]
5.45e5 s* 5.45e5 s* Computed at SS with respect to
v
280 [150 350] Physiological ER C4 levels
2 [1 6]
1.626 & [12] Ch.5
0.16 Mh 0.16 Ih Ch.5
0.2915 h [0.15] Nh Modulated from 0.106 kh (Ch. 5)
0.0442 Mh 0.0442 h Fitted from(327) assuming 1
0.462 0.462 thimesoral results in generation o
10 nM ROSy.
Lo 1 Mh 1M 1(291)
L, b o-p 0.771 Mh [0.51.5] Nh 1.05(291)
= 0.0917 [0.01 0.5] Ch.5
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Table 7-2 continued:

Parameter  Optimized Bounds Source/Explanation
Value
L iagtg 0.0038 [0.0010.005]5  Ch.5
Tvard+ 23375 Mis' [85.8300] Mhs' Modulated from 85.8 (Ch.5)
vgrdt 04477 Nh 0.4477 Mh Ch.5
v > pe v 1.151 nM 1.151 Mh Fitted from(110), assuming the
- Vg >34 038 0.38 SERCA pump is exposed to
ROS,=10**(ROSex)
; 794.07 Mhst 794.07 Mhs® Ch.5
1.24 Nh 1.24 Nh Ch.5
484.44nM st 484.44 Nhs* Ch.5
L, <o« 81285 M  8.1285 Wh Ch.5
T p it 3.1046 NMhs' [1 10] Mhs® Ch.5
Ly s 996.83 Mh  [2001500] Mm Ch.5
Ly @ 195.73 Mh  195.73 Nh Ch.5
Lyya 1g 25e7s [1.5e7 3.5e7]s* Ch.5
T &t 4.96 Nhs* [1.510] Mt Modulated from 1.805 (Ch. 5)
Sap 0.1269 M 0.1269 Mh Ch.5
Ly g eo 41394 Wh 394 Mh Ch.5
Lip. y 0.258 Mh 0.258 ©h Fitted from(395), assuming the
« w3k > 1.147 1.147 SERCA pump is exposed to
ROS,=10*(ROSex)
Zg> 0.015 0.015 (312
0.08 0.08 (312
= 0.1678 0.1678 Chs.
IR 0.0467 0.0467 Cch.5
N0 < 0.716 0.716 Ch.5

We included in this model Nox and Duox as sources of ROS production that are
activated during T cell signaling. Because the datasets usedvoditle 1 are primarily
related to ER redox balance and the effect df @apletion on the ER redox status and
not to ROS effects on a Eaime course after T cell stimulation, the confidence on those
parameters is very low. Additional optimization on experitae@&* time course in the

presence of NADPH oxidase inhibitors and combinations &t €annels and pumps
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inhibiters are required to improve the confidence in the parameters and the quality of the
fits.

We opted for an alternative approach for modaldation. ROSC&" crosstalk
occur on different timescales based on various fluxes and affinities to the second
messengers; therefore, the measured output to a step or impulse is the sum of
simultaneous events occurring over a range of timescales. tisigakcourse analysis
techniques do not easily discriminate these events and their respective contribution. The
engineering community has long applied frequency response methodologies to address
time-varying processes in mechanical and electrical systelms.methodology is only
valid on linear systems, which is not the case with biological systems. For instance,
saturation of an enzyme is an example of-hio@ar behavior. However, if a system
operates close to its operating point or with small pertunbsitio will behave as a linear
system. As a first approximation, we will make the assumption that using small
amplitude stimuli will not drive our biological system to saturation and hence be able to
analyze it in the frequency domai@oherence analysisao be performed to validatbe

frequency range in which the system is linear.

7.2.5. Frequency Response Analysis

Frequency response analysis is a method where the behavior of a system is
characterized by its response to sinusoidal input signals. It relié® aletomposition of
an input and output signal into its principal frequency components and the comparison of
the output signal to the input in the frequency domain. Importantly, this technique does

not require prior knowledge of the system.
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Briefly, any sgnal can be decomposed as a sum of sine waves via Fourier transform. The
Fourier coefficient,Y 0 of a signalY 0, at the angular input frequendy can be

described as:

, C . \
YO =, Q YoQ 7.8
0 Ty 0Qo (7.28)

where— is the period of the input signal andhe number of periods sampled.

The result of this integral is a complex number whose ndfmd  corresponds

to the amplitude of the output signal and whose arguedif 0 is 90 degrees below
the output phasat frequencyw.

Traditionally the frequency response of a system is assessed by measuring the
output response to sinusoids of a given amplitude and different frequencies. The ratio of
the amplitude of the output to the amplitude of the input represkatgadin of the
system. The time delay between the input and output signal corresponds to the phase of
the system. Gain and phase of a system over a range of frequencies provides sufficient
i nformation to c¢har ac-tlependence antathbe disphyed ie mé s f
Bode plots.

The Bode plots provide direct insight into the dynamic behavior of the system.
The gain plot presents the systembs respon
particular the frequency filtering properties of tegstem. The phase plot contains
additional information about the way in which the system acts when connected to other

systems, in cascade or in the presence of feedback, as well as delays.
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Bode plots are generally constructed by experimentally probinghyesical
system. Although experimentally probing the response of a biological system to stimuli
of different periods has been used in the past on ba¢8&1a362) and yeas({135 136,

363 3998, technical hurdles make it difficult to apply it to mammalian cells. An
alternative approach is to build the Bode platssilico and use these modeling
predictions as a tool to guide experimental validation using a selectddefpvencies to

probe.

Once in Bode plot form, it is possible to fit a mathematical description to the
systemdés behavior. Thi s mat hemati cal refy

function. In the Laplace domain, it can be described as:

™ i Lwo B i ¢
T — v —
Yi Loo B i n

Of (7.29

where Y(s) is the Laplace transform of the output signaldo, U(s), the Laplace
transform of the input signal o, m, the number of zeros in the nominator andhe
number of poles in the denomaitor withad €. @ andr] correspond respectively to
the zeros and poles of the system. When evaluatéd at), the Laplace transform
yields the Fourier transform an® Q] the frequency response of the system at this

frequency.

It is also possible to evaluate the form of the transfer function based on the
mechanistic ODE description of the system by linearizing around the operating point of
the system. In this case, all poles and zeros of the transfer function are a fundtien of t

ODE model kinetic parameters and the Bode plots can be generated from the symbolic
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version of the transfer function. Although extremely useful for simpler systems, this
methodology is not adequate for complex systems with highlylinear differential
equations. Thus we chose the reverse approach of determining the Bode plots by probing
our ODE system to periodic inputs and backcalculating the transfer function. This
technique offers an additional advantage: the transfer function fitted to the Bosle plot
contains parameters that generally do not have a physical meaning; however it is often
possible to find a description in the frequency domain with fewer parameters compared to
the model in the time domain.

Systems identification is a common contbased approach to build mathematical
models of dynamical systems. Most systems identification methods rely on statistical
methods to fit parameters to a model structure. In our case, we attempt to fit a transfer
function of the érm presented in (7.2%o the in silico computed Bode plots. Before any
fitting is attempted, the form of the transfer function must be specified. Corner
frequencies correspond to the presence of a zero or pole (Apgesdikor an example
on a second order lopass filter). The sjpe between these corner frequencies
corresponds to the difference between the orders of the denominator and nominator of the
transfer functionqd @) for the zeros and poles with values below the specified corner
frequency. For instance, a slope-2® dBdecade would correspond & ( &) =1, while
-40dB/decade would correspond t& (&) =2. Once t he trans
mathematical form has been specified, we fitted the parameter values (zeros and poles)
using non constrained optimization algorithms doshson gradient search methods

(fminsearch).
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7.3.Results & Discussion

7.3.1. Cellular redox status affects C&" response to T cell stimulation by
a-CDsz and H,O,
C&* channels and pumps have been shown to be +selusitivein vitro andin
vivo assayq103105 108110, 327, 376, 377, 388395. However, most of these assays
have been performed in excitaldell types with large concentrations of exogenox3,H
To verify if ROS plays a physiological role in Jurkat T cell signaling, we measuréd Ca
dynamics in response to TCR stimulation in the presence of various ROS inhibitors

(Figure7.2).

No inhibitor

= NAC
7F = DPI
Apocynin

Calcium Concentration (au)

Time (min)

Figure 7-2: Average traces of Gadynamics following TCR stimulation with @g/mL a-CD3 in
no inhibitor condition (blue), 5mM NAC (green),mM DPI (black) and 1GriM Apocynin (red).
(n=3)
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Compared to the nanhibitor condition, the addition of {dcetylcysteine (NAC), a
precursor of intracellular cysteine and GSH that acts like aspenific cytosolic ROS
buffer, and of DPI and apocynin, two specific NADPH oxidase inhibitors result in an
overall decrease of & signaling. Both the amplitude of the signal and the sustained
Cd" levels are reduced, suggesting a R@@Pendent effect on JRelease and SOCE.
These results also suggest the importance of early ROS production by NADPH oxidases
after TCR stimulatiorto promote signaling. Compared to NAC inhibition, the decay time
constant (defined as iBhapter5) is also altered, suggesting inhibition of tRERCA
pump. These results are consistent with the recent findings of kKwainwho observed
inhibition of SGCE in DuoxI” Jurkat cells(108). Contrary to antioxidant treatment,
addition of low amounts of #D, (25 mM) results in increased cytosolic €devels
(Appendix ES2). Pretreatment with the external®ehelator EGTA or the noespecific
cation channel blockeflufenamic acid (FFA) slightly reduces the signal while
pretreatment with TMB3, an IRR inhibitor completely abrogates the signal. These
results suggest an initial effect of oxidation on thegRIBhat will in turn trigger SOCE.
We observe smaller effect®f oxidation on extracellular Gainflux.

Because of the complexity of the Caignaling pathway and the number of
simultaneous interconnected fluxes that occur, experimentally determining the effect of
ROS on C4 signaling requires a large numberanfditional experiments using chemical
inhibitors and knocldown cell lines. We chose computational modeling as an alternative
approach to investigate hypothetical features of e@&soccurring between Gaand

ROS in T cells in the resting state andidgrstimulation.
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7.3.2. Computational Model of Ca?*/ROS crosstalk

This model of CA/ROS crosgalk is based upon the E&asignaling model
described inChapter5 with an additionaimodule of ROS homeostasis in the ER and
cytoplasmic compartment. In additionyfes through redegensitive C& channels and
pumps are modulated by ROS levels to reflect the effect of an oxidative environment on
C&" levels. The final model contains 7 ordinary differential equations and 48 parameters,
divided into two tightly interonnectedmodules. Because we optimized most of the
parameters of the amodulein Chapter5, we focused parameter optimization on the
ROS homeostasisodule and while constraining the €aparameters (Tabl&.2). The
ROSmodulecan be further subdivided into two semdependent suhodules consisting
of the cytoplasmic and ER compartments. In the cell, these two compartments are largely
insulated; the cell maintains a rather reduced redox level in the cytosol while a highly
oxidizing environment is necessary in the ER for proper protein folding. The primary
connection between those twmdules is a unidirectional ROS flux from the cytosol to
the ER when cytosolic ROS levels are above a threshold. Figuidepicts the ability of
the cell to respond to the exogenous addition of DTT followed by a wash step and bolus
of H,O,. The experimental values were digitized from the measurements of Etydi
acquired with a novel ¥, specificfluorescent protein targeted to the EBB2). This
model can also predict €adynamics in the ER and cytoplasm after a bolus addition of

H,O, and shows rapid depletion of the ERECstores Appendix ES3).
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Figure 7-3: Cell response to 5 min perfusion with DTT (modeled as doldBincrease in the
cytosolic and ER scavenging rate). DTT was then washed out of the medium for 15 min (modeled
as a return to 1.2*baseline cytosolic and ER scavenging rate) andviL6RO, was applied. In

blue, ROS levels in the ER. In red, cytoplasmic ROS levels. Digitized experimental data are taken
from (382). Model is fitted to the ER ROS levels. Cytoplasmic levels are predicted.

The model can recapitulate the drop in ER ROS due to ERd@aletion observed by
Enyediet al. (382 assuming that the scavenging rate alone depends on lumifial Ca
levels (Figurer 4). The reduction in ROS ER levels in the model are not as pronounced
as in the experimental data probably becadsg model constraint that does not allow
ER C&" to drop below 200vM. Model predictions for the levels of cytoplasmic ROS,

C&*and ER C# are presented in the Append2S4 and ES5.
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Figure 7-4: ER ROS levels after Ca2+ release from the ER intracellular stores. a) in response to
thapsigargin treatment (modeled as a 85% reducti@ERCAmaximal velocity). b) in response
to histamine treatment followed by a bolus of 1 H,O, (histamine treatment modeled as a
pulse of 5nM IP;between 5 and 10 min). Treatment time is at 5 min. Digitized experimental data
are taken fronf382).

o

To further optimize and validate the model, we applied the frequency response analysis
methodology described above and generatesilicot he systemdés output
stimuli of various frequencies. Because the outputasured experimentally is
cytoplasmic C&, details of the frequency response for this variable is described in the
main text. Time courses and frequency response of the other species are described in the

AppendixE.S6-10.

7.3.3. Ca?'/ROS crosstalk model frequency response

To generate the frequency response of the system, we appliedico a
sinusoidal wave of 2&M ROS of various periods. We chose a small ROS concentration
to allow the system to stay in a relatively linear range. Each simulation wderra8
periods, with a minimum of 250 sample timepoints by period (set in the ODE solver).
Cd* time course response to a sinusoidal input of ROS with a 10 min period
(corresponding to 1.7 mHz frequency) is represented in Figbird\fter a brief trangnt,
cytoplasmic C#& settles in a sinusoidal pattern of its own. Thé*@acillation period is
conserved.
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Figure 7-5: Transientresponse of cytosolic &4n response to a 10 min period ROS input.

When compared across different periods of input stimuli?*Gasponse in the time domain
exhibits time delays and lower steady state amplitude for shorter periods (Figurd-or

instance, the 30 second period exhibits a 45deg phase shift between thendhputpat. At 10

minutes and 60 minutes both signals are in phase and share the same steady state concentration.
These time courses suggest that the bandwidth of the system for cytoplahisch@aveen 30

seconds and 10 minutes. Tiroeurses for the o#r species at different periods are depicted in
AppendixE.S6-10.
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Figure 7-6: Cytosolic C&"in response to ROS stimulus input of different periods. a) 30 second

period. b) 10 minutes period. ¢) 1hqueriod. Note the time scales on the x axis are different.

From these time courses, several interesting features emerge. In addition to a
change in the amplitude and phase shift with frequency, we observe that the ER displays
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highly nonlinear behavior ah functions as an integrator that accumulates the input
signal over time (e.g. at 30 seconds). In addition, the output response of several species to
the sinusoidal input is a periodic signal with the same frequency but not the same shape.
This is particudrly visible with ER C&"; however it is also the case with cytoplasmic

cd”* at lower frequencies, which suggests Hlioearity of the system with the addition of

new frequency components.

As an initial approach, we used these tenarses and their Fourigglansform to generate

the Bode plots (Figuré.7).

153



-40 0 *—%*x%
KK K KK Kok x5 **_**
ROScyt  -60 § 45 * o
‘ *
-80 4 - —— -90 » _2 *
10 10 10 10
100 — 0
K K sexe 45 *x
ROSer 50 o s fre,, )
0 5 -135 *
10 10 10 10
[
8 -50 ()] 0 xR g
© * K Rk R KK o) **

Cacyt — ] ~ .45 .
= x Q. "
© -100 - g 0L _

O 10’ 10° < 10" 10”
(el
100 — 180

CaER 80 oy o »

60 g * %
3 = 360 -

10 10 10 10

0 0 k5% 2
Camit -50 il -90 o

-100 - -180 -

10 10 10 10
Frequency (Hz) Frequency (Hz)

Figure 7-7: Bode plots of the multiple output system. In red, the gain of the system is displayed.
In blue, the phase plot is displayed. Frequencies/fich an output displayed a nsteady linear
behavior is not displayed here.

From these Bode plots, we note that the ROS buffering capacity in the cytosol
behaves like a first order lopass filter with a bandwidth of about 2 minutes. This
behavior is closely followed bycytosolic C&* with a slightly larger bandwidth. The
mitochondrial C&" behaves like a second order lpass filter of similar bandwidth. This

difference may arise from the very fast mitochondria buffering kinetics comparbkd to t
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cytoplasmic C& homeostatic system. Both €and ROS ER components display higher

order transfer functions.
As described earlier, a mathematical description of these Bode plots can be given as the

transfer function. Figur&.8 shows the transfer furieh for the output cytoplasmic €a
The best fit is given by the following transfer functidd:i 0 — wheret is the cut

off frequency, her&0.6 mHz and K the gain of the system, h&=0.05.
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= Transfer Function Fit

110 .
1074 1073 1

2

fc=10.6 mHz
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Figure 7-8: Fit of a first order transfer function for cytosolic zaGain K=0.05; Corner
frequency §= 10.6 mHz.

This result suggests that a cell probed with exogenous ROS can follompthesiimulus

if its period is greater than 1.5 minute. In terms of phase shift, at the 1.5 minute time
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period, a 45deg phase shift will correspond in a 47 second delay. It is interesting to notice
that such a complicated system can be reduced to a single paramessrioedthe Ca
response to a specific input and be able to predittr€sponse to any kind of other ROS
input shape. This feature of parameter reduction is a powerful motivation for utilizing the
frequency response analysis for complex systems.

Totestt hi s model &'sespprsetd éxageéneus adbitton of ROSOH
must be measured. We chose to probe the system at different periods that would capture
characteristics of the Bode plots, for instance, 30seconds, 1 minute, 2minutes, 5minutes,
10 mirutes and 30 minutes. Delivering chemical pulses is not feasible with common

techniques and requires the use of microfluidics to deliver controlled chemical waves.

7.3.4. Generation and delivery of chemical pulses to Jurkat cells

In the past three years, following the publication of the seminal papers using
frequency response analysis to better understand signaling pathways in yeast, there has
been a growing interest in creating tools able to deliver periodic si@@0s371, 399,
400. When applied to biological systems, most designs to date have been focusing on
delivering chemical waves to adherent cells. Our model cell line poses an additional
challenge as these cells are ramtherent and will get washed away with fluids if not
retaired in a specific location over time. We presente@lvapter6 a new microfluidic
platform for singlecell imaging that traps very efficiently single cells in specific location
in a dense arraf323). We have also shown that a simple step input stimulus can be
delivered to the cells. To deliver chemical pulses to the trapped cells, this microfluidic

platform needs to be coupled with a microfluidic chemical pulse generator. Most designs
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to date are notompatible with our microfluidic cell trap array because of the extremely
low flowrates (25 ni/hour) required to avoid shear stress on the trapped cellshpff
components, such as pinch valves or switching valves, will create alefigled pulse

close to the valve but diffusion and Taylor dispersion in the tubing will smooth the plug,
and the signals seen by the trapped cells will be an average of both solutions. Relying on
laminar flow, it is possible to create chemical pulses bylawing two solutons and
varying the flowrate of one versus the other automatically using a controllable syringe
pump. Again, the low flowrates required lead to mixing by diffusion and large switching
time. We used a simple alternative approach to create chemical wanesnmcrofluidic

cell trap array by manually switching the inlet tubing connected to one of two solutions.
Figure7.9 shows the chemical signal, measured as FBBA intensity delivered to the
cells based on a theoretical input pulse (in blue) for diffedays and devices. The
period of the signal is conserved with a maximal error of £3%. The presence of cells in
the trapping area does not affect the quality of the pulses. For larger periods, the shape of
the signal is maintained; however for higher freqcies, pulses become sinusoids
because of diffusion. Device to device variability is significant (up to 20%); hence
calibration of the device with a fluorescent solution is required after completion of a
biological experiment (Bpendix ES11). Because ofthe slow flowrates and the
combination of parallel and perpendicular flow in the trap array, there is an additional
delay effect between the signal seen in the top anddtiem of the chamber @endix
E.S12). Due to these limitations, this techniquaits the frequency domain that can be

experimentally probed to periods ranging from 6 minutes to 60 minutes.
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Figure 7-9: Characterization of eohip chemical pulses. In blue is representedthtieeretical or
ideal input function. In other colors are represented the signals measured for 3 different devices
for different input frequencies.

7.3.5. Cell response to a periodic input of HO,

Figure 7.10 shows singkeell response to a 10 minute periagplication of 50
mM H»O,. Similar to our observations of Jurkat cell response to an ionomycin pulse
(Chapter6), there is a very large heterogeneity in cell response that includes a fraction of
cells not responding to the stimulus. In average, cell respfollows the input stimulus
with a delay of 3 minutes for the first period; the magnitude of the delay keeps increasing
with the number of periods. The average oscillation period of the averaged cell response
is equal to 10.5 minutes, which is very cloge the input signal period, given

experimental errors in delivering the oscillations. In addition, the oscillations are
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dampened (Figur&.10a). At the single cell level, different patterns of behavior can be
observed among responsive cells ranging framstasned oscillations to dampened
oscillations oraccumulation. The new steady state achieved as well as the phase shift
between the singleell response and the input greatly vary from cell to cell and does not
correlate with cell position in the chip (fire 7.10b). These large differences in
amplitude and phase in single cell may arise from different mRNA copy numbers due to
stochasticity in gene transcripti¢401) and consequently Gachannel and pump levels.
Fourier analysis of single cell traces shows that periodic stimulation shifts the basal
cellular oscillation frequency of around 5 minutesa slower oscillation frequency of
about 16 minutes. This average has been computed by retaining the three major

frequency components of the Fourier spectra for each single cell (Fig0).
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Figure 7-10: Single cell analysis of calcium responses to waves,0% L0 min period, 50riV)

and quantified for oscillations in fluorescence. a) Representation of experimental output from 250
cell traps. Each line is a tirgependent trace of fluorescence dsingle cell. HO, introduced at

frame 50. The black line represents the input wave and the red line the average of cellular
oscillations of the heatmap displayed above. b) Selected single cell traces (in red) and input signal
(in black). c) Fourier trasform of data showing distribution of basal (blue) and stimulated cell
(red) frequencies for the 10 min period condition (1.7 mHz).

Based on this unique assayed frequency, there are large discrepancies between the
model and the experimental data. For arfifute period oscillation, the model predicted
a sinusoidal Cd time course in phase with the input signal (Figli8). Experimentally
the C&" time course is a periodic signal displaying ramping, dampened oscillations.
Because the Garesponse is natinusoidal, we further investigated if the concentration
of 50 MM H,0, resulted in nofinear effects due to saturation. For this 10 minute period
input signal, we varied the applied,® concentration from 25 to 1000M (Figure

7.11). At the lowest concémation, the cells did not respond to the signal at all and
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maintained their baseline spiking patterns. At the intermediate concentrations 50 and 200
mM, the average cell response followed the input oscillation pattern with noticeable
differences.Lower cacentration results in higher phase shift and more pronounced
transient behaviorThe higher concentration leads to dampened oscillations around a
steadystate while at the lower concentration, the oscillatiomdthough dampened in
amplitude- are integating the input signal. At the highest concentration, 1mjDH

cells display a first peak of large amplitude and return to baseline.

MinMax
100 150

Figure 7-11: Impact of stimulus input amplitude on single cell response to a 10 minute period
H,0, treatment. In black, the input signal. In red, the average cell response.

Nonlinearities in the system were predicted by the model. We constructed the
Bode plots of our system for input concentrations ranging from 8 to®0OROS (Figure
712 and Appendix ES13). The model pointed to amplitudelated effects on the

frequency esponse that are species dependent. For instance, frequency responses of ROS
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in the cytosol and in the ER are not amplitude dependggAdix ES13). On the other
hand, C&' frequency response is highly dependent on input amplitude in terms of gain
but dso bandwidth (Figur&.12). Hgher input concentratioresults in larger gain and
bandwidth, suggesting the ability of the cell to filter high frequency, low amplitude ROS
inputs, considered as noise by’Cim the cell, and therefongreventing the elitation of

a cell response to noisk contrast, at the input amplitude sampled, ROS does not have
an amplitudedependence, suggesting a higher sensitivity and large buffering system to
clear out perturbances of various amplitudgse shift in bandwidth wh concentration

was observed experimentally with the phase shift redubigtween our 50 and 20tV

H,0O, datasets.
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Figure 7-12: Effect of the input amplitude on cytosolic Cgain and phase.

7.4.Conclusion

Although the model can fit a subset of experimental data in the time domain,
analysis of the network in the frequency domain show discrepancies between the

experimental and modeling data. In particular, our experimental results indicate a higher
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degree of notlinearity of the system than predicted by the model, suggesting errors in
parameter values, inaccurate mathematical formulation of specific interactions or missing
interactions in the network. For instance, this model does not take intonhaealox
dependence of WPformation, of C4™-binding protein to effectively buffer ain the
cytosol and ER. We also did not explicitly model the impact df ®affering by the
mitochondria on its ROS production. We also did not take into account the various
isoforms of C&' channels and pumps expressed in T cell. Their relative levels as well as
their differential redox sensitivities and Caffinity may be avery important mechanism

for the cell to regulate global &alevels in the cell. Redox effects GBBERCA are
concentration and ROS dependébetween nitric oxide, superoxide angQ4 with
activation at low ROS level@l02) and deactivation at higher levgls08 110); yet we

only modelel all types of ROS as a single ROS species and did not take into account
concentratiordependent activation and deactivation of the pump. The understanding of
oxidation on proteins involved in the €asignaling pathway is still in its infancy and
large number of reports are contradictory102 371). When possible we used data
acquired in T cells for lower levels of oxidat, however to be predictive in terms of
signaling and response to oxidative stress, the ROS concentration dependence needs to be
clearly formulated. Another important assumption in this model is that species are
spatially uniformly distributed, which iphysiologically not the case during signaling.
ROS production for signaling purposes is believed to be heavily localized close to its
targets, which results in very high concentrations in very specific microdomains. For
example, cdocalization of Duox1 wh IP;R on the ER membran@73) suggests that

once C&' release from the ER stores have begun, some of these ions will bind to
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Duox16s EF hands and |l ead to | ocabRi zed R
activation. However, thesedS might not affect Ca channels on the plasma membrane.

Similarly mitochondriaER microjunctions, pivotal to G& buffering during ER store

depletion, might also play a role in increasing the local ROS concentration to modulate

C&"* channel dynamic&366).

Our approach consisted in creating the model, measure its frequency rasponse
silico, compare it to experimentally acquired cell resp®to a few selected frequencies
and refine the model in terms of parameter values and network connections. However, we
encountered several technical difficulties. We were only able to measure a single output,
cytosolic C&". To validate the model accuelt, measurement of ROS levels in the
various cellular compartments during stimulation would be required. However, to date,
there are very few reversible commercially available ROS sensors, making those
measurements difficult, if not impossible in respots@eriodic stimuli. Additionally,
the approach used to generate chemical pulses is limited in terms of repeatability and
range of frequencies sampled. -Cmp production of chemical waves in a robust and
controllable manner, coupled with multiplexing #&dlow several frequencies to be

simultaneously generated and delivered to cells, will allow easier Bode plot creation.

Model validation of the frequency response does not necessarily require
experimentally probing the cells to periodic stimuli. One atkge of a transfer function
is its ability to predict a systembébs outopu

measuring cell response to a single pulse of varying lengths and duty ratios or cell
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recovery after a few periods. Although easierezipentally, analysis might be more
challenging. An additional assumption of the model was its linearity for low stimulus
concentration. We showed experimentally that this assumption was not valid. To improve
the fits, it is possible to add a ntinear rectifier (135. However in our case, it will
probably not be sufficient, and a nrbnear control theory approach might be necessary

to properly examine the frequency response of the system.

Despite these shortcomings, an important proof of concept was demonstrated by
our approach. Noadherent mammalian cells have never been investigated by testing a
range of periodic stimuli. This work demonstrates that by selecting an appropriate output
measurement, we can observe response features that confirm global propetties of
model simulations. Although model refinement is necessary to fully capture the observed
cellular behavior and technical improvements to the device are needed to broaden the
range of delivered frequencies, control systems analysis can vyield insiglitein t

regulation of complex biological signaling networks.

7.5.Materials and Methods

7.5.1. Cell culture, stimulation and staining

Jurkat E61 human acute T cell lymphoma cells (ATCC) were cultured in RPMI
1640 medium with tglutamine (Sigm&ldrich, St. Louis, MO)with 10mM HEPES,
1mM sodium pyruvate, 1X MEM nonessential amino acids, and 100 unitgoemicillin
streptomycin (Cellgro), supplemented with 10% certified heat inactivated fetal bovine

serum (SigmaAldrich, St. Louis, MO), at 37°C in a humidified 5% g{cubator. To
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monitor calcium signaling, J u-8 (knattogewo) ot | s
40 minutes at 37°C, washed in PBS, resuspended in prexhdtee media and loaded
into the cell traps. Trapped cells were stimulated wigdHThermoFisher) at various

concentrations to monitor cellular response to pulses of oxidative stress.

7.5.2. Fabrication of polydimethylsiloxane (PDMS) devices

Singlecell trap microfluidic chips were fabricated as described in Chapter 6.
Medical grade polyethylen®E3) tubings (Scientific Commodities) were used for fluidic
connections. Holes for fluidic connections were punched with 19 gauge nétoMs.

devices were plasma bonded onto slide glass.

7.5.3. Device operation

Operation of the singleell trap microfluidc platform has been described in
Chapter 6. Briefly, devices were primed using a solution of 2% BSA in PBS and 5*10
cells resuspended in pheneld free media loaded using gravisiven flow. Once

efficient loading was achieved, the inlet hole was coteteto a syringe filled with

phenotred free media via tubing. The syringe was placed above the microscope stage and

the outlet tubing height adjusted to ensurecbip flowrates in the proper range. This
step allows excess cells remaining in the inletehtd be washed away before the

beginning of an experiment.
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7.5.4. Delivery of oscillatory input

Chemical pulses were delivered to trapped cells by manually switching solutions
in the inlet. More specifically, the two solutions (phered free media anghenoired
free media supplemented with stimulus, hep®©H were stored in two L syringes
above the microscope stage. The syringes were connected to 25 cm I8ntyiiEgs
and liquid allowed to fill the entire length of the tubing. Once filled, thenw ending
was raised and taped at syringeds height
pulses, the current tubing attached to the chip was removed 15 seconds before the time
point and the other tubing connected to the inlet hole, makirggrsairto introduce any
bubbles. All experiments were performed in a microcontrolled environment (temperature

set at 37°C in a humidified 5% G@nvironment).

7.5.5. Data collection and analysis

Time-lapse microscopy experiments were performed oepgiifuorescent (Nikon
Eclipse Ti) microscope controlled with the NIS Element software in an environment
controlled chamber. Images were acquired automatically at the desired sampling rate at a
predefined location using the same exposure time and gain.elranglysis was

performed using a custh Matlab® (MathWorks) script.

Chemical pulses characterizatiomnitial characterization of the chemical pulses was
performed without any cells, with solutions of either PBS and PBS supplemented with
BSA-FITC or watersupplemented with red and green food coloring. Each frame was

background substracted and intensity in different locations in the array recorded for each
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time point and averaged across these locations. When experiments were performed with
color pictures, ntensity was recorded for both the red and green channel of the RGB

image and the ratio of intensities taken.

Analysis of cell response to periodic stimiiter acquisition of a time course, alata
pointswere projected onto a single image representing the average of the time course to
define the location of each individual cell. Single cells were either cropped manually or
using a mask of the traps created by finding the areas of higher intensitiesth®nce
location of each cell was defined, its mean fluorescence intensity (MFI) was calculated
for each frame. For each cell, calcium time courses were normalized to the first half
period of chemical stimulation to correct for uneven dye loading and norch&lzéhe
standard deviation of the time course. For Fourier analysis of individual time course, we
adapted a previous protocol for performing spectral analysis GfdBaillations using

Matlab (403).

Device calibration for periodic stimuliDue to chip to chip variability, chemical
oscillation amplitué and phase shift differed from experiment to experiment. Because
fluids used in the chemical pulses were neither fluorescent nor colored, each device
required pulse characterization after an actual experiment to ensure proper analysis of
cellular responseThis calibration was performed with FITBSA as described in the
chemical pulses characterization section, by switching the phetidiee media solution

with a FITGBSA solution. A sinusoidal wave was fitted to the calibration output using

the following equation:
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M 0zAl © =, - (7.30

where A is the amplitude of the sinusoidal wave, T the period of the sinuson ted
phase shift. The parameters A, T gnavere fitted to the experimental time course
betweentcain: and teaibz, Wheretcqin: andteaine correspond respectively to the beginning
and the end of the calibration period. Using the fitted function, the input oscillatory

pattern delivered to the cells could be backcalculated.
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CHAPTER 8

CONCLUSION AND FUTUR E DIRECTIONS

| present in his dissertation an innovative combination of microfluidic tools and
computational modeling to study agsated changes ex vivoexpanded T cells for
adoptive T cell transfer therapy (ACT). Our biological findings point towards the
acquisition of a serseent phenotype within 3 weeks of culture with an overall decrease
in protein phosphorylation in signaling cascades activated downstream of ¢ce# T
receptor (TCR)loss of the cestimulatory molecule CD28 and CD2THapter3), an
increase in intracellat redox potentialGhapterd) and altered G4 dynamics Chapter
5). The development of a new modular microfluidic platform for simultaneous multi
time-point cell stimulation, fixation and lysis enabled the acquisition of early protein
signaling dynamicsvith higherthroughput, controllability and robustness compared to
traditional methods. Computational modeling was central to this study as it allowed us to
identify biomarkers ofin vitro aging, create & senescence metrico
potential targetsf posttranslational modifications responsible for altered*@ignaling.

In the second part of this dissertation we focused on the-tiisbetween
reactive oxygen species (ROS) and'Citeractions that are fundamental for proper cell
signaling ad that are known to be altered in many -egJated disorders, such as
neurodegenerative or autoimmune diseases. We introduced a new microfluidicslhgle
imaging platform and an original computational modeling approach to unravel features of

cellular esponse to oxidative stress.
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The contributions of this thesis to the scientific field are multiple. In terms of
biological advances, this is the first large scale characterization gtkged changes in
cell signaling and phenotype in A&bnsistenexvivo cell expansion culture conditions
with a-CD3/CD28 coated beadd404-408. Compared to traditional models of vitro
aging used to studin vivo aging, such s the clonal model of replicative senescence
developed by the Pawelec and Effros grogp85 409, T cels expand and reach
senescence faster. However, most changes that we observed, pointing towards a loss of
function, are consistent with the literature. This suggestsethaivoexpanded T cells
share common féares with cells found in the elderly, thereby limiting the efficacy of
ACT.Iti s al so t he sfeinresstc etnicmim wvite ltdtdred Bcellé is r
described. The idea of a predictive senescence metric is not new. The OCTO and NONA
longitudin a | study defined an Ai mmune risk prof
elderly populationg410, 411), but this metric relies on ratios of CD4/CD8 T cells and is
not compatible with ACThat usesolely on CD8+ T cells. We found that a combination
of metrics had the best descriptive potential compared to a single one, and interestingly
very early signaling dynamics as well as heterogeneity in the cell population was heavily
weighted in the final gdictive metric. The importance of kinetic analysis was again
demonstrated a few months after the publication of our article in a large microarray study
wherein gene expression differences between young and old mice before and post TCR
stimulation reveal® novel ageelated alterationg313. The <&ésenescence me
developed has however a few limitations. It predicts very well age in culture,
characteried by the number of days in culture or the number of time the population has

doubled. It can also predict surface marker expression from signaling information; yet
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surface marker expression alone is not predictive of signaling, ie cell function. This
highlights once again that a single metric is not sufficient to quantify senescence. An
i deal 6senescence metric6 would be able t
senescent cells in a population and correlate it to the overall level of responsivieness o
the population. Quantifying the percentage of senescent cells has been shown recently in
fibroblasts, using a combination of markers includmgal staining and p21186),
markers that have not been directly linked to senescamtdoss of function in T cells.
Single cell analysis of ERK phosphorylation after TCR stimulation, alone or in
conjunction with markers of senescence profllimnd p18, did not result in distinct
subpopulations that would either be responsive orgggonsive. This may suggebkat
the loss of T cell responsiveness and acquisition of a senescence phenotype is a
continuous rather than a swittike process. This is consistent with the recent findings of
Nelsonet al who demonstrated senesceiitguceal-senescence via ceikll contact ROS
exchangg60). Despite beingsemjuant i t ati ve, our Obgeeryescenc
useful in studies that aim at improving culture conditions for immunotherapies, the
present culture conditions beittge reference point.

Another notable biological finding is the increased intracellular oxidation in aging
T cells, due to a reduction of tlatioxidantcapacity and overexpression of the NADPH
oxidase Duox1l. Nox2 and Nox4, other NADPH isoforms, have been shown to be
upregulagd with age(253 254); yet this the first report of an agelated increase in
Duox1 expression. Although we did not prove a direatsal effect between increased
ROS levels and altered €and TCR signaling cascade dynamics, increased intracellular

redox potential is generally linked with oxidative damage and a large number of
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pathologieg412). Therefore preventing oxidative damage in ldagn T cell culture by
the use ofintioxidans or hypoxic culture conditions may have beneficial effects.

This dissertation also significantly contributes to the miardics field. | present
two distinct microfluidic platforms to study cellular processes in-adinerent cells. The
first one performs controlled cell stimulation, followed by simultaneous lysis and
fixation. The main advantages of this chip compared to traditional assaygl) its
ability to reduce experimental variance in time and between samples due to sample
handling, (2) the use of lower amounts of costly reagents and precious primary T cells,
(3) the ability to robustly obtain stimulation time points with a highet resolution
(down to 20 seconds). Its modular design allows versatility in thepgomgs sampled. A
limiting factor however is its relatively large size and complexity, making the fabrication
process in PDMS tedious (large number of holes). Althougite rexpensive, if fabricated
in glass, this chip would be reusabl e and
lab equipment or in a clinical setting.

Our second microfluidic platform, developed in collaboration with Dr K. Chung,
allows passive hgrodynamic singleell trapping and imaging. Compared to competing
microfluidic technologie$129, 339-352), the advantages of our design include: (1) higher
singlecell trapping efficiency due to deterministic cell trapping (up to 95% single cell
trapping compared to 80%), (2) higher cellptrdensity (up to 100 fold), (3) ability to
deliver a chemical stimulus or perform immunostaining on chip while retaining the cell in
its location (compared to microwell technologies), (4) sequential cell trapping, avoiding
loss of precious cells (5) easy tuse (biologists with no microfluidics hands

experience have been able to operate it alone). Data acquired with this chip is of similar
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guality as flowcytometry data, while using 1000 fold less cells and being able to follow
the signaling dynamics ohé same individual cell over time. A potential limitation of
this technology is the very low flowrates required to avoid shearing the cells, resulting in
a very important diffusion effect. Although it is not an issue for cell loading, staining or
stimulaton with a simple step stimulus, we have found this the limiting factor to deliver
complex temporal stimuli on chip. Use of this microfluidic platform has been essential to
observe C# spiking in resting Jurkat cells, to study’Csingle cell response gradients

of ionomycin or HO, and show the very large heterogeneity in cell response to a uniform
stimulus.

Finally this work demonstrates the utility of computational modeling in biological
systems) used three different modeling approaches: a Blbamokmodeling approach in
Chapter3, a deterministic modeling approachGhapter5 and a combination of both in
Chapter7. In Chapter3 a partial least square regression (PLS) mede appliedto
identify the most significant biomarkers of aging and preticell age, without knowing
any causal relationship between the input variables measured. This modeling technique
had been used in the past to understand complex signaling networks and predict the
behavior of a cellular system to new perturbati@@$, 413 414); however we addedn
additional dimension to this analysis by stitching together datasets from single cells and
averaged populations as well as dynamic and static informatio@hépter5, we
developed a mechanistic model of’Csignaling after TCR stimulation. Althoughere
has been a considerable effort to model df @gnamics in excitable cells, there are very
few models of C# dynamics in immune cells, especially for T cells. The model

presented here is the most complete to date, based on the current knowlégge®T t
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signaling pathway. |t would be a very nic
Lastly, we present a new modeling approacBlmpter7 that relies on the union of time

domain and frequency analysis, in order to understand the biochemical kneifvor
interactions between ROS and *CaTools from control theory have been used
extensively to study biological sedscillatory and chaotic systeni@15418); however

itds only recent that they (1853361364 8cefar us ed
controttheory based mathematical models of mammalian signaling dynamics have not

been validated in the frequency domain due to experimental linmgat@ur approach,

though in its infancy, shows the potential of Ob&sed models analyzed and validated

in the frequency domain to gain a better understanding of cellular regulatory systems.

FUTURE RESEARCH DIRECTIONS

Senescence Metric

Immunosenescence is thought to be a leading cause of aging due to its
involvement in autoimmune disorders, inflammation or cancer. More specifically T cell
immunosenescence has been linked with H#9, 420 and poor immunotherapy
efficacy, including vaccinatior{42l) and ACT (38). A reliable T <cell
metricdé would therefore be an invaluabl e
personalized vaccines and as described in thisydtagrove ACT efficacy. We have
presented here a first O0senescent metri co.
large but not exhaustive experimental dataset, chosen to mimic metrics that a clinician
could easily acquire in the hospital. During tbeurse of this dissertation, we have

collected additional data relating age to®Caignaling, mRNA levels of proteins
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involved in ROS and CGA homeostasis. Including these data into the original model
would probably result in a more powerful senescentrimelhe model has predictive
power; however we were not able to verify its efficatyivoin the clinic, for example

by correlating the predicted quality of T cell clones injected in the cancer patient to the
clinical outcome of the treatment. We alsave not verified whether the set of identified
biomarkers is conserved in vivo models of aging, such as elderly human subjects but
also animal models extensively used in aging research. It is interesting to mention that
during the course of this study,similar approach was taken by a large European project,
the MARK-AGE Project (2002 01 3) t o: Aconduct a popul ati
order to identify a set dbiomarkers of ageing which, as a combination of parameters
with appropriate weightingwould measure biological age better than any marker in

i solationo.

Our mo d el weighted heavily population
suggesting that population heterogeneity is representative of the senescence process. Our
lab has recentlydeveloped a method to easily perform singgd PCR (unpublished
data). Coupled with our singleell microfluidic chip, heterogeneity in T cell population,
in terms of differentiation status, dynamics, and transcriptomics could be assessed in
young and al pati ent samples and incorporated
providing new information regarding how the heterogeneity of the T cell repertoire

affects the systemd6s overall response in a
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ca’’ oscillations in T cells

We have observed viauo singlecell trap microfluidic platform a large
heterogeneity in dynamic €apatterns in resting T cells, with a large distribution of
spiking frequencies in the frequency spectrum. Currently the mechanisms leading to these
fluctuations are not understd, and there is controversy whether it is a deterministic or
stochastic proces$422). When stimulated with ionomycin, the frequency spectra
tightens, but is not correlated to the initial oscillation frequency (data not shown). A
seminal paper in Gasignaling in lymphocytes showed compelling evidence tdwa
direct relationship between €aoscillation frequency and downstream gene activation
(423); yet how the cell is able to transmit information through frequency endddéd
signal is still not fully understood. Computational modeling has provided some initial
insights into protein phosphorylation driven by intracellular calcium oscillat{é24,

425, but there is very limited amount of experimental data to support this theory.
Coupled with various fluorescent protein reporters, our siogllemicrofluidic plaform
would be an excellent tool to further study’Cascillations in T cells and how they affect
downstream signaling. Of particular interest would be the effect Bfd3aillations on
ROS production through Duox1. We can hypothesize that its closemipio the IRR,

and its activation by G4 binding to its EFhand and phosphorylation make it a good

candidate for frequenegncoded regulation.

Using control theory to understand complex biological systems

Feedbacks, robustness and sensitivity are central to biological systems, therefore

providing great value to tools developed by the control engineering community. The last
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part of this thesis was a proof on concept that control systems theory could led &ppli

gain a better understanding of XYROS crosgalk in T cells. Model refinement is
necessary to reduce discrepancies between our modeling and experimental results. The
addition of nonlinear rectifiers and additional points of feedback control candeded,

in particular in the mitochondria and in the?Ghinding protein buffering syster#n
interesting feature of this control theory based analysis is its ability to reduce the system
into a few lumped parameters. For example, two parameters uf@est to describe

C&* response to any input of oxidative stress. However, finding a biological meaning to
these lumped parameters can be challenging and become a large hurdle for data
interpretation.

Since it has been suggested that**Cprotein redox sensitivity might be ROS
concentration depende(84), this model could be subdivided into two ROS/Caross

talk models with distinct parameter sets, one for signaling and one for pathologies
involving high levels of ROS, such as inflammation, autoimmune disorders or aging. We
also have been limited by the range of frequencies we could sample experimentally. To
generate periodical stimuli of higher quality and increase the experimental throughput,
our microfluidic chip must be integrated with @hip chemical wave generators,
potentially allowing several frequencies to be probed simultaneously in different
chambers. Possible designs include on chip side valves, fully closed valves or simply
alternating liowrates by gravity in a T junction. If modeling validation is not possible by
directly sampling cell response to periodical stimuli, there are alternative methods such as
measuring cell responses to a single pulse of different duration or to a ramp of

corcentration(362). Once validated, the impact of each flux or molecular interaction on
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the overall systembébs dynamic behavior can
minimal model of ROS/CA crosstalk generated. Because ROS and‘Gae tightly
regubted in many cell types and perturbations in these interacsalt in pathologies,

this model could provide new molecular targets for drug design.
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Figure A.S1:Flow cytometry data of intracellular protein expressiont’l®rofilin-1, and

robust coefficient of variation of cell side scatter versus population doubling averaged for all
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the mean signaling activation. The box plot presents the median, tren@57%' percentile as

well as the outliers. A reduction in dondwonor variation as well as an overall decrease in protein
activation occurs with time in culture for most proteins.
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Table A.T1: Prediction of number of day peisblation and population doublings from signaling
information and phenotypic markers: importance of the variables in the model projection.

Variable Variable Importance Variable Variable Importance
in the projection in the projection

1 cd27 mean 2.10807 36 $lstDer:lck5 0.85869
2  $lstDer:fERK_1 mea 1.81841 37 Ick0.5 0.848903
3 cd57cv 1.807 38 latl 0.842587
4  ¢cd27 % 1.68825 39 fERK_2cv 0.839392
5 ssccv 1.61624 40 fERK_2mean 0.834191
6 erk2 1.39899 41 fERK_0.5cv 0.831355
7 Ick2 1.39456 42 fERK 2.5 mean 0.827579
8 $lstDer:erkl 1.3839 43 erk0.5 0.826384
9 Ick3.5 1.23829 44 G1% 0.823208
10 c¢d28 mean 1.22894 45 lat0.5 0.819776
11 cd28 % 1.21613 46 $1stDer:erk2 0.815989
12 G2% 1.21511 47 ssc mean 0.795274
13 $1stDer:zapl.5 1.20099 48 fERK_3.5cv 0.791876
14 fsc mean 1.18049 49 fERK 1.5cv 0.789518
15 Ick5 1.17463 50 pl6ink4d mean 0.769161
16 $1stDer:crebl.5 1.15728 51 $1lstDer:lat2 0.765128
17 erk3.5 1.15398 52 ¢d57 mean 0.764364
18 c¢d57 % 1.10823 53 lat7 0.741126
19 $istDer:erkl.5 1.10066 54 fERK_ 1 cv 0.735429
20 erk2.5 1.07066 55 $1stDer:Ick0.5 0.728781
21 Ickl.5 1.04008 56 $1lstDer:creb2.5 0.697429
22 Ick2.5 0.996836 57 $lstDer:lat0.5 0.682517
23 lat3.5 0.965031 58 fERK_3.5 mean 0.657546
24 lat2.5 0.951935 59 $ilstDer:latl 0.643804
25 $1stDer:lat3.5 0.944874 60 $lstDer:creb2 0.613796
26 fERK_1 mean 0.913745 61 $lstDer:lats 0.595329
27 creb2 0.911948 62 creb3.5 0.579102
28 fERK_0.5 mean 0.892883 63 $lstDer:erk2.5 0.573141
29 cd45ro mean 0.892613 64 $1stDer:erk3.5 0.537731
30 fERK_7 mean 0.892168 65 cd3_1 0.534886
31 $lstDer:cd3_2 0.888851 66 creb2.5 0.525642
32 Ick7 0.881107 67 cd3_7 0.478706
33 $istDer:lat2.5 0.871192 68 creb7 0.43545
34 fERK 5cv 0.87054 69 lats 0.404435
35 ferk0.5/prof mean 0.866683
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Table A.T2: Prediction of number of day pesblation and population doublings from signaling
information and phenotypic markers: loadings of each variable on each of the 3 principal
components of the model.

Variable w*cl w*c2 w*c3

$1stDer:erkl -0.174735 -0.232134  -0.0908695
$1stDer:erkl.5 -0.141475 -0.140367  0.0938994
$1stDer:erk2 -0.0400459 0.156462 0.22918
$1stDer:erk2.5 0.0235261 0.114418 -0.0987679
$1stDer:erk3.5 0.0470348 -0.0870041 -0.026013
$1stDer:lat0.5 -0.070525 0.0865824 -0.0125435
$1stDer:latl 0.0586355 -0.100333 -0.0723623
$1stDer:lat2 -0.0966445 0.0486441  0.0881639
$1stDer:lat2.5 0.0185698 0.21766 0.161683
$1stDer:lat3.5 0.0979825 -0.122032 -0.120035
$1stDer:lats 0.0374719 -0.0550591 -0.238662
lat7 -0.101512 -0.0587873 -0.133811
$1stDer:Ick0.5 -0.0985907 0.0243995  0.0392244
$1stDer:Ick5 0.111655 -0.0445989 -0.082137
Ick7 -0.0520531 0.177655  0.0661075
$1stDer:crebl.5 -0.158113 -0.135792  0.0328304
$1stDer:creb2 -0.0723707 0.0504469 0.10062
$1stDer:creb2.5 0.0743857 -0.0590914 -0.173382
creb?7 -0.0209155 -0.0946879 -0.146686
$1stDer:zapl.5 0.139095 0.224472 0.200751
$1stDer:.cd3_2 -0.12688 -0.0150167 -0.0308176
cd3 7 -0.035225 -0.101849 -0.146221
$1stDer:fERK_1 mean -0.24009 -0.271943 -0.198951
fERK_7 mean -0.116391 0.0485745 0.061525
fERK 0.5 cv -0.0599215 -0.141795 0.172195
fERK 1 cv -0.044347 -0.111548 0.193492
fERK 1.5 cv -0.0521471 -0.112453 0.214379
fERK 2 cv -0.0589488 -0.136059 0.191647
fERK 3.5 cv -0.0749687 -0.0937896 0.198218
fERK 5 cv -0.0967359 -0.149134  0.0697603
G1% 0.0814985 0.0461585 0.298878
G2% -0.166292 -0.133064 -0.195532
ferk0.5/prof mean -0.0948355 0.101555 0.0956114
pl6ink4 mean 0.0494111 0.0397929 0.335506
cd27 mean -0.273023 -0.320813 -0.318153
cd57 mean -0.102538 -0.0255534 0.115956
cd45ro mean -0.110102 0.0594298 -0.069633
cd28 mean -0.170269 0.0216645 -0.00581737
cd27 % -0.187458 -0.337764 -0.191858
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Table A.T2 continued

Variable w*cl w*c2 w*c3

cd57 % -0.131084 0.0944223 0.165044
cd28 % -0.169856  0.00777489 -0.049675
cd57 cv 0.250044 0.210905 0.220344
fsc mean -0.154655 0.0643096  0.0367591
SSC mean -0.0973969 0.0645275 0.0766865
SSC cv 0.209221 0.25699 0.156991
erk0.5 0.084169 -0.0273094 -0.26052
erk2 -0.191871 -0.178974  -0.0401264
erk2.5 -0.145261 0.0359882  0.0279075
erk3.5 -0.165977 -0.0557326 -0.0843158
lat0.5 -0.0905345 0.0844512 -0.055538
latl -0.107915 0.051968 -0.0199517
lat2.5 -0.12794 0.0358534 -0.0166383
lat3.5 -0.0870264 0.150741 0.127775
lats -0.0480701 -0.0298783 -0.119469
Ick0.5 -0.07377 0.121421 -0.0759082
Ick1.5 -0.0563096 0.213791  0.0513851
Ick2 -0.19943 -0.0241239 -0.013126
Ick2.5 -0.0913042 0.151789  0.0127265
Ick3.5 -0.160331 0.0707907  0.0988252
Ick5 -0.126817 0.143191 0.110661
creb2 -0.130935 -0.0722269 -0.00750945
creb2.5 -0.0757922 -0.0189477 -0.0162422
creb3.5 -0.0688577 -0.100416 -0.114246
cd3 1 -0.0681207 -0.0696301 -0.119838
fERK_0.5 mean 0.0146629 0.223794 0.134271
fERK_1 mean -0.123783 -0.058126 -0.176445
fERK_2 mean -0.113237 0.0275411 0.0266794
fERK_2.5 mean -0.109112 0.0421655  0.0298007
fERK 3.5 mean -0.0866206 0.0309205 -0.0206491
day max 0.207256 0.212431  0.0985998
pd max 0.222709 0.166709 0.104857
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Table A.T3: Prediction of number of day peisblation and population doublings from signaling
information: importance of the variables in the maateljection.

Variable Variable Importance
in the projection

1 $istDer:fERK_1 mean 1.73925
2  $1stDer:erkl 1.37537
3 Ick2 1.30379
4 erk2 1.28032
5 Ick3.5 1.23145
6 fERK_1.5 mean 1.20802
7 $lstDer:zapl.5 1.17241
8 Ick5 1.17047
9 fERK_7 mean 1.10426
10 erk3.5 1.09963
11 erk2.5 1.08298
12 $i1stDer:crebl.5 1.05263
13 Ick2.5 1.02912
14 $istDer:erkl.5 0.984998
15 creb2 0.8756
16 $1stDer:Ick5 0.872824
17 lat2.5 0.831813
18 $istDer:cd3 2 0.823419
19 fERK 1 mean 0.804746
20 cd3 2 0.777253
21 fERK 3.5 mean 0.733821
22 lat7 0.66729
23 cd3 25 0.569716
24  $lstDer:creb2 0.51115
25 creb3.5 0.496587
26 cd3_1 0.475836
27 $1stDer:zap5 0.303936
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Table A.T4: Prediction of number of day peisolation and population doublings from signaling
information: loadings of each variable on each of the 2 principal components of the model.

Variable w*cl w*c2

$1stDer:erkl -0.24672 -0.38857
$1stDer:erkl.5 -0.19976 -0.20195
lat7 -0.1433 -0.08372
$1stDer:Ick5 0.157624 -0.15764
$1stDer:crebl.5 -0.22323 -0.15839
$1stDer:creb2 -0.10215 0.055449
$1stDer:zapl.5 0.196364 0.362386
$1stDer:zap5 0.065958 0.00881
$1stDer:cd3 2 -0.17908 -0.06051
$1stDer:fERK 1 -0.33898 -0.41176
mean

fERK_7 mean -0.16431 0.287251
erk2 -0.2709 -0.19745
erk2.5 -0.20507 0.163903
erk3.5 -0.23431 0.02781
lat2.5 -0.18062 -0.02704
Ick2 -0.28153 -0.01044
Ick2.5 -0.12888 0.311747
Ick3.5 -0.22634 0.209863
Ick5 -0.17902 0.294292
creb2 -0.18484 -0.13825
creb3.5 -0.0972 -0.11608
cd3 1 -0.09614 -0.0992
cd3 2 -0.14474 -0.20543
cd3 25 -0.10951 -0.14011
fERK_1 mean -0.17474 -0.06953
fERK 1.5 mean -0.25161 0.075366
fERK_3.5 mean -0.12228 0.161131
day max 0.284475 0.317873
pd max 0.304778 0.277479
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Table A.T5: Prediction of CD27 and CD28 expression from signaling information: importance of
the variables in the model projection.

Variable Variable Importance

in the projection

1 $lstDer:fERK_1 mean 1.64652
2 fscmean 1.31774
3 Ick0.5 1.28017
4 fERK_1 mean 1.19866
5 Ick2.5 1.19778
6 S% 1.18034
7 Ick2 1.17869
8 Ickl 1.11446
9 Ick5 1.10784
10 erk2 1.10597
11 lat0.5 1.09658
12 fERK_1.5 mean 1.09389
13 Ick7 1.07056
14 $1stDer:erkl 1.06315
15 Ickl.5 1.05297
16 lat3.5 1.02674
17 ssc mean 1.02009
18 lat2.5 1.0044
19 G1% 0.980289
20 G2% 0.952699
21 erkb 0.923509
22 $ilstDer:lat3.5 0.908869
23 Ick3.5 0.871187
24  $1stDer:creb2.5 0.855285
25 fERK 2.5 mean 0.849749
26 $lstDer:cd3 2 0.81324
27 erk2.5 0.810829
28 $istDer:lat2 0.810352
29 fERK 5 mean 0.778315
30 $istDer:Ick0.5 0.769653
31 $istDer:creb2 0.699023
32 erk3d.5 0.657731
33 ferk0.5/prof mean 0.58108
34 $i1stDer:fERK_3.5 mea 0.515929
35 fERK 3.5 mean 0.469756
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Table A.T6: Prediction of CD27 an@€D28 expression from signaling information: loadings of
each variable on each of the 2 principal components of the model.

variable w*cl w*c2 variable w*cl w*c2
$1stDer:erkl 0.12008 0.272438 lat0.5 0.192487 -0.14947
$1stDer:lat2 0.16138 0.084998 lat2.5 0.207234 -0.01226
$1stDer:lat3.5 -0.18408 0.038984 lat3.5 0.17758 -0.14594
$1stDer:Ick0.5 0.157396 0.057062 Ick0.5 0.144682 -0.29628
Ick7 0.137086 -0.22996 Ickl 0.23133 0.041295
$1stDer:creb2 0.135048 -0.06005 Ickl1l.5 0.173469 -0.16749
$1stDer.creb2.5 -0.15006 -0.14962 Ick2 0.212305 0.194088
$1stDer:cd3 2 0.168263 -0.00377 Ick2.5 0.176806 -0.22559
$1stDer:fERK_1 mean 0.17111 0.433016 Ick3.5 0.180062 0.046183
$1stDer:fERK 3.5 0.082579 -0.08656 Ick5 0.203264 -0.12889
mean
G1% -0.17027 0.137734 fERK_1 mean 0.171662 0.271177
G2% 0.186448 -0.07271 fERK 1.5 0.178424 0.216498
mean
S% 0.169039 0.26703 fERK 2.5 0.107858 0.207303
mean
ferk0.5/prof mean 0.115097 -0.03849 fERK 3.5 0.059045 0.115159
mean
fsc mean 0.269496 -0.03853 fERK 5 mean 0.158098 0.065121
SSC mean 0.207179 -0.04014 cd27 mean 0.15003 0.409394
erk2 0.134016 0.275733 c¢d28 mean 0.250892 0.057859
erk2.5 0.162519 0.080063 cd27 % 0.013671 0.439324
erk3.5 0.130078 0.072976 ¢d28 % 0.255681 -0.01462
erk5 0.164127 -0.1211

191



APPENDIX B

APPENDIX CHAPTER 4

Table B.T1: List of all oxidative stress and antioxidant PCR primer targets on the PCR array.
Red genes represent targets that are not expressed in CD8+ T cells.

ALB Albumin GLRX2 Glutaredoxin2  MTL5 Metallothionein PTGS1 Prostaglandin
-like 5, testis endoperoxide
specific (tesmin) synthase 1
(prostaglandin G/H
synthase and
cyclooxygenase)
ALOX12  Arachidonate GPR G protein NCF1 Neutrophil PTGS2 Prostaglandin
12-lipoxygenase 156  coupled receptor cytosolic factor endoperoxide
156 1 synthase 2
(prostaglandin G/H
synthase and
cyclooxygenase)
ANGPTL  Angiopoietin GPX1 Glutathione NCF2 Neutrophil PXDN  Peroxidasin homolog
7 like 7 peroxidase 1 cytosolic factor (Drosophila)
2
AOX1 Aldehyde GPX2 Glutathione NME5  Nonmetastatic PXDNL Peroxidasin homolog
oxidase 1 peroxidase 2 cells 5, protein (Drosophilajike
(gastrointestinal) expressed in
(nucleoside
diphosphate
kinase)
APOE Apolipoprotein  GPX3 Glutathione NOS2 Nitric oxide RNF7  Ring finger protein 7
E peroxidase 3 synthase 2,
(plasma) inducible
ATOX1 ATX1 GPX4 Glutathione NOX5 NADPH oxidase SCARA Scavenger receptor
antioxidant peroxidase 4 EFhand calcium 3 class A, membe3
protein 1 (phospholipid binding domain
homolog (yeast) hydroperoxidase 5
)
BNIP3  BCL2/adenoviru GPX5 Glutathione NUDT1 Nudix SELS Selenoprotein S
s E1B 19kDa peroxidase 5 (nucleoside
interacting (epididymal diphosphate
protein 3 androgen linked moiety
related protein) X)}type motif 1
CAT Catalase GPX6 Glutathione OXR1 Oxidation SEPP1 Selenoprotein P,
peroxidases resistance 1 plasma, 1
(olfactory)
CCL5 Chemokine (€ GPX7 Glutathione OXSR1 Oxidativestress SFTPD Surfactant protein D
motif) ligand 5 peroxidase 7 responsive 1
CCs Copper GSR Glutathione PDLIM PDZ and LIM SGK2  Serum/glucocorticoi
chaperone for reductase 1 domain 1 d regulated kinase 2
superoxide
dismutase
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Table B.T1 continued

CSDE1

CYBA

CYGB

DGKK

DHCR24

DUOX1

DUOX2

DUSP1

EPHX2

EPX

FOXM1

Cold shock

domain containing

E1, RNAinding
Cytochrome
b-245, alpha
polypeptide

Cytoglobin

Diacylglycerol
kinase, kappa

24-

dehydrocholester

ol reductase

Dual oxidase 1

Dual oxidase 2

Dual specificity
phosphatase 1

Epoxide hydrolase

2, cytoplasmic

Eosinophil
peroxidase

Forkhead box M1

GSS

GSTZ1

GTF2I

KRT1

LPO

MBL2

MGST

3

MPO

MPV1

7

MSRA

MT3

Glutathione
synthetase

Glutathione
transferase zeta
1

General
transcription
factor Ili

Keratin 1

Lactoperoxidase

Mannose
binding lectin
(protein C) 2,

soluble

Microsomal
glutathione S
transferase 3

Myeloperoxidas
e

MpV17
mitochondrial
inner
membrane
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Table B.T2 Exhaustive list of fold changes and their correspondiuglpes in targets expressed
in CD8+ T cells. A fold change below 1 corresponds to a downregulatfoh) (2

. Fold Change

Symbol Protein Name Old/Young p-value
PDLIM1 PDZ and LIM domain 1 0.17 0.01
ANGPTL7  Angiopoietin-like 7 2.93 0.01
MTL5 Metallothionein-like 5, testis-specific (tesmin) 0.45 0.01
NUDT1 Nud.ix (nucleoside diphosphate linked moiety X)-type 0.99 0.01

motif 1
TTN Titin 2.14 0.01
DUOX1 Dual oxidase 1 1.68 0.03
GPX3 Glutathione peroxidase 3 (plasma) 2.55 0.04
GLRX2 Glutaredoxin 2 0.47 0.06
PRNP Prion protein 1.45 0.07
TXNRD1 Thioredoxin reductase 1 0.31 0.08
PRDX1 Peroxiredoxin 1 0.74 0.13
CCL5 Chemokine (C-C motif) ligand 5 3.81 0.15
TXNRD2 Thioredoxin reductase 2 1.15 0.18
GPX2 Glutathione peroxidase 2 (gastrointestinal) 2.15 0.20
SEPP1 Selenoprotein P, plasma, 1 0.34 0.21
ATOX1 ATX1 antioxidant protein 1 homolog (yeast) 0.50 0.22
BNIP3 BCL2/adenovirus E1B 19kDa interacting protein 3 1.12 0.23
CCs Copper chaperone for superoxide dismutase 0.22 0.23
PX1 Glutathione peroxidase 1 0.18 0.23
PREX1 Phosphatidylinositol-3,4,5-trisphosphate-dependent 0.90 0.24

Rac exchange factor 1
PRDX5 Peroxiredoxin 5 0.80 0.29
CSDE1 Cold shock domain containing E1, RNA-binding 0.49 0.30
SIRT2 Sirtuin 2 1.25 0.32
FOXM1 Forkhead box M1 1.78 0.33
GTF2I General transcription factor Ili 0.52 0.34
GSS Glutathione synthetase 0.26 0.37
NCF1 Neutrophil cytosolic factor 1 9.32 0.42
ALOX12 Arachidonate 12-lipoxygenase 0.60 0.46
STK25 Serine/threonine kinase 25 4.65 0.46
GPX4 GIutathione_ peroxidase 4 (phospholipid 0.02 0.47

hydroperoxidase)
SELS Selenoprotein S 0.10 0.48
MPV17 MpV17 mitochondrial inner membrane protein 0.57 0.49
MGST3 Microsomal glutathione S-transferase 3 0.49 0.50
GSR Glutathione reductase 0.73 0.51
PRDX2 Peroxiredoxin 2 0.75 0.51
SOD1 Superoxide dismutase 1, soluble 6.52 0.51
SRXN1 Sulfiredoxin 1 0.12 0.52
CAT Catalase 122.49 0.56
MSRA Methionine sulfoxide reductase A 0.79 0.57
MT3 Metallothionein 3 0.28 0.59
NCF2 Neutrophil cytosolic factor 2 1.49 0.59
OXR1 Oxidation resistance 1 0.02 0.59
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Table B.T2 continued:

. Fold Change
Symbol Protein Name Old/Young p-value
GPX7 Glutathione peroxidase 7 0.17 0.60
EPX Eosinophil peroxidase 0.83 0.64
CYBA Cytochrome b-245, alpha polypeptide 0.41 0.65
GSTZ1 Glutathione transferase zeta 1 1.89 0.65
PRDX6 Peroxiredoxin 6 3.93 0.65
IPCEF1 Interaction protein for cytohesin exchange factors 1~ 0.65 0.66
PRDX4 Peroxiredoxin 4 2.87 0.70
SOD2 Superoxide dismutase 2, mitochondrial 0.33 0.70
DUSP1 Dual specificity phosphatase 1 4.56 0.71
RNF7 Ring finger protein 7 6.55 0.71
SFTPD Surfactant protein D 3.35 0.72
DHCR24 24-dehydrocholesterol reductase 0.57 0.82
PRDX3 Peroxiredoxin 3 1.60 0.84
OXSR1 Oxidation resistance 1 2.20 0.95
PNKP Polynucleotide kinase 3'-phosphatase 1.59 0.98
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young old

Figure B.S1 Heatmap representing gene expression for all expressed genes in young
(Column 16) and old T cells (Column-Z2). Each gene has been normalized tD@s
mean value Higher expression is displayed in red, lower in blue.
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APPENDIX C

APPENDIX CHAPTER 5
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Figure C.S1: Age related CaZxhanges in CD8+ T cells. Amplitude of the exponential decays.
b) Area under the curvec) Second decay time constad) Peak amplitudé-or cd), the data
represents the mean of each calculated parameters for each dbitsrstandard deviation. The
red diamonds correspond to the parameter calculated if tHei®a courses are averaged for all
donors for a specific day in culture.
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Figure C.S2 Effect of increased expression of PMCA and CRAC channels.

a) Time to peak b) Decay time constaht c) C4" time course for young cells (day8} d) C&"
time course for old cells (day Z).

Table C.T1: Relative mRNA levels of the major €xhannels and pumps expressed in primary

CD8+ T cells (n=6) andukat cells(n=2). Relative gene expression is presented in termg of C
normalizedto actin levels.

Yaung T cells OldT cells Jurkat T cells
SERCA 2b 478+0.1 494+ 0.2 4.98 +0.23
SERCA 3 4.89 + 0.27 4.68 £0.3 5.52+0.61
PMCA 7.41 +0.29 6.60+ 0.25 3.70+2.8
IP3R2 5.31+0.25 4.96+ 0.34 9.01+21
IP3R3 9.23+0.09 9.46+ 0.21 8.95+21
ORAI1 8.81+0.3 8.04 £ 0.29 3.33+1.2
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APPENDIX D

APPENDIX CHAPTER 6

Figure DS1. Calcium kinetics of Jurkat cell in response to 2r8M of ionomycin.
a) Measurements using microfluidic singlell trap array. b) Measurements by flow cytometry.

199








































































































































































