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A major barrier for broadening the ef cacy of immunotherags for cancer is identifying
key mechanisms that limit the ef cacy of tumor in ltrating ymphocytes. Yet, identifying
these mechanisms using human samples and mouse models for g&er remains a

challenge. While interactions between cancer and the immuneystem are dynamic
and non-linear, identifying the relative roles that biolagal components play in regulating
anti-tumor immunity commonly relies on human intuition atwe, which can be limited by
cognitive biases. To assist natural intuition, modeling ahsimulation play an emerging
role in identifying therapeutic mechanisms. To illustratéhe approach, we developed

a multi-scale mechanistic model to describe the control ofumor growth by a primary

response of CD8C T cells against de ned tumor antigens using the B16 C57BI/6 nouse

model for malignant melanoma. The mechanistic model was cilirated to data obtained

following adenovirus-based immunization and validated tadata obtained following

adoptive transfer of transgenic CD& T cells. More importantly, we use simulation to
test whether the postulated network topology, that is the maleled biological components
and their associated interactions, is suf cient to captureghe observed anti-tumor immune
response. Given the available data, the simulation resultdso provided a statistical basis
for quantifying the relative importance of different mech@sms that underpin CD& T

cell control of B16F10 growth. By identifying conditions whre the postulated network
topology is incomplete, we illustrate how this approach came used as part of an iterative
design-build-test cycle to expand the predictive power of he model.

Keywords: ordinary differential equations, Bayesian stati stics, B16, immunotherapy, adoptive cell transfer, in vivo

mouse model

1. INTRODUCTION

Recent clinical successes illustrate the potential of immheratpy to treat cancerTpalian
et al., 201p Yet, malignant cells create a tissue niche by changing d¢&lls communicate and
by disrupting host immunity in non-intuitive ways that can kg erent among patients and
between humans and pre-clinical modelsi(and et al., 2014; Klinke, 2014b, 2p1dentifying the
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relative importance of speci c mechanisms that can disrupttomputational tools can be used to select parameter values
host immunity in a particular system from experimental datathat are consistent with observed data and to test from a
is challenging using human intuition alone. Modeling andstrong statistical viewpoint whether the postulated netwak i
simulation can play an important role to integrate knowledgeconsistent with the observed data, that iis silico model-
related to the underlying biology and assist natural intuit based inferenceK(inke, 2014a, 20)5 The complexity of a
in interpreting acquired data from humans and animal modelsmathematical model can then be progressively increased to
(Klinke, 201%. However, a common critique of mathematical incorporate more biological detail through iterative desigumild-
modeling is that model predictions are based on values dstcycles.
model parameters that are not known. Here, we illustrate a To illustratein silicomodel-based inference in the context of
new approach enabled by improved computational power thatancer immunotherapy, we developed a multi-scale mechanisti
can be used to test whether our existing knowledge of the kayodel to describe the control of tumor growth by a primary
components of a biological system and their interactiongt th response of CD8 T cells against de ned tumor antigens using
is the network topology, are su cient to explain the observedthe B16 mouse model for malignant melanomé (et al., 2016
data irrespective of a lack of knowledge regarding the asmti The mechanistic model was calibrated to data obtainedviaiig
parameter values. adenovirus-based immunization to the tumor rejection getn

Enthusiasm associated with cancer immunotherapies isdrivedopachrome tautomerase antigen (DCT) and the glycoprotein
by the remarkable clinical successes associated with modyla gpl00 Bloom et al., 1997; Overwijk et al., 199&%e used
immune checkpoints and adoptive cell transfer of T cells thasimulation to test whether the postulated network topology,
recognize tumor-associated antigeno(li et al., 2010; Porter that is the modeled biological components and their associated
etal., 2011; Rosenberg et al., 2011; Robbins et al., 201 1liahopainteractions, was su cient to capture the observed systene T
et al., 201p. While these therapies provide a signi cant clinical resulting model was then validated to data obtained foltayvi
benet to a subset of patients, the emerging challenge is tadoptive transfer of transgenic CO8T cells that recognized
broaden the clinical bene t of these therapies across theepati antigens derived from gp100. As part of an iterative approach,
population (Topalian et al., 20)5As a distributed and adaptive the validated model and associated predictions suggest that
system, the ability of the immune system to defend against imcreasing the number of tumor in ltrating CD8 T cells was
malignancy depends on the collective action of multiple celhecessary but not su cient for CD8 T cell-mediated control
types that are distributed spatially throughout the body andof tumor growth and outgrowth of B16F10 tumors depended on
provide information that changes with time and spatial coritex a transient loss of MHC class | antigen presentation. While the
(Chen and Mellman, 2013; Spitzer et al., 200\While there functional defects in CD8 T cells that occur upon localizing
are multiple points where this process can become interruptedp the tumor microenvironment is established (e.@§lcGray
these new immunotherapies jumpstart this process by incrgasiret al., 201); these simulations highlight how the relationship
the number of CD& T cells that can inltrate tumors between tumor and CD8 T cells can abruptly change with time
(Herbst et al., 2014; Tumeh et al., 2D14nproving e cacy of  following tumor transplant. Uncontrolled dynamics can have
immunotherapies then depends on improving the e cacy of important implications for interpreting experimental resuliad
CD8C T cells that in Itrate the tumor microenvironment to the translational relevance of these pre-clinical mouse rsode
recognize and kill malignant cells.

The tumor microenvironment is a complex environment 2. MATERIALS AND METHODS
where multiple cell types contribute to overall tumor growth.
Identifying the roles that cells play in tissue dynamics, ey~ 2.1. Models and Inference
in the case of anti-tumor immune response, presents a chalend\ multi-scale mathematical model was constructed to represen
for human intuition alone. Models, either experimental or both prior knowledge about elements of the cellular network
mathematical, aid in thinking clearly about how tumors dipt and postulated dynamic relationships among the observed
host immunity by recreating this complicated cellular cross-components of the biological system. These causal relaiijpsish
talk in a system that can be manipulated. Transplantable mousemong the modeled biological components were represented
models are commonly used experimental models for testingsing a mass-action formalism and encoded using a set of
whether a particular component plays a causal role in modulatingrdinary di erential equations. Geometrically, these cdusa
anti-tumor immunity (Drano, 2012). While in vivo mouse relationships, that is the model topology, can generate anite
models are considered the gold standard for testing medhiani family of curves that trace all possible dynamic traject®odéthe
hypotheses, limited observability of a complicated dynamicsystem in network state space. Individual curves are de ned b
non-linear system can lead to non-intuitive results or lied specic values of the model parameters and initial conditions
translational relevance/(en et al., 2012 Alternatively, math Once the topology of the model is speci ed, a subset of these
models aid in testing whether a mechanistic explanation isurves is selected based on goodness-of- t with the specied
consistent with observed data by encoding prior knowledge oéxperimental data. Using this subset of curves and assdciate
key components of a system and how these components aparameter values, the model can be used to describe the exroluti
thought to interact Shoda et al., 2010; Germain et al., 2011in the cellular network as a function of time and to explore the
Klinke, 201%. While the parameter values that quantify theimplications of the assumed model structure. This process of
relative importance of these interactions are largely uninpo  determining whether the postulated model topology is consistent
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with the experimental data, given the uncertainty in the mlode cells acquire during di erentiation. To represent this age-
parameters, is called in silico model-based infererc€enke, structured process mathematically (skénke (2006), we
2009; Klinke et al.,, 2012; Klinke, 20)4d0 focus on the represent the di erentiation of naive into e ector CAB T
computational approach, experimental data was obtained from cells as a sequential series of intermediate cell statesaitedi
previously published studies that describe using an adensvir by the specie§g14 through Tgig. The rate equation for the
vaccine against melanoma antigens to control the growthef t rst cell state, Tg1a, has two non-linear terms. The rst term

B16 mouse melanoma modeteng et al., 2006; McGray et al.,
2012, 201y In the following subsections, the model topology and
in silico model-based inference of the model parameters ill b

represents that recruitment of naive COS8T cells to the
lymph node, as similarly represented in Equation (1), and
is multiplied by the ratio of the volume of the blood/f)

to volume of the lymph node\{,) to account for changes
in compartment size. The second non-linear term represents
the rate of change associated with cell di erentiation and
proliferation, which also includes a saturable adenovirus-
As summarized inFigure 1, two di erent modi cations of a induced antigen I(V) term. Cell proliferation is also limited
deterministic multi-scale mathematical model were forated by immune checkpoints, where e ector CE8T cells engage
to describe the observed system and to integrate existing Cytotoxic T-lymphocyte antigen 4 (CTLA-4) that attenuates
knowledge about CD8 T cell-mediated killing of tumor cells T cell receptor signalinggharma et al., 20).1This negative
following immunization against a tumor antigen using an feedback on e ector CD8 T cell proliferation is represented
adenovirus vector. To represent the spatial organizatiomaf a by (1

tumor immune response, three di erent compartments were ]
created to discriminate between components observed ireeith  the up regulation of B7 homologue 1 (B7-H1), an early
co-inhibitory membrane-expressed ligand that interactthwi

the secondary lymph nodes, blood, or tumor microenvironment - .
The initial model is described previouslyang et al., 201)5nd CTLA-4, on activated CD@ T cells Pulko et al, 2011 The
other e ector CD& T cell states also have similar non-linear

referred to as V1. The two modi ed models are referred to as - : i '

V2 and V3. The particular biological components included in {€mS. In the rate equation for most di erentiated state ireth

the V2 and V3 models and a description of their corresponding YMPh node.Teyg, the second term is positive as it represents
the proliferation of this terminally di erentiated state and

rate equations are described in the next paragraphs. In brief, ~lall e
the V2 model modi ed the state variables in the lymph node the equation includes two additional terms that represert th
tra cking of e ector CD8 C T cells from the lymph node to

compartment to account for an age-structured population and
in the tumor microenvironment to account for changes in theblood.

discussed in more detail.

2.1.1. Mathematical Model of the Anti-tumor
Immunity Initiated by Adenovirus Vaccination

T2 .
ﬁr). The presence Gfgq in this term represents
a Eld

compartmental size. The V3 model modi ed the state variables dTe1a b LV
in the tumor microenvironment. it Do Tn Vin LVCkq
[Tn]: Naive CD& T cells in the blood expressed in cells per LV T2
mm3. We assume that naive COST cells that recognize the kpr TE1a Eldz ; )
; . . S o LV C kg KZCT
speci ¢ tumor antigen used in the adenovirus immunization a Eld
are produced at a constant rate,, from thymus and die dTep D2k T LV Té_ld
naturally at a ratekyg; Tn. To solve for the constant rate dt N Ve Kg k2 C Tél g
of production, we assumed that naive QD8I cells are T2
maintained at a constant level in the absence of the adeusyir Koi Tt Lv Eld_ 3)
i.e.,c1 D kg1 Tn(0). Uponimmunization, naive CD8 T cells LV C kg kg C Té_m
are recruited to the lymph node, activated by the adenovirus dTerc LV T2,
vector, and begin a proliferation and di erentiation process a D 2kp1 Tew LV C kg K2C T2
that results in their ultimate conversion to e ector CI08 a Eld
T cells. The third term in the rate equation represents the ke T LV Té_w @)
recruitment of naive CD8 T cells to the lymph node at a pLTEC v C Kk, KRCTZ,
rate proportional toTy and a saturable adenovirus-induced dT LV T2
antigen (LV) term. Z'Ed b Ao Te1e Eld
dt LVCky =~ KiaCTZ,
dTy LV LV T2
g D K Tvoe W oges @ Clor Tew ek, ' etz
a2 TeaCa Te Vo 5)

[Teia dl: E ector CD8C T cells in the lymph node expressed
in cells per mn?. Newly activated naive CEB T cells
initiate a di erentiation and polarization cell fate program
to create eector CD8 T cells. This process takes time
and in uences the functional characteristics that GD8r

Vin .

[LV]: Adenovirus expression in the lymph node expressed
in Relative Light Units (RLU) per mm®). The two adenovirus
vectors used in this experiment encode for either the fulgjtén
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FIGURE 1 | Schematic diagram of multi-compartment model of adenov
into three compartments: the lymph node (top), the blood (ndidle), and the tumor microenvironment (bottom two panels)The key state variables include CD8 T cells
that are denoted as Tx and cancer cells that are denoted by G, where x indicates the speci ¢ subset. The immunization vector and ciokine states are represented
respectively. Rate relationships associated with each aapartment are contained within a black box associated with ach compartment and
indicated by arrows connecting two state variables. Transprt of modeled state variables between compartments is rem@sented by solid arrows that cross
compartmental boundaries. The lymph node compartment was rmdeled differently in the V2 and V3 relative to the V1 model. bddition, the tumor microenvironment

irus-induced control of B16F10 tumor growth.

The mathematical model is divided

(Continued)
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FIGURE 1 | Continued

was modeled in two different ways. The V2 model, enclosed byhe red box, contained just one state of effector CD& T cells in the tumor microenvironment, while

the V3 model, enclosed by the blue box, contained four state®f effector CD8C T cells.

or transport of cells between modeled states are representa by the solid arrows. The dotted red arrows represent the in @nce of a given state variable on the
conversion rate of another state variable. Each arrow is amtated by its corresponding rate constant. The rate constats associated with the production of TNF in
the tumor microenvironment k) are also annotated with * to indicate that the actual rate tationships are more complicated than depicted in the diagm.

Following from the detailed description presenteth the Text, the conversion

human dopachrome tautomerase (DCT) or the full length
human melanoma Ag glycoprotein, gp100. The protein gp100
is a tissue-di erentiation antigen that is expressed by both
normal melanocytes and melanoma cells in humans and mice.
Once the adenovirus is introduced on day 5, we assume an
exponential decay model for LV with the rate constankgf,
since the adenovirus used in the calibration experiments is
replicate-defective:

(
dﬂ 0, fort 5days ©)
dt kg2 LV, fort> 5days
In addition, the concentration of LV was set equal t& RLU
per mn? on day 5.

[Teo]: Eector CD8C T cells in the blood expressed in
cells per mn?. The model included one net source and two
net sinks for e ector CD& in the blood. The lymph node
provides a net source of these cells, where the rst and second
terms represent the reversible tra cking of cells from the
lymph node to the blood and back, respectively. The rstterm
is multiplied by a volume ratio to account for the di erences
in compartment sizes between the blood and lymph node. The
third term represents the natural death of e ector CO8T
cells in the blood, which is the rst sink. The second sink
is represented by the fourth and fth terms that represent
the reversible tra cking of cells from the blood into the
tumor compartment and back, respectively. The migration
rate of e ector CD& T cells from the blood to the tumor is
proportional to the concentration of cells in the blood. The
tra cking of T cells from the tumor back to the blood is
proportional to the fraction of tumor cells that do not express
the antigen epitope recognized by the e ector GD§F cells.
The denominator in the fraction of tumor cells recognized by
the CD& T corresponds to the total volume of the tumor
(Vi D C Cuncr C Cuucic C Vi Tex), whereV;

is the volume of a single T celhbbas and Lichtman, 2003
and is small positive constant representing a small volume
of tissue that excludes tumor and immune cells in the tumor
compartment. The number of immune cells in the tumor
compartment;Tgzx, corresponds to eithefgz in the V2 model

or the sum of all T cell state§za C Tezp C Tese C Teag) in

the V3 model.

dTe

e Dap Tpg - a1 Tex kis T2 axs Te
Cuhc  Tesa

C — 7

as2 Vi A (7

[Cumnct ]: MHC class | negative tumor cells expressed in
units of mm3. Tumor cells can exist in one of two states:

tumor cells that do not express the antigen epitope recognized
by the e ector CD& T cells and tumor cells that do express
the epitope. The immunodominant peptide that is shared
between human (the adenovirus antigen) and mouse (what
CD8C T cells recognize) DCT and binds to the relevant
major histocompatibility complex (MHC) class | protein H-
2KP is DCTigp 185 SVYDFFVWL Parkhurst et al., 1998

For gpl100, the immunodominant peptide that binds to H-
2DP is mgp100s 33, EGSRNQDWL Qverwijk et al., 1998

The rst two terms represent the increase in tumor cells that
are MHC class | negative due to cell proliferation. The rst
term represents the proliferation of MHC class | negative cells
and the second term represents the increase in MHC class |
negative cells due to proliferation of MHC class | positive cells
that lose MHC class | expression due to cell division. In the
absence of new protein synthesis and assuming symmetric cell
division, copy numbers of proteins per cell is divided by 2
upon each cell division. While the copies of MHC class | is
a continuous variable, discretizing the tumor cells intosbe
two states based on MHC class | expression is a compact
representation of this process. The third term represents the
conversion of MHC class | negative to MHC class | positive
tumor cells due to the dose-dependent action of Interferon
The nal term represents the loss of tumor cells due to cell
death independent of the cytotoxic action of e ector COg
cells. In contrast to the rest of the species in the model, the
two tumor cell states are represented in terms of total volume
rather than a concentration.

d
% D k2 CuvHel C 2kp2 Cuncic

IFNG

mCMHCI Kis CuHcr (8)

C3

[Cuncicl: MHC class | positive tumor cells expressed in
units of mm3. The rate of change of tumor cells that express
the immunodominant peptide recognized by the e ector
CDS8C T cells has ve terms. The rst term represents the
conversion of MHC class | negative to MHC class | positive
tumor cells due to the dose-dependent action of Interferon
. The second term represents the loss due to conversion
to MHC class | negative cells by cell proliferation. The third
term represents the loss of tumor cells due to cell death
independent of the cytotoxic action of e ector CD8T cells.
The last two terms represent the loss of tumor cells due
to the cytotoxic action of e ector CD8 T cells, which is
implemented di erently in the V2 (Equation 9-V2) and V3
(Equation 9-V3) models. In the V3 model, e ector CO8T
cells exist in one of four state€§gz, to0 Tezy. The product of
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TE3X C'V'\H,C'c can be conceptualized as the probability that
e ector cb8C T cells and MHC class | positive tumor cells
could interact in a given nite volume element. The rate
coe cients, ta 10 Cyq, represent the number of productive
immune cell-tumor cell interactions that result in a tumor
cytotoxic event per hour and was determined for each of
the dierent treatment conditions. The subscrip@ to d
correspond to the cytotoxic activity of the e ector CO8T

cell stateg g3, to Teag, respectively.

dCMHCIC ”:NG
_— — koo C
dt C3 ki C IENG MHCI p2 LmHcIC
Tes  Cwhcic
— =V,
Kia CumHcic  Caa v, v, t
(9-V2)
dCMHCIC ”:NG
—————Dg ——— (G ko C
dt 3 ki C IFNG MHCI p2 CwmHcIc
Te3a Teap
C —C —
Kia CumHcic  Gaa Ve Cap Vi
Tezc Tesd CuHcic
C —C — V,
Cac Vi Cad Vi Vi t
(9-V3)
[Tes, Tesa d]: Eector CD8C T cells in the tumor

microenvironment expressed in number of cellsin the
V2 model, e ector CD& T cells within the tumor are
described by only one phenotype or stafgs. In the V3
model, e ector CD& T cells in the tumor are considered to
be in one of four di erentiation statesTgzs, Tgsy, Tese and
Tesq. These di erent T cell states are de ned by di erences in
IFNG production, proliferation capacity, migration capacity,
and cytotoxic killing ability. The equations fdrgz and Teza
include four terms that are related to cell tra cking and tel
fate, which are shown in Equations (10-V2,-V3), respectively
The two terms for cell tra cking include a term for the
movement of e ector CD& T cells from the blood Tg2) and
their return to the blood compartments that is dependent on
the fraction of total tumor cells that do not express the tumor
antigen epitope (i.eCunci )- The two additional terms relate
to an increase in cell number due to cell proliferation, which
is proportional to the presence of antigen-expressing tumor
cells (i.e.Cyvncic) and a rate constarkpz, and a decrease
in cell number due to cell death with a rate paramekg,.
The equation forTgs; (Equation 10.1-V3) also includes an
additional term to represent the conversion in cell phenotype
from Tgza to Tesy. Conversion in cell phenotype includes a
constitutive rate with the rate parametej and a rate that is
proportional to the concentration of IFNG within the tumor
microenvironment, which is parameterized b and the
maximum rateas.

“SDag Te Vp ag Te —uHC
dt 23 E2 b 32 E3 Vi
Chkpza T CM\';C' kesa Tes  (10-V2)
t

dTeza CumHcl
——Days Tep V, T _—
at 23 2 Vp @32 IE3 Vi
C
Ckpa Tes “MHCIC Kesa Tes
IFNG
Cas ——— T 10.1-V3
aCas K CIFNG &= ( )

In aninitial analysis of the data, we found that we were unable
to capture the trend associated with IFNG gene expression
in the tumor microenvironment. As it is well established
that tumors create an immunosuppressive microenvironment
(Motz and Coukos, 20)3 we decided to split the e ector
CD8C T cell population into four states. The additional
e ector CD8C T cell states in the tumor microenvironment;
Tesp, T3, and Tgag; represent dierent phenotypes that
exhibit progressively diminished cytotoxic e ector funatis,
such as reduced IFNG production and cytotoxic killing ability
The equations fofTgs, t0 Tgsag include four terms that are
related to cell fate. The rst two terms represent progressive
conversion in cell phenotype, such as conversion frbgs,

to Tgsy and Tesp to Tese, and depend on a constitutive rate
constant @4) or rate proportional to IFNG 45). The last
two terms represent cell proliferation at a rate proportional
to the number of antigen-expressing tumor cells and the rate
constantkz, and cell death with a rate parameteriQgy.

dTesp IFNG
D C —_—
dt ut% [ CIFNG B®
IFNG
C
o Ten 0 ke Tew  (102V3)
dTesc IFNG
— D Cas ————— T
at -~ #*-%® cifne P
IFNG
Cas ————— TgcC..
b CIFNG =*
C
Koo Teze —HC° gy Tese  (10.3-V3)
Teag IFNG
—D Cas ————
dt ut% [ CIFNG  B*
CumHcic
CKpzo Tesd v Kgsb Tesg (10.4-V3)
t
[IENG]: Interferon g in the tumor microenvironment

expressed in moles per mrf As the tumor mass constitutes

a compartment that is changing in volume, the rate of change
in the concentration of IFNG in the tumor microenvironment
includes terms related to the rate of change in the number of
IFNG molecules and terms related to changes in concentratio
due to the rate of change in the compartment size. These terms
follow directly from the application of the product rule where

a protein concentration@) in a well-mixed compartment is a
ratio of the number of molecules of a proteifN) divided by
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the volume of the compartmeni): due to changes in compartmental size. The TN& produced
by e ector CD8 T cells at a constant rate and this rate
ac ydiN=v) j 1 dN N dv (11) is increased in an autocrine positive feedback loop. TNF
dt dt vV odt V2 dt’ present in the tumor microenvironment is eliminated with a

concentration-dependent rate.

Using this general relationship, the speci c equations used
for the two cytokine concentrations, IFNG and TNF

dTNF TNF Tes Tes
in the tumor microenvironment are shown in Equations D ke ~ Cks +~ kaz TNF
) dt ko C TNF  V; Vi
(12, 13). We assume that IFNG is produced under these TNE
experimental conditions by active e ector CO8T cells C —— Vi Kkgsa TesC
present in the tumor microenvironment and is consumed at Vv
a concentration-dependent rate. The total number of tumor TNF Curcic
cells is represented . \Y Vi
TNF Vi a3 T2 V
dIFNG T IFNG i3 B2 Vb
Dka = kg IFNGC —— Vi kgsa Tes Vi
dt Vi Vi TNF v T CumHcl
c IFNG e T CumHcic c Vi a8 Vi
 —MHCIE
Vt Vt TNF CMHCIC
IFNG v, Vi ks Tes — =
v Vias Te Vb ':'NF t
t
C—— (kaa kp2) G (13-v2)
IFNG p:
c Vi am T Cwuhc Vi
Vi Vi
IFNG CMHClc
v, Vi ke Tes = dTNF |\ TNF Tesa o Tew - Texc
IFNG dt k2 C TNF V'[ V'[ Vt
C —— (ka kp) G (12-v2) T
Vi c-& c.
dIFNG Teza - Tesn G - TeEe Cac Vi
Dka  T=C 3~ .V, o= Tesa  Tew . Tex . T
dt Vi Vi Ga Vi g kcg(EsaC E3 ~ 1B E3d)
TE3d C4d Vt Vt V’[ Vt
IFNG TNF
Vi [Kasa Tesa —— Vi [kasa Teza
Vt Vt
C Kasb (Tesp C Tesc € Teag)] C - C Kasp (Tesp C Teac C Teaa)] C ..
IFNG TNE
v (42 TezaCegp TenpC s Tesxc ~ (42 TezaCap Tezmp
t
C C c
C ooy Ted) —apo C o TenCou Tesa)
t
IFNG TNE
Vi a3 Tez Vp Vi a3 Tez Vb
Vt Vt
IFNG Cwuci TNF Cwurcl
Vi i a2 lEz;a Vi Vi i a2 IEz;a Vi
IFNG TNE
: ——— Vj [Kgza T
Vi Vi [kpga Te3a V2 i [p38 E3a
Cumucic CumHcic
C kp3b (Teap C Tese C Teag)] V. C ... C kp3b (Tesp C Tese C Tezg)] T C..
t
IFNG TNF
T (Kda I<p2) G (12-V3) Tt (Kaa kpz) G (13-Vv3)
t
[TNF ]: Tumor Necrosis Factor in the tumor  The model equations were encoded and evaluated in MatLab

microenvironment expressed in moles per mfh Similar R2013a (The MathWorks, Natick, MA). As the experimental
to the equations for the concentration of IFNG, the rate ofmeasurements do not directly correspond to individual
change in TNF in the tumor microenvironment includes molecular species in the mathematical model, the simulated
terms that describe the production or consumption of TNF concentrations of the species in the model were combined
molecules and terms that capture the change in concentratioto represent the experimental measurements. To make a
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comparison with the experimental RT-PCR data, the values fazalculation of the following integral:
TCR gene expression was based on the total concentration of ZaZo
e ector CD8C T cells in the tumor microenvironment and the . . . .
values of IFNG and TNF gene expression were based on thd \'IM) D 1 P(Ymi2 M) P(Yj2 M) P2 jM)d2 dY.
simulated rate of protein production relative to the volume of (12)
the compartment, as described by: As the available datay( is a nite discrete set, integrating with
respect toY involves adding the comparisons between each
TCR mMRNA D BG C Teas C Tean C T C Tead)2V. model prediction 1) and the corresponding observatioiY)
@C 1 (TeaC Tew 2 C Tex) tg that are represented by the likelihooB(t'j2 ,M)). Integration
©) with respect to the parameter® § is more dicult but can
IFNG MRNAD BGC 5 TeaC Tesp % Tesc Gae be accomplished using Markov Chain Monte Carlo (MCMC)
Ca Ca methods enabled by improved computational power. MCMC

Cd methods collect parameter values that provide model predistio
C Tex Ca Vi (10) that are consistent with the observed data using a random walk
TNE in parameter space. Importantly, the collective Markov chain
TNF mRNAD BGC 3 ke WCkcG} represents samples drawn from the integram{YmjM). A
2 starting point in the parameter space for the Markov Chains was
(Tesa € Teap C Tese C Tesa)=Vie (1) obtained via simulated annealingéers, 2007 To accelerate

the equilibration of the model behavior, nal values were
Many biological assays, like gRT-PCR, measure relativegelsa captured after the simulated annealing step and used aslinitia
in a measurand, like gene expression, above a non-specivalues for the AMCMC simulations. Using an unbiased prior
background signal, which is represented by the parametedistribution, a learning period of 100,000 steps was used to
BG,, B&, and BGs. In comparing the experimental gene establish the covariance of the proposal distribution. The
expression measurements with model predictions, we used gRjproposed steps within parameter space were evaluated using
PCR measurements obtained from untreated mice to estimat® Metropolis-Hastings algorithm with a targeted acceptance
a non-speci ¢ background signal. Initially, we considerdet fraction equalto 0.2.
gRT-PCR measurements obtained from untreated mice using The key question here is how long of a chain do you need to
all time points to estimate this non-speci ¢ background signa estimateP(YujM). Convergence criteria, like the Gelman-Rubin
as the background signal should be constant. However, whePotential Scale Reduction Factor (PSRF), are used to determine
comparing the time points, the measurements obtained at dalyow long of a walk is necessary to provide consistent estimates
8 for all three genes were consistently higher than all of thef P(YyjM) (Gelman and Rubin, 1992; Brooks and Gelman,
other time points. We used a Student®sest to test the null  1999. The Gelman-Rubin potential scale reduction factor was
hypothesis that values from day 8 were drawn from the samapplied to the model predictions to estimate the convergence
population as values from other days. The resultipgalue of the Markov chain to the posterior distribution of the model
(<1e-6) suggests that it is unlikely that these samples conmredictions, which are shown in Figures S2, S5. Once the shain
from the same population. Therefore, day 8 qRT-PCR valuesre converged, subsequent samples help Il out the contofirs o
in untreated mice were considered outliers and removed fronP(YjM) and the corresponding parameter values that provide
subsequent analyses. these predictions. In addition, representative samples frbe t

Initial values for the tumor cells and naive CD8T cells were posterior distribution were obtained by retaining every #08tep

speci ed to measured values while the remaining biologiakest of the cumulative Markov chain.
contained within the model were initially set to near zere(j 2e- Four parallel chains, each containing at least 1 1C°
16). Summed squared error between experimental and sintllatasteps, were calibrated to the observed experimental data (see
measurements was used to determine goodness-of- t. Marimu Figures 2 3) and used to estimate the posterior distributions
expectation estimates for the calibrated parameters, shown in the model predictions and parameters. The simulation of
Tables S1, S2, were determined using an empirical Bayesieach chain took approximately 720 h on a single core of a 2.66

approach Klinke, 2009, as described in the next section. GHz Dual-Core Intel Xeon 64-bit processor with 8 GB RAM.
A graphical summary of the Gelman-Rubin statistics was used

2.1.2. In silico Model-Based Inference of Model as a diagnostic to determine convergence of the Markov shain

Predictions and Parameters to the posterior distribution in the model predictions (Figes

An empirical Bayesian approach was used to estimate th®1, S4). An initial sequence of 3 10> AMCMC steps was
uncertainty associated with the model predictions andequired forthe four chainsto converge. This initial seqoewas
parameters, given the available experimental daténke, used as the “burn-in” period. Traces for each of the parameters
2009. Briey, we used an Adaptive Markov Chain Monte were used to estimate the degree of mixing among the four
Carlo (AMCMC) algorithm to generate a sequence of stateshains (see Figures S2, S5). The optimal parameter values were
that represent samples drawn from the posterior distributiondetermined using the expectation maximum and are listed in
of the model predictions, given the uncertainty in the modelTable S1. Pairwise scatter plots obtained from the four chain
parameters and the speci c calibration data. This involves thfollowing the burn-in period were used to estimate the posterior
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FIGURE 2 | Posterior distribution in the model predictions ob tained for the V1 model compared against the observed data for all three treatment
groups. The experimental data (squares) acquired for untreated CHB1/6 mice (A) and mice immunized with rHuAd5-hgp100(B) and rHUAd5-hDCT (C) adenovirus
expression vector on day 5 following subcutaneous implant#on of 1 108 B16F10 tumor cells were compared to the posterior distribtibns in the model predictions
obtained using the V1 model. The comparisons between expariental measures of the anti-tumor immune response and corgponding simulated values are shown
separately in subpanels. Experimental observations indle antigen expression (luciferase expressiorB-1,C-1), activated CD& T cells in lymph node(B-2,C-2),
activated CD8C T cells in blood (percent of total CD& T cells: B-3,B-4,C-3,C-4 ), tumor volume(A-1,B-5,C-5) , TCRa mRNA expression in tumofA-2,B-6,C-6) ,
IFNG mRNA expression in tumo(A-3,B-7,C-7) , and TNF mRNA expression in tumor(A-4,B-8,C-8) . Using an empirical Bayesian approach, the uncertainty irhe
model predictions are represented by a solid line, which regsents the median response, and dashed lines that encloséne 95% credible interval. Luciferase, active
CD8C T cells in lymph node, and activated CD& T cells in blood are not shown for untreated C57BI/6 mice as thg are essentially zero.
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FIGURE 3 | Posterior distribution in the model predictions ob tained for the V2 and V3 models compared against the observed dat a for all three
treatment groups. Similar toFigure 2, the experimental data (squares) acquired for untreated GI/6 mice (A) and mice immunized with rHuAd5-hgp100(B) and
rHuAd5-hDCT (C) adenovirus expression vector on day 5 following B16F10 imphtation were compared to the posterior distributions in te model predictions
obtained using the V2 (red curves) and V3 (blue curves) modelExperimental observations shown in each subpanel incleantigen expression (luciferase expression
B-1,C-1), activated CD& T cells in lymph node(B-2,C-2), activated CD8C T cells in blood (percent of total CD& T cells: B-3,B-4,C-3,C-4 ), tumor volume
(A-1,B-5,C-5) , TCRa mRNA expression in tumofA-2,B-6,C-6) , IFNG mRNA expression in tumofA-3,B-7,C-7) , and TNF  mRNA expression in tumor
(A-4,B-8,C-8) . The model predictions are represented by a solid line, whitrepresents the median response, and dashed lines that enase the 95% credible interval.
As they were considered outliers, experimental values exafled from the analysis are indicated by *. Luciferase, ac&CD8C T cells in lymph node, and activated
CD8C T cells in blood are not shown for untreated C57BI/6 mice as thg are essentially zero.
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identi ability of the model parameters (see Figures S3, S6proliferation are, to some degree, linked and can be repredente
The scatter plots were colored based upon marginal posterianathematically by the transition between discrete statéthin
probability density obtained by kernel density estimatiérhigh  the cell, external signals are transmitted to the nucleus by
value for the correlation coe cient suggests that the paraene  modifying proteins post-translationally. The abundancelage
were not independently identi able given the calibrationtda modied proteins, in the absence of new external signals, is
For example, the parameters associated with the rate of IFNf@duced by a factor of two with each cell divisioAli(ke
secretion (e.gkq) and the scaling constant for RT-PCR assayet al., 201p In the case of CD8 T cells, antigen stimulation
of IFNG gene expression {) were not practically identi able, promotes the initial rounds of proliferation, which are gudle
as they exhibited a correlation coe cient of nearly 1.0. Theby an intrinsic program of the cell. Subsequent rounds of
posterior distributions in the model predictions were obtath proliferation are modulated by environmental signals, like2lL
by marginalizing the model predictions over all of the paraemet and correspond to downregulation of CD62L, migration to
values from the Markov chains following the burn-in period. peripheral tissues, and acquisition of cytotoxic functidgtyal
Despite the variation in the model parameters, the posteriofJenkins et al., 2008; Hofer et al., 2012; Kinjyo et al., X0a5
predictions obtained from the converged segment of the Markoaddition to acquiring the ability to emigrate from the lymph
chains resulted in a narrow range of predictions (Begire 3). node, they also upregulate co-inhibitory proteins, such as&ATL
and B7-H1 Pulko et al., 2011; Sharma et al., 2)1hat aim to
limit the clonal expansion of the T cell response. This process is
3. RESULTS represented in the model by a feedback term from e ector CD8
. T cells (i.e.,Tgq) that inhibits the rate of change associated
3.1.A Slngle Effector CD8 C T Cell State Is with cell di erentiation and proliferation in the lymph node é&
Unable to Capture Observed Tumor Supplemental Text). These biological features were incotgdra
Response into a revised model, which is denoted as the V2 model.
Building upon a prior analysis of the B16 model for The model was calibrated using the raw data summarized
immunotherapy that generated the V1 modélvéng et al., in a collection of three published studies that test whether
2019, we assembled a multi-scale model that represented kéymunization against tumor antigens could be used to
aspects of clonal expansion of CO8T cells in response to control the growth of the B16F10 model of malignant
adenovirus vaccination against tumor antigens. The adensv melanoma, a widely used pre-clinical model for testing cance
vector induces both the transient expression of a de nedmmunotherapiesYa et al., 2015 The rst paper describes the
tumor associated antigen and triggers innate immunity todynamics of a primary CD8 T cells response by immunizing
initiate a primary adaptive immune response against this tumowith an adenovirus tumor-antigen delivery vehicle basedtun t
antigen. As a primary adaptive immune response is organizeegtcombinant human adenovirus serotype 5 (rHuAd5) vector
spatially Chen and Mellman, 20)3the model includes three (Yang et al.,, 2006 These data constrained the dynamics
compartments. First, a secondary lymph node compartmenassociated with adenovirus antigen expression and T cell
represents initial antigen presentation and activation oivea dynamics in the lymph node and blood. Calibrating the e ect
CD8C T cells. Second, a blood compartment representsf adenovirus vaccination on tumor growth was based on two
circulating naive and e ector CD8 T cells in search of cognate studies [cGray et al., 2012, 20).4n these papers, the rHUAdS
tumor antigens. Third, a tumor microenvironment models vector is used to induce a CBT cell response to human
in Itrating e ector CD8 C T cells that can kill cells expressing the dopachrome tautomerase antigen (hDCT; vector: rHuAd5-
corresponding tumor antigen. The physiology represented bitDCT) and to the glycoprotein gp100 (rHuAd5-hgp100). In the
the model is shown schematically fiigure L We assumed that B16F10 model, DCT is a rejection antigen while gp100 is unable
the size of the secondary lymph node and blood compartment® be processed and presented by the Major Histocompatibility
remained xed while the tumor microenvironment compartment Complex class | pathwayeitch et al.(2009. As shown in
changed in size due to changes in the number of B16F10 tumd@icGray et al., 2014 control of tumor growth in this model
cells. Motivated by inconsistencies between the V1 modeé$ through tumor-specic CD& T cells. Collectively, 448 data
and observed data that was not used in developing the Vpoints were used to constrain 36 model parameters.
model (seeFigure 2), parameters were incorporated to model In contrast to Wang et al. where a single set of best-t
immunizing against di erent tumor antigens. In addition, ¢h parameters were used, haresilicomodel-based inference was
representation of clonal expansion of antigen-specic @D8 used to determine whether the postulated topology of this
T cells in the lymph node was revised to represent an agenulti-scale model was consistent with the observed response of
structured framework where naive CDS8T cells must undergo CDS8C T cell to adenovirus vaccination and concomitant changes
a series of rounds of proliferation before they acquire thiéitgb in the tumor microenvironment under all three experimental
to emigrate from the lymph node as e ector CO8T cells. conditions (untreated, rHuAd5-hgp100, and rHuAd5-hDCT).
Cellular decision-making, like the acquisition of an e ecto In silico model-based inference involves a random walk in
phenotype by CD8 T cells, is in uenced by the intracellular parameter space to select parameter combinations that are
abundance of proteins and can take multiple rounds of celtonsistent, within a certain probability, with the observeata
proliferation to change the cellular staté/érchingo et al., (Klinke, 2009; Klinke et al., 2012; Klinke, 20).4m theory,
2014; Kinjyo et al., 20)5Cellular decision-making and cell selecting appropriate parameter values was an over-determined
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problem because 448 data points were used to constrain 3BBLE 1 | Bayes Ratios were used to quantify the evidence insup  port of
model parameters. However, in practice, selecting appropriafgccessive revisions of the mathematical model.

parameter values is a more di cult problem computationally Experimental Bayes Ratio
and conceptually, as the information contained within eaelead

point may not be unique and the model parameters may nof™\P Measure V2vs. V1 V3vs. V2
have a ur)ique impact on Fhe model prediction§i(ike, 20143 Untreated Tumor volume 383.0 04
An adaptive Markov Chain Monte Carlo approach based on a TCRa MRNA 6.8E431 10
Metropolis-Hastings algorithm, which is suited to these typés IENG mRNA — 10
issues, was used to provide this random walk in parameter space; TNFa mMRNA 335432 10
the computational details of the approach are described in the ] )
Supplemental Text. Converged segments from four independeni,ags-hgp100 Tumor volume 1.8E+11 10
Markov Chains were used to establish the posterior distidng TCRa mRNA 746 15
in the model predictions and to establish an identi able sebs IENG mRNA 68.3 0.9
of model parameters (Figures S1-S3). Overall, the posterior TNFa mRNA 2 5E+04 01
distributions in the model predictions show good agreemeithw Active CTL in blood 14.7 12
the observed experimental data (see red curve§igure 3).

In most cases, the dynamic trends were consistent betwesn tfHuAds-hDCT Tumor volume 1.3 2.0
model predictions and experimental observations despiteabe f TCRa mRNA 17.7 1.4
that the experimental variability was greater than the paster IFNG mRNA 0.01 2.4
distribution in model predictions. The small variability ithe TNFa mRNA 287.6 1.7
model predictions is consistent with the silico model-based Active CTL in blood 1.0 0.2
inference approach, where the experimental variability daset Tumor in Itrating T cells 1.0 1.0

with each time point is averaged out by using a mechanistic
model to integrate across the di erent time points. ;Jsing the simulation result§ for each mpdel, the Balyes Ratio was calatkd separately
. ] ) or each observed state variable according to Equation (13).
To be more quantitative in comparing the two models, we

used a Bayes RatiB) to quantify the strength of evidence that
favors the revised modeM;) vs. initial model ;) to capture between these three experimental conditions, such as diasn
the observed experimental data. The maximum value of th& tumor growth attributed to the presence of COS8T cells.
Bayes Ratio was obtained from the converged segments of the Of particular interest was whether the postulated topology
corresponding Markov Chains and calculated according to: of this multi-scale model can capture the dynamics assatiate

with CD8C T cell in Itration into the tumor microenvironment.
v Max(P(Yj k,Mr)) (13) Experimentally, the expression of genes associated with 3 cell
! Max(P(Yj 1, M)’ (TCRa) and the secretion of cytokines related to their bgatal

function (IFNG and TNF ) were measured in samples obtained

whereP(Y] i, M) is the likelihood to observe dad, given a set  from homogenized tumor samples. As a variety of other immune
of parameter values, and modelM;. In turn, the likelihood is  ¢elis can elicit anti-tumor immunity, the adenovirus vecto

estimated by: expressing hgp100 was used as a negative control as B16F10
2 3 Nope cells have a defect in the MHC class | antigen processing
1 Tz machinery such that the immunodominant epitope from hgp100
P(Yj M)/ 4p N 5 , (14) is not processed and presented on the cell surfdogtdqh
o (Yi Ymi( 0)? et al., 200%t As there was no signi cant di erence in tumor

growth between untreated and hgp100-immunized animals, the
where the denominator is the summed squared dierencecontribution of other immune cells to control tumor growth
between the experimental observationsyj, and the was considered as negligible in this system. In additiom th
corresponding model predictionsY;( k), and the exponent observed response can be attributed to the response 0f0CD8
accounts for the number of experimental observatioNg,s T cells to a tumor antigen, as tumor growth was inhibited in
(Klinke, 20143 The Bayes Ratio was calculated separately fatDCT-immunized animals. In terms of characterizing CO8
each observed state variable, as summarizethble 1 Values cell in ltration, TCRa and TNF mRNA exhibited symmetric
for the B;j between 1 and 3 are considered weak, between 3 ampetaks in expression that reached a maximum at day 14. In
20 are positive, between 20 to 150 are strong, and greater thaantrast, IFNG mRNA exhibited a di erent dynamic trend than
150 are very strong evidence favoring modebver modeli  either TCRa or TNF gene expression. The pro le of IFNG gene
(Klinke, 2014y Collectively, the Bayes Ratios suggest strong texpression exhibited a skewed distribution that peaked at day
very strong evidence favoring the V2 over V1 model. Of all thelO and declined thereafter. As illustrated by the inconsisye
values, simulations of the rHUAd5-hDCT-related data temd t between the model predictions and observed data (see arrows
have lower Bayes Ratios, which re ects the fact that the Vdleho in Figure 3C-7, a model that represents tumor-in ltrating
was developed primarily based on the rHUAd5-hDCT data. Inymphocytes as a single state does not appear to explain the
contrast, the V2 model better captures the di erences obstrveobserved data.
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3.2. Representing Tumor-In Itrating CD8 C Figure 1). The speci ¢ number of states, four, was a compromise
T Cells as a Multi-State Population Better between a one-state model and a model that represents cellular

Represents the Observed Tumor Response phenotype' using an additional inde.p.epdent continuous vga'gbl
In the V1 and V2 models, we assumed that the phenotypgnd _the discrete impact of cell dIVISI_On on cellular decision-
of CDEC T cells that enter the tumor in response to making. The four states of tum_or-ln Itrating I)_/mphocytes
rHuAd5-hgp100 and to rHUAd5-hDCT are the same and remain '€ de. ned to have a progressive decregse in IFNG gene
constant in time, which implies that dynamic changes in IFNGEXPression and cytot_oxm killing ability. As it u_nclear as to
should track changes in TCRa gene expression. The mod?é’hat speci mechanisms regulate the conversion of tumor-
predictions are consistent with the RT-PCR data obtainedln Itrating Iymphocytes among _these di erent tsta?es, theeaf
from rHuAd5-hgp100 treated mice. However, in rtHUAd5-hDCT interconversion was parameterized by a constitutive ratstant
treated mice, there is a disconnect between IFNG and TCR ger‘?@d a ratg cpnstant that was proportlonal to th? concentrgtlon
expression that becomes apparent at days 10 and 12. Assum{figFNG within the tumor microenvironment. While the speci ¢
that the disconnect between the predicted and observed dimamPiochemical details may be di erent in reality, the dependenc
change in IFNG gene expression is driven by an underlying" |FNG represents a negative feedback mechanism whereby
biological process, we created a revised model (V3) thatggzan @0 ©0ngoing anti-tumor immune  response inhibits the cell-
the representation of tumor-in Itrating lymphocytes from en Mediated cytotoxic activity. Model-based inference was treed
state to four states. While our biological understandingigl ~ t0 determine whether the observed data support a constitutive
be used as a basis for modifying the model, what happens f8t€ for. cellular dgagtlvatlon vs. a negative feedback nrestma
CD8C T cells once they enter the tumor microenvironment Collectively, modifying the model to include an age-struetur
is somewhat unclear. What is known is that within a tissudncreased the number of free parameters from 36 to 41.
hosting an ongoing type 1 immune response, DB cells are Similar to the V2 model, an adaptive Markov Chain Monte
functionally heterogeneousi@lle et al., 2016 Within regressing Carlo approach was used to obtain a posterior distribution
tumors, CD& T cells proliferate Tumeh et al., 20T4but also N the predictions derived from the V3 model (see blue
lose functionality compared to COB T cells in the periphery curves inFigure 3 and Figures S4-S6). Similarly, the posterior
(Grinshtein et al., 2009Based on these observations, the modeflistributions in the model predictions show good qualitativ
represents a hypothesis that this loss of functionality speads ~ agreement with the observed experimental data. We also
to a similar process as the acquisition of an e ector phenotypgompared predictions of the number of tumor in ltrating
butin reverse order. lymphocytes Figure 4), which were qualitatively similar from
Representing TILs as four related states corresponds tbe two models. A Markov Chain of 200,000 steps was required
an age-structure, similar to the T cell states in the lympHor the predictions to converge for the initial model. The V3
node (see schematic diagram highlighted by blue box ifnodel also required about 200,000 steps for predictions tleagw
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FIGURE 4 | Comparison of the number of tumor in ltrating lymphocy tes in V2 vs. V3 models. The number of CD& T lymphocytes in ltrating into implanted
B16F10 tumors were simulated using the VZA) and V3 models(B). Convergence of the model predictions as a function of the Mi&ov Chain length were assessed
using the Gelman-Rubin potential scale reduction factoreft subpanels). The posterior distribution in the model pdictions obtained from the converged segments of
the Markov Chains are represented by a solid line, which repsents the median response, and dashed lines that enclose 8195% credible interval (right subpanels).
Simulated values are compared against the number of tumor iltrating lymphocytes (squares) that were quanti ed 10 and 15days in tumors following implanting
subcutaneously of 1 108 B16F10 tumor cells and immunizing C57BI/6 mice with DCT adendrus on day 5 (bottom panels and red curves). The number of Télwere
also simulated in mice immunized with rHuAd5-hgp100 (top pael and blue curves).
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constrained by data (10—15 days) but longer chains werdmedju cells and the number of COB T cells present within the
for predictions longer than 15 days to converge. Predictionsumor microenvironment that recognize tumor antigens. Aet
after 17 days seemed to diverge between the two models whaetistribution in parameter values is also in uenced by the data
number of TILs predicted by the initial model peaked at 17the V2 and V3 models were used to interpret the data to gain
days, which mirrors the dynamics of the blood T cell population.insight into these two factors by examining the distribution
The number of TILs predicted by the revised model reacheih parameters associated with these biological processéise In
a similar value at 17 days but then continued to increase at fmllowing two paragraphs, we examine separately how the models
slower rate through 25 days. For both V2 and V3 models, thparse the overall response into changes in cytotoxic activity
posterior distribution in the number of TILs is broader thamt vs. cell population dynamics among the di erent experimental
enclose the rHUAd5-hDCT predictions, which is not surprisingconditions studied.
as there are no TILs data for the rHuAd5-hgp100 conditions. First, we consider the cytotoxic activity of CD8T cells
While predictions derived from both models match the numberwithin the tumor microenvironment predicted by the V2
of TILs at 10 days, the models tend to predict a lower number oaind V3 models. In analyzing the data obtained following
TILs at 15 days than observed on average. immunization using rHuAd5-hgp100, the posterior distributi®n
In comparing V3 to V2 models, the Bayes Ratios were mostlin the parameters associated with QD& cell killing are similar
between 1 and 3 suggesting weak but supportive evidence that ¥8tween the V2 and V3 models, where the median value for
better represents the observed data over V2. The highessBay#da in the V2 model was 0.0084 nfheells * day ! and was
Ratio (2.4) was obtained in comparing the model prediction®).0038 mrfi cells 1 day 1 in the V3 model (se€igure 5A). In
with the IFNG mRNA data observed following rHUAd5-hDCT contrast to rHuUAd5-hgp100, immunizing with rHUAd5-hDCT
immunization, as expected. For comparison, a Bayes Ratio &f more e ective in enhancing the cytotoxic activity of CD8
540 is possible if the model was able to match the mean IFNG cells as the killing parameter is at least a factor of 10,000
mRNA values on days 10 and 12. While alternative forms ofiigher. As expected, newly immigrant CO8T cells in the V3
the models were tested, an improved t to the rHUAd5-hDCT model are more e ective in killing B16F10 cells than QD8
data came at the expense of capturing the rHuAd5-hgpl0U cells predicted by the V2 model (118.4 vs. 101.8). The V2
data. Assuming that these data re ect the underlying biologymodel assumes that the cytotoxic activity of GD8 cells within
these results imply that new CR8T cell immigrants to the the tumor microenvironment does not change with time. In
tumor have a higher level of IFNG mRNA in rHuAd5-hDCT contrast, the V3 model assumes that, upon entering the tumor
compared to rHuAd5-hgp100 immunized animals and thatmicroenvironment, a subset of C@8 T cells lose cytotoxic
IFNG mRNA expression is regulated dynamically by cognatectivity and an ability to produce IFNG, that is they become
TCR interactions. This observation is at odds with the modeldeactivated Kigure 5B). The ratio between the parametead
which assumes that immigrating CQ8T cells have the same and a5 can be used to infer whether deactivation of @D8
phenotype as CD8 T cells in the circulation and that the T cells is a constitutive process, as represented by parameter
phenotype of CD8 T cells can be subsequently modied a4, or depends on a negative feedback mechanism mediated
by the local microenvironment. Moreover, the phenotypeby IFNG or some other signal that is dependent on TILs,
of CD8C T cells in the circulation should not depend on as represented by parametab. The parameter distributions
the specic antigen used in the vaccine. While failed killingsuggest that deactivation of TILs primarily occurs through
correlates with cytokine hypersecretiode(kins et al., 20)5 a negative feedback mechanism (log rasié¥a5 D 3.2
this phenomenon is unlikely to explain the early peak in IFNG1.4), although very few COB T cells that enter the tumor
as it should be linked in the model to the later COS8T cell microenvironment become deactivated (@(C a5)/(kp3a C
states (i.e.Tezp ¢) rather than new immigrants (i.eTgz,) and  kd5aC a4 C a5)> 0.5)< 0.1).
a corresponding increase in TNFMRNA with IFNG mRNA Given these changes in cytotoxic activity of GDF cells,
was not observed. Supported by the Bayes Ratios, the V3 mode also used the model to infer the fate of GD§ cells once
is an improvement. In addition, analyzing the data colleelyv they enter the tumor microenvironment, that is do they die,
identi ed underappreciated aspects of the dynamic €DOBcell proliferate, or deactivate. The low degree of correlation agno
response and suggests speci ¢ experimental conditions thgt méhese parameters suggests that the parameters associaked wit
help in clarifying this process. We next examined the assetia these cell fate processes can be determined independentty fro
parameter distributions to gain insight into the underlying the data (see Figures S3, S6). Speci cally, we found that the
biological mechanisms represented in the correspondingate constants associated with cell de&ts) and proliferation
models. (kp3a) of TILs independently increase when the antigen density
increases but the balance between cell death and proliferatio
o ) is di erent between the V2 and V3 models. Using pairwise
3.3. Deactivation of Tumor In Itrating scatter plots to highlight the dierences (sddgures 5C,D),
Lymphocytes Alters Cell Fate Preference the ensemble of parameter values associated with the V2 and
Immunizing against tumor antigens aims to enhance the numbeV3 models are clustered in the regions indicated by red and
of CD8C T cells in the tumor microenvironment that recognize blue arrows, respectively. Results for both models show tleat th
and kill tumor cells. Control of tumor growth depends on majority of values for the cell fate parameters are clusterémibe
two factors, the ability of a COB T cell to kill tumor the diagonal suggesting that boku5C is greater tharkd5
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FIGURE 5 | Posterior distribution of parameters associated w ith cytotoxic killing ability and cell fate within the tumor mic roenvironment. (A) Posterior
density distributions of the parameter values associated ith cytotoxic activity of CD& T cells, which corresponds to TE3 in the V2 model and TE3a in é1V3 model.
The parameter values, c4a for TE3 in the V2 model and c4a for B& in the V3 model, were determined separately based on rHuA#hgp100 and rHuAd5-hDCT
vaccination data (c4 for rHuAd5-hgp100: solid black line, 4 for rHuAd5-hDCT: gray shaded, c4a for rHuAd5-hgp100: dotéd blue line, c4a for rHuUAd5-hDCT: solid
blue line).(B) Posterior density distributions of the parameter values a®ciated with the cytotoxic activity of CD& T cells following rHUAd5-hDCT vaccination in
successive states of deactivation (TE3a: blue line, TE3breen line, TE3c: indigo line, TE3d: purple line). The didtution in c4 for the V2 model is shown for
comparison (gray shaded)(C) Pairwise scatter plots for the rate constants associated v cell proliferation (kp3a- and kp3a+) and cell death (kd5and kd5+) of
newly emigrating CD& T cells (TE3 in the V2 model and TE3a in the V3 model). A minus)(and a plus C) indicate whether the parameter values were determined
using the rHUAd5-hgp100 or rHuAd5-hDCT data, respectivelyParameter values are shown for both the V2 and V3 revised mais, where high probability regions are
indicated by the red and blue arrows, respectively. The do#d lines indicate where the two parameter have equal value¢D) Pairwise scatter plots for the rate
constants associated with cell proliferation (kp3a+ and kBb) and cell death (kd5+ and kd5b+) of the different states o€ED8C T cells within the tumor. The parameters
kp3a+ and kd5+ correspond to TE3a while kp3b and kd5b+ correpond to TE3b, TE3c, and TE3d. In(C,D), parameter names are given on the diagonal. Above the
diagonal are the pairwise correlation coef cients of the pameters, where the font size is proportional to the value ohe correlation coef cient. Pairwise projections of
the marginalized probability density in logy space are given below the diagonal. Coloring is based upon thestimated 2-D posterior density distributions using kerel
density estimation. The axes for the scatter plots each spanfrom 10 8 t0 108.

and kp3aC is greater tharkp3a , where a minus () or a plus  microenvironment are equally likely to die as to proliferate
(C) appended to the parameter symbol indicates whether théog ratio kp3a / kd5 D 0.2 1.2). In an antigen-dense
parameter values were determined using the rHuAd5-hgpl0@nvironment, CD& T cells are, on average, 40 times more likely
or rHUAd5-hDCT data, respectively. For the V2 modih3a to proliferate than die (log ratikp3aC / kd5C = 1.6  1.3).
vs.kd5 is on diagonal while the cluster of parameter valuesdn contrast, interpreting the data using the V3 model suggests
associated wittkp3a vs.kd5 is above diagonal for the V3 that CD8C T cells that enter the tumor microenvironment
model, which implies thakp3a > kd5 . In an antigen-dense are 12 times more likely to proliferate than die when antigen
environment,kp3aC vs.kd5C is above the diagonal for the V2 is sparse (log ratikkp3a / kd5 D 1.1 1.5) and, in an
model and while, for the V3 modekp3aC vs.kd5C is below antigen-dense environment, are initially 4 times more likely
diagonal, which implies th&td5C > kp3aC. to die than proliferate (log ratickp3a / kd5 D 0.63
Collectively, results using the V2 model suggest that, in a@.0). Once CD8 T cells commit to a deactivated phenotype,
antigen-sparse environment, CO8T cells that enter the tumor they are twice as likely to proliferate than die (log rakiasb /
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kd5hbC D 0.29 0.93). Collectively, interpreting the data usingthat use dierent experimental protocols. In particular, we

the V3 model suggests that both the rate coe cients for cellsimulated an adoptive cell therapy experiment reported by Zhou
proliferation and cell death of deactivatd@s (Tgsp, Tese, and
Tesq) are greater than newly in ltrating TILs Tgss) but the
balance between cell fates is di erent such that the faterfawell
death of newly in Itrating TILs while deactivated statesTafs

favor cell proliferation.

3.4. Improving Tumor Controlby CD8 C T

Cells was Most Sensitive to Increasing
MHC Class | Presentation of Tumor
Antigens

et al. where 3 1P pmel-1 CD8 T cells were adoptively
transferred into mice 10 and 15 days after intradermal gk
with 1 1P B16 cellsFigure 6) (Zhou et al., 2014 As primary
pmel-1 CD& T cells recognize the predominant immunogenic
epitope derived from gpl000(erwijk et al., 2003 modeling

and simulation of rHUAd5-hgp100 immunotherapy in the B16
model was used as a basis for these adoptive cell transfer (ACT)
experiments. Speci cally, ACT was modeled by bypassing the
lymph node compartment and introducing CI@8T cells directly

into the blood compartment, with the rest of the parameters
remaining the same as calibrated. Given the average blood

To validate the V3 model, we used the model with the staifliic  volume of a 10 week-old mouse, ACT of this number of CD8
sampled ensemble of parameter values to test whether tfe cells corresponds to a blood concentration of 2500 cells
implied assumptions are consistent with experimental studieper mn® (Figure 6A). While CD4+ T cells were adoptively

FIGURE 6 | V3 model predicts inhibition of B16 tumor growth by ad

optive cell transfer of gp100 CD8 C T cells. (A) Simulated response in the number of
CD8C T cells under baseline conditions (black) and following aghive cell transfer (ACT) of CD8 T cells that occurs 10 and 15 days after implanting B16F10 turor
cells. (B) Simulated growth in B16F10 tumors under baseline conditios (black curves) and following ACT of gp100 CD8 T cells (red curves). Simulations were
compared to similar experiments reported inhou et al., 2014) where B16 tumor size was reported in mice without ACT of T ckd (black circles) and in mice receiving
ACT of pmel-1 CD&C T cells that had been silenced folLacZ (red circles) or folPpp2r2d (blue circles). In/A,B), the most likely predictions are represented by the solid|
lines and the long-dashed lines enclose the corresponding ®% credible intervals.(C) Sensitivity analysis was performed by simulating tumor sézat 19 days following
changing the corresponding parameters of the V3 model. The &x and whisker plots summarize the distribution in the modgpredictions simulated using the given
change in a model parameter value and an ensemble of parametealues obtained from the converged segments of the Markov Rains.
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transferred simultaneously as the ODd cells, the simulations for c4's equal: 89 mivs. a4 and a5: 91 mn?). The third
incorporated just ACT of CD8 T cells, as a slight inhibition of alternative hypothesis was to increase the parameter atsicia
tumor growth was dependent on C@BT cells. To match the with converting antigen-de cient B16 tumor cells to B16 cells
basal tumor growth rate, an initial bolus of 510° B16 cells was that present antigen recognized by TILs, that® Increasing
used instead of the bolus of 1 1(° cells used in calibrating the MHC class | presentation had a more pronounced e ect on
model. Using model parameters for T cell dynamics associatadmor growth such that an increase by a factor of 10 was suntie
with the rHuAd5-hgp100 experiments, the simulated ACT ofto eliminate B16 tumor cells (median fa8 decreased by a factor
gp100 CDE T cells provided a similar reduction in tumor size of 3: 12 mn? and by a factor of 10: 0.02 nfh In both cases,
as experimentally observeétigure 6B). These results validate increasing antigen presentation was predicted to reduce tumo
that the inferred parameters for CBT cell-mediated control size out to 50 days, where the median tumor size for increasin
of B16 tumors obtained by analyzing the rHuAd5-hgp100 data3 by a factor of 3 was 6 mfn(1st quartile: 1 mrA and 3rd
accurately simulate ACT of B16F10 tumors using primary pmel-fuartile: 13,000 mf) and by a factor of 10 was 0 nfnflst and
CDSC T cells. 3rd quartiles: 0 mrf).

To improve control of tumor growth, Zhou et al. identieda ~ As the B16 cell line is known to have defects in the
number of genes that, when knocked down, improve control oprocessing and presentation of gplODeifch et al., 2004
tumor growth. For instanceRpp2r2dvas identi ed intheinvivo  we also simulated the adoptive cell transfer of CD&
screen that, when knocked down with shRNA, reduced tumocells that recognize epitopes derived from DCT. While ACT
size Figure 6B). As it is unclear as to the biological role that using DCT CD& T cells reduced tumor size relative to
Ppp2r2dlays in regulating T cell function, Zhou et al. postulatedimproving the retention of TILs (ACT of DCT T cells: 71
that Ppp2r2dcould play a number of roles in improving IFNG mm?), improving antigen presentation by B16 provided the
production by, reducing the propensity for apoptosis of, andbest control of tumor growth. As thdn vivo experiments
increasing the proliferation rate of tumor in ltrating CD8 T  include additional cellular components than included in the
cells. As these three mechanisms are uniquely represented imathematical models, the results suggest that altelfipg2r2d
di erent parameters in the mathematical model, we performedmay in uence the control of tumor growth through an indirect
a sensitivity analysis to see how altering the correspondingiechanism. One possibility is that an increase in IFNG
parameters in uences tumor siz&igure 6C). Two parameters, production may increase antigen presentation by tumor cells
kel and kp3a, were increased by a factor of ®2l@vhile the indirectly by inhibiting the action of myeloid-derived supgssor
parameter corresponding to the rate of TIL cell dealtidba, cells.
was reduced by a factor of 20Two thousand simulations were
performed with an ensemble of parameter values obtained fro .
the converged segments of the Markov Chains to generatergais' In vivo, B16 Tumors InCIUd_e .
distribution in the tumor growth pro les in response to changj 1 me-Dependent Factors that Limit the
each of these three parameters in isolation and simultarigos  Ef cacy of Anti-tumor Immunity
snapshot of the tumor growth pro les obtained at day 19 wereAs a common criticism of testing immunotherapies using
used for comparison. As summarized Figure 6C increasing syngeneic animal models is that the timing of the initiatioh o
IFNG production (cl) slightly reduced tumor size (median for immunotherapy in uences the control of tumor growth/\(en
kcl: 86 mnt vs. unmodi ed ACT of gp100 T cells: 92 nfmp- et al., 201P For instance, an early pre-clinical study using a
value< 0.001) while the other two parameters had essentially nmmonoclonal antibody against cytotoxic T lymphocyte antigen
impact on tumor size (median fokd5a: 92 mn? andkp3a: 91  (CTLA)-4 in conjunction with a granulocyte/macrophage
mm?, p-values vs. unmodi ed botkr 0.05). In addition, altering colony-stimulating factor (GM-CSF) producing irradiatechtor
all three parameters simultaneously had no added bene t as thcell vaccine found that initiation of the therapy within 4 day
slight reduction in tumor size was the same as increakiign  of intradermal challenge with a variant of the B16 cell lineswa
isolation (median for all three: 86 mfj able to control tumor growth while initiation of the therapytaf

As none of the mechanisms proposed by Zhou et al8 days was less e ective and essentially ine ective after 12 day
seemed to mimic the observed reduction in tumor size, wévan Elsas et al., 1999 he observed therapeutic e ect requires
explored alternative hypotheses as to how tumor size could tgenerating CD8 T cells against tumor antigens. A number of
reduced following ACT of gp100 CEBT cells. In particular, possible explanations for the time-dependent loss of e cacy was
we tested three alternative hypotheses. First, we increasptbposed. For instance, the magnitude of the immune response
the retention of TILs within the tumor microenvironment by initiated by the therapy may be unable to control tumor growth
altering the preference of gp100 COS8T cells for the tumor at the later time points as tumors grow above a critical size.
microenvironment, that is we decreask®2 by a factor of 10 Alternatively, the loss of e cacy may be a consequence of tumo
Increasing the retention of TILs reduced tumor size slightl induced deletion of T cells that recognize tumor-associated
(median forK32: 80 mnf). Second, we decreased the numbemntigens. Finally, the tumor microenvironment may changea
of deactivated TILs in two ways by setting the parametédbs  function of time such that initially the microenvironment paits
dc, and c4d equal tocda and by reducing the parameters but, in time, develops an immunosuppressive environment that
a4 and a5 by a factor of 18 Decreasing the number of suppresses a cell-mediated anti-tumor immune respamséyo
deactivated TILs had essentially no impact on tumor size (ared these di erent mechanisms are intimately linked and are dil¢
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to testin isolation. Given that complex dynamic systems regpo growth rate. Even if the number of TILs is increased, either

in non-linear ways to perturbations, modeling and simulationthrough reducing the negative feedback on clonal expansion of

can provide insight into the contributions of these dierent CD8C T cells in the lymph node (e.g., by decreaska) or

mechanisms. adoptively transferring 100 times more DCT COS cells (see
Next, we used the V3 model to test whether changing thé&igure 6), a further reduction in tumor growth is limited as the

timing of rtHUAd5-hDCT therapy changes the dynamics of tumorconversion of MHC class | negative to MHC class | positive cells

growth similarly to that observed by Allison and coworkers(e.g.,c3) becomes the rate limiting step for controlling tumor

(van Elsas et al., 19p@Figure 7). First, we used the parameter growth (seeFigure 6Q). Increasing the rate constant associated

values for the V3 model to simulate the experiment but reduceavith MHC class | conversion by a factor of 3 (e.g., &3) in

the bolus of intradermal B16 challenge by half to match theonjunction withimmunizing atday 10 was still e ective (medii

early tumor growth trajectory observed in mice treated withtumor size at day 50 with immunizing at day 0: 0.1 rhrus. at

an 1gG control Figure 7A). Interestingly, the observed growth day 10: 1.3 mrf). The day 0 plus 3 c3 results are shown in

of B16 tumors in mice treated with IgG appears to level o Figure 7C while results for day 10 plus 3 c3 are not shown

at a tumor size of 350 mf) suggesting that an increase in as they essentially overlap. In summary, changing the timing f

tumor size limits the proliferation rate of tumor cells andeth immunization was unable to control of tumor growth. Captugn

maximum tumor size is referred to as the carrying capacity. Irtotal control of tumor growth, as observed for the Day 0 and

calibrating and validating the model, incorporating a cémy Day 4 conditions, was dependent on modifying the model in two

capacity was not necessary as the maximum tumor sizes whesays: by increasing the number of tumor-in Itrating C@8T

lower at approximately 250 mfnAs the model was not designed cells that recognize tumor associated antigens and by aisimg

to capture tumor growth around the carrying capacity, weantigen presentation by tumor cells. In comparing the observed

focused on comparing the model predictions and data belowfFigure 7A) vs. simulated Eigure 7C) tumor growth pro les,

the carrying capacity. Next, we changed the timing of rHuAd5-the observed tumor growth curves have di erent trajectories

hDCT therapy such that the immunotherapy was initiated 0,Total control of tumor growth characterizes the early timerge

5, and 10 days following intradermal challenge of B16F18 cel(Day 0 and 4). In time, total control transitions to partial

(Figures 7B,Q. As the immunization was delayed, the peak incontrol, which is characterized by a progressive increasenior

the number of CD& T cells in the blood shifted to longer times growth rate but also an increase in steady-state tumor burden

but, interestingly, the maximum number of C8T cells in the Collectively, the results are consistent with a model where

blood decreased~{gure 7B). As the number of CD8 T cellsin  immunotherapy can generate a su cient CIQ8T cell response

the blood is a dynamic equilibrium with the tumor compartment throughout the 12-day timeframe to control tumor growth tha

more CD& T cells migrate to the tumor compartment as initially coincides with an increase in antigen presentatioy

the compartment size increases thereby decreasing the numkiemor cells. However, this increase in antigen presentabign

of CD8C T cells in the blood. In terms of tumor growth, tumor cells is lost between days 4 and 12. Moreover, the loss

the simulated pro les exhibited similar dynamics. Initiati of  of antigen presentation is independent of changes in IFNG

rHUAd5-hDCT earlier was able to sustain a reduced rate ofdum within the tumor microenvironment as the sensitivity anatys

growth for longer but, as the number of C@8T cells in the results suggest that the e ect of IFNG is saturated in immediz

system declined, tumor growth returned to the same exporménti animals.

FIGURE 7 | Real B16 tumors incorporate time-dependent factors t hat limit CD8 C T cell control of tumor cell growth. (A)  Simulated growth of B16 tumors
in untreated mice (gray curves) were compared against sirail experiments reported in (an Elsas et al., 1999 where growth of B16 tumors was reported in mice
treated with an IgG control (black circles) or with an anti-QIA4 mAb and a vaccine comprised of irradiated B16 cells modi d to express GM-CSF (BL6/GM).
Administering the anti-CTLA4 plus the BL6/GM vaccine was véd from 0 (red squares), 4 (yellow squares), 8 (blue squargsnd 12 (violet squares) days following
tumor implantation. (B,C) Intradermal challenge by B16F10 cells was simulated under ffierent conditions where mice were untreated (black curvgsor immunized 0
(red curves), 5 (yellow curves), and 10 (blue curves) daystivrHUAd5-hDCT following the intradermal challenge. Simated immunization on day 0 (green curves) or
on day 10 (not shown) was also combined with an increase in3 by a factor of 3. Simulation results are shown for the numbeof CD8C T cells in the blood(B) and
tumor area (C). The most likely predictions are represented by the solidnes and the long-dashed lines enclose the corresponding 95%tedible intervals.
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4. DISCUSSION preferentially through a negative feedback mechanism rmlate
to ongoing anti-tumor immunity. The tumor antigens seledte
Identifying local barriers that limit the e cacy of anti-tmor as immunogen had an impact on control of tumor growth
immunity is a critical barrier for broadening the clinicatbhet as immunizing against hDCT expanded QD8 cells with a
of immunotherapies for cancer. Given the challenges as®atia cytotoxic killing e cacy of 10,000 times higher than CQ8T
with testing hypotheses in humans, pre-clinical mouse modelgells that recognize epitopes derived from hgp100. However,
like the B16 model for malignant melanoma, play a centrathe impact of both therapies were limited such that e ective
role in identifying how tumors escape from immune-mediatedelimination of existing B16F10 tumors also depended on an
control. To gain insight into potential key mechanisms ass@e!  increase in MHC class | presentation of tumor antigeinsvivo,
with the control of B16F10 tumor growth by CIBT cells, observed changes in e cacy of an immunotherapy administered
we combined dynamic observations of GD8I cell response at di erent days following subcutaneous tumor challenge was
and tumor growth following an adenovirus-based vaccinatio consistent with a progressive loss in time of MHC class | antigen
against tumor antigens with mechanistic multi-scale mauigli presentation, which was largely independent of changes in IFNG
and simulation. within the tumor microenvironment and the number of TILs.
The key conceptual shift here is the focus on whethetn short, increasing the number of TILs that recognize tumor
the postulated network topology of the model can describantigens was necessary but not su cient to control the grbwt
the observed data by eliminating the confounding uncettain of B16F10 tumors e ectively.
associated with the model parameters. This was done by using aLoss of MHC class | antigen presentation is a common
Markov Chain Monte Carlo approach to obtain a large statisticamechanism whereby both solid and hematological tumors escape
sample of the parameter values that provide predictions similammune-mediated control of malignant cell outgrowtB émpoli
to the observed data. To illustrate the approach, we askeshd Ferrone, 2008This loss of MHC class | antigen presentation
two questions. First, we asked whether the postulated networkan be attributed to either genetic alterations, which remai
topology, that is the modeled biological components and theiconserved within the time window used for transplantable mouse
associated interactions, is consistent with the observath.d models, or transient epigenetic regulation. Here, the sitrta
Drawing from a base model (V1), a new model (V2) wagesults suggest that, between day 4 and day 8, B16 tumors
proposed to better capture observed di erences between thrdese their ability to present tumor antigens via MHC class |
di erent experimental conditions. To weight the evidence inproteins, which results in escape from CD8I cell-mediated
support of the competing models, Bayes Ratios suggested tlgintrol of tumor growth. In this context, IFNG is thought
the data provide strong to very strong evidence in favor ofo be critical in regulating MHC class | protein expression
the V2 over the V1 model. In addition, we assumed that theby tumor cells.In vitro, an increase in IFNG induces many
phenotype of tumor in ltrating lymphocytes is conserved, butmelanoma cell lines to upregulate MHC class | expression
models incorporating this assumption (V1 and V2) were unablgMendez et al., 2008In vivo, antibody blockade and knock-out
to capture observed changes in IFNG gene expression. Inai IFNG abrogates any benet of immunization in controlling
revised model (V3), we assumed that the phenotype of tumoB16F10 tumor growth NicGray et al., 2014 However, the
in ltrating lymphocytes progressively changes, as modeled bgimulation results suggest that the eect of IFNG release
a decrease in cytotoxic killer function and IFNG production.within the tumor microenvironment is saturated, therefore
Here, Bayes Ratios suggested that the data provide weak Butther increases in IFNG will not reduce tumor growth.
supportive evidence in favor of the modi cations included lret ~ Collectively, the results suggest a transient disconnectemzt
V3 relative to the V2 models. In addition, trying to capturesth the extracellular signal, that is TILs release of IFNG, argl th
IFNG response suggested speci ¢ experimental conditionsevhetumor response.
additional experiments could help re ne our understandin o The transient disconnect between IFNG signal and tumor
the dynamic response of CI8T cells to tumor localization. response could occur in a number of dierent ways. One
The second question was whether we could infer the relativenechanism is through epigenetic regulation of the tumor
importance of the di erent mechanisms associated with theresponse vide novanethylation of DNA linked with MHC class
regulation and activity of tumor in Itrating lymphocytes,igen | expression Khan et al., 2008 For instance, RNAiI mediated
the available data. Using di erences in the posterior disitions  knock-down of Dnmt3a, a DNA methyltransferase, had no
of model parameters, the fate of CO8T cells upon entering e ect on the in vitro phenotype of B16 cells but increased
the tumor microenvironment changed depending on the antigerthe expression of genes associated with MHC class | antigen
density and activation status. For instance, newly infing processing and presentation and dramatically reduced tumor
TILs prefer to die in an antigen dense environment while thoseyrowth in vivo (Deng et al., 2009 Expression of Dnmt3a has
that survive and become deactivated prefer to proliferate. As lseen linked to epithelial-mesenchymal transition (EMT), nhe
result of stronger TCR engagement in the absence of adequatéRNAs that regulate Dnmt3a expression are lost upon EMT
costimulation, the fate of newly in ltrating TILs is cons&st  and enable de novo methylation to increaseicchini et al.,
with activation-induced cell death followed by inducing €llc  2015. In turn, EMT is induced by hypoxia Gooke et al.,
exhaustion in surviving cells\V{herry and Kurachi, 2015 2019, which can become more prevalent within the tumor
In contrast, newly inltrating TILs prefer to proliferate in microenvironment as tumors increase in size. Alternagiyel
an antigen-sparse environment. In both cases, TILs dedetivathe cellular composition within the tumor microenvironment
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changes following subcutaneous challenge, which can altdisease and how this altered network can be restored using

peptide presentation. For instance, myeloid-derived suppresstherapeutic means.
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