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ABSTRACT OF THE DISSERTATION

Towards a Quantative Understanding of TNF’s Signaling Functions

by

Andrew Bennett Caldwell

Doctor of Philosophy in Chemistry

University of California, San Diego, 2014

Professor Alexander Hoffmann, Co-Chair

Professor Dan Donoghue, Co-Chair

A critical aspect of the macrophage inflammatory response to pathogen

challenge is the rapid production of TNF that signals in autocrine and
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paracrine manners to carry out innate and adaptive immune responses. Toll-
Like Receptors (TLRs) are highly expressed in macrophages, and recognize
extracellular and intracellular pathogen signals leading to the activation of
transcription factors and cytokine production. There have been numerous
TLR-mediated signaling mechanisms identified that control the production of
TNF, but it remains unclear how they coordinate together in macrophages.
This dissertation details a systems biology approach to develop a
quantitative understanding of how TNF is produced and signals in the context
of the macrophage inflammatory signaling network. Chapter 1 presents an
overview of the inflammatory and innate immune signaling network that
coordinates the production of TNF in macrophages, as well as a description of
the field of computational systems biology. Chapter 2 describes the
quantitative, experimental characterization of modules for each step in TNF
production: gene transcription, mRNA half-life stabilization, translation, and
secretion. Mathematical models are designed from the module architechure
that can recapitulate experimental data, and the three simple models are
linked to provide a model for TNF production. In Chapter 3, the TNF
production model is connected to previously described TLR, TNFR, and NFkB
signaling modules to create a multi-modular model for TNF production and
signaling in the context of the inflammatory signaling network. Unexpectedly,
the model predicts and it is subsequently experimentally confirmed that CpG-

induced TNF signals in an autocrine manner to prolong NFkB activation and

XV



modulate gene expression programs. In contrast, lipopolysaccharide signals in
a primarily paracrine manner.

Lastly, Chapter 4 provides a discussion on the unique modular
approach to systems biology presented in this thesis, the stimulus-specific
encoding of autocrine and paracrine TNF signaling functions, and comments
on the ways the multi-modular model can be used to make new predictions as
well as a potential direction for future work on the iterative expansion of the
model to further describe the inflammatory and innate immune signaling

network.
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Chapter 1: General Introduction



Inflammation and Innate Immunity

Surveillance, recognition, and response to pathogens are vital
processes undertaken by host organisms to ensure overall health. These
processes, along with response to tissue damage, constitute the innate
immune system (Takeuchi and Akira, 2010). Many different types of host cells
are able to sense and recognize pathogens, but the classical examples of
innate immune cells are natural killer cells (NKs), dendritic cells (DCs), and
macrophages (Kawai and Akira, 2006). These immune cells specialize in
sensing components of microorganisms, such as viruses, bacteria, and fungi,
through a variety of pattern recognition receptors (PPRs) highly expressed in
either the membrane or the cytoplasm. PPRs recognize a variety of structures,
both microorganism-specific and highly conserved, known as pathogen-
associated molecular patterns (PAMPs). The Toll-like receptor (TLR) family is
the most well known family of PPRs, which respond to various PAMPs by
eliciting signaling events within the innate immune signaling network. This
leads to the production of cytokines and chemokines, which are intracellular
signaling molecules that coordinate diverse inflammatory and immune
responses that aid in the clearance of the infecting pathogen. The acute
production of cytokines by these innate immune cell types, inducing the
removal of microbial infection, constitutes the process known as inflammation.

These signaling processes are predominantly transient, occurring on a

timescale of minutes to hours, and are classically considered as the first line of



defense against a pathogen infection. While the adaptive immune system,
which consists predominately of B and T lymphocytes that carry humoral and
cell-mediated immune processes that occur on a much longer timescale, has
traditionally thought to be only part of the immune system that is pathogen-
specific, there is considerable pathogen-specificity encoded both within the
diversity of agonists recognized by PPRs and the innate immune signaling
network dynamics brought about by PPR activation (lwasaki and Medzhitov,
2010; Kawai and Akira, 2010). Furthermore, the pathogen-specific recognition
and response carried out by the innate immune system is essential for
modulating the adaptive immune response; DCs and macrophages both play
a large role in priming and activating adaptive immune B and T cells through
their antigen presentation, cytokine, and chemokine production (Hoebe et al.,
2004; Iwasaki and Medzhitov, 2010).

Therefore, the production of pro-inflammatory cytokines is essential not
only in the acute phase response, but in the adaptive response as well.
Consequently, the dynamics of cytokine production are tightly regulated, as
aberrant or uncontrolled cytokine production can lead to a variety of disease
states (Takeuchi and Akira, 2010). Understanding how the dynamics of
cytokine production are controlled in a pathogen-specific manner informs the
role that a cytokine plays in inflammation and the innate immune response, as
well as the effect it has on modulating adaptive. This thesis will focus on the

pathogen-specific control of one essential cytokine, tumor necrosis factor



(TNF), and the paracrine and autocrine signaling dynamics brought about by

TNF production in the context of the macrophage pathogen response.

Inflammatory Signaling Network

Innate immune cells sense chemical structures and patterns associated
with various pathogens through PRRs located on the plasma membrane and
endosome, leading to the activation of kinases and transcription factors. These
signal transducers upregulate the production of cytokines, chemokines, and
interferons that lead to the clearance of pathogens, attenuation of
inflammation, and modulation of adaptive immunity. The production of these
mediators of inflammation is a complex and highly regulated process, carried
out through an inflammatory signaling network that encodes pathogen
specificity through the types of receptors and the network dynamics that the
receptor-associated proteins elicit. The dynamics of cytokine production,
therefore, must be understood within the context of the receptors, adaptors,
kinases, and transcription factors that make up the inflammatory signaling
network.

Four main types of PRRs have been identified: the aforementioned
TLRs and the C-type lechtin receptors (CLRs), both located within the
membrane; and the NOD-like receptors (NLRs) and Retinoic acid-inducible
gene (RIG)-I-like receptors (RLRs), located in the cytoplasm. Of the PRRs, the
most well-studied family of receptors are the TLRs (Kawai and Akira, 2010;

Takeuchi and Akira, 2010). The gene toll was first identified in 1994 to have a



key role in the Drosophila melanogaster immune response to fungal infection,
and the subsequent discovery of human receptors with homology to toll led to
their current designation. Furthermore, it was determined that the previously
identified interluekin-1 receptor (IL-1R) shared a similar cytoplasmic domain
with both toll and the human TLRs. To date, there have been 10 TLRs
identified in humans (TLRs 1-10) and 12 in mice (TLRs 1-9;11-13) (Takeuchi
and Akira, 2010). The TLRs consist of leucine-rich repeats (LRRs) at the N-
terminus, a transmembrane domain, and a Toll/IL-R homology (TIR) domain
located in the cytoplasm. They recognize a variety of molecular structures
associated with pathogens, such as lipopolysachharide, flagellin, bacterial
DNA, and viral RNA through their LRRs. Upon engagement of the surface
LRRs, the receptors recruit TIR domain-containing adaptors such as MyD88,
TIRAP (Mal), TRIF, and TRAM through their own TIR-domain. MyD88 is
exclusively associated with all TLRs with the exception of TLR3, which signals
through TRIF, and TLR4, which signals through both MyD88 and TRIF. The
adaptor TIRAP is involved in recruiting MyD88 to TLR2 and TLR4, while
TRAM is involved in recruiting TRIF to TLR4. TLRs are found expressed on
either the cell surface or intracellular vesicles such as endosomes, lysosomes,
or the endoplasmic reticulum (ER). The cell surface receptors consist of TLR1,
TLR2, TLR4, TLR5, TLR6, and TLR11 and primarily sense components of
bacteria; in contrast, TLR3, TLR7, TLR8, and TLR9 are mainly endosomal-

located, and sense viral or bacterial-associated nucleic acids.



Uniquely, the receptor that senses bacterial LPS, TLR4, signals through
both the adaptors MyD88 and TRIF. Upon receptor engagement, TIRAP
recruits MyD88 to the receptor, leading to subsequent MyD88-mediated
kinase and transcripton factor activation. Following these MyD88 signaling
events, the engaged TLR4 receptor is trafficked to endosome, where it can
recruit TRIF through TRAM to lead to TRIF-mediated kinase and transcription
factor activation.

The adaptors MyD88 and TRIF engender cytokine production through
the coordinated activation of downstream kinases and transcription factors.
Once recruited to the receptor, MyD88 recruits three kinases that activate
sequentially through phosphorylation: IRAK4, IRAK1, and IRAK2 (Kawai and
Akira 2010). The activation and localization to the receptor of these IRAKs
allows them to recruit the E3 ligase TRAF6, which conjugates polyubiquitin
chains linked through Lys63 of ubiquitin (K63-linked chains) onto IRAK1 and
itself. These K63-linked chains, constructed in conjunction with the E2 ligase
Uev1A and Ubc13, form scaffolds that recruit and activate the TAK1 kinase
complex through its interaction with ubiquitin-binding domain containing TAB2
and TAB3 (Akira et al., 2006; Kawai and Akira, 2010; Shih et al., 2011;
Takeuchi and Akira, 2010). Furthermore, the NFkB kinase complex IKK,
consisting of IKKa, IKK(3, and the ubiquitin-binding NEMO, is recruited to these
scaffolds in close proximity to the TAK1 complex, whereby IKKB can be

phosphorylated and activated by TAK1. In addition to activating the IKK



complex, TAK1 is responsible for the activation of a large subset of mitogen-
activated protein kinases (MAPKSs), including ERK1/2, p38, and Jnk kinases
through phosphorylation (Kawai and Akira, 2010; Shih et al., 2011; Takeuchi
and Akira, 2010). The activation of these MAPKs leads to activation of
transcription factors like AP-1, but are also essential for the post-
transcriptional control of cytokine production (Clark et al., 2009).

While MyD88 mediates the activation of the transcription factor NFkB
(and to a lesser extent, AP-1), TRIF mediates the activation of NFkB as well
as the transcription factor IRF3. However, TRIF-mediated kinase activation
differs from MyD88; while TAK1 activation is brought about by an analogous
pathway as MyD88, TRIF also leads to TAK1 activation through the
recruitment of TRADD, which binds the TAK1-activation kinase RIP1 and
induces its activation through the recruitment of the E3 ligase Pellino-1.
Furthermore, the TRIF-dependent pathway also leads to the activation of two
non-canonical IKKs, IKKe and TBK1. The activation of these two kinases is
brought about by TRAF3, which TRIF recruits to receptor on the endosome.
IKKe and TBK1 then act to phosphorylate IRF3, leading to its dimerization and
translocation to the nucleus. Once there, IRF3 is able to bind interferon
response elements (IREs) and activate transcription of type-one interferons
(IFN-I) and other innate immune response genes (Kumar et al.,, 2011;

Takeuchi and Akira, 2010).



In resting cells, the transcription factor NFkB is located within the
cytoplasm, existing as a dimer bound to its inhibitor, IkB. Upon pathogen
recognition, signaling events lead to the activation of the kinase for kB, IKK.
When activated, IKK phosphorylates IkB at Ser*? and Ser*® in the N-terminus,
which recruits the E3 ligase BTRCP. BTRCP subsequently conjugates K48-
linked ubiquitin chains onto IkB, which designates it for degradation through
the 26S proteasome (Shih et al., 2011). Once no longer bound to IkB, NFkB is
able to translocate to the nucleus and initiate transcription of genes with kB-
site-containing promoters.

The NFkB signaling system plays a critical role in the regulation of
inflammation, innate immunity, and development. As a result, misregulation of
NFkB activity can lead to numerous autoimmune, chronic inflammatory, and
cancer disease states (Karin 2006). The NFkB family of transcription factors
consists of five members: rela (p65), relb (RelB), crel (cRel), NFkB1
(p50/p105), and NFkB2 (p52/p100). These proteins exist as both homo- and
heterodimers, able to bind DNA and dimerize through their common Rel
homology domain (RHD). However, not all protein complexes are able to
function as a transcriptional activator; p50 and p52 do not contain a
transcriptional activation domain (TAD). While there are 15 possible homo-
and heterodimer complexes, only 9 are able to activate transcription. Further,
while the homo- and heterodimers consisting of p50 and p52 are able to bind

DNA, three RelB-containing dimers are not known to bind DNA. In the context



of signaling downstream of TLRs and pro-inflammatory cytokine receptors, the
best-studied NFkB dimer is RelA:p50 (O’Dea and Hoffmann, 2009, 2010).

The inflammatory signaling network involves multiple branches of
pathways emanating from a diverse set of PRRs, with each branch having
unique temporal kinetics. However, these signaling branchs eventually lead
back to a common set of transcription factors. The combination of differential
pattern recognition by specific TLRs and the temporal separation of signal
transduction by different branches of the signaling network encode pathogen-
specific temporal dynamics of transcription factor activation. For example,
whereas TLR4 utilizes both MyD88 and TRIF, there is a temporal separation
between their respective activation of NFkB. MyD88-mediated dynamics are
earlier but more transient, as TLR4 is quickly trafficked away from the plasma
membrane to the endosome; in contrast, TRIF-mediate dynamics have slower
onset but longer persistence, as TRIF is not recruited until the engaged TLR4
receptor has been trafficked to the endosome. Furthermore, the dynamics of
NFkB attenuation are stimulus-specific as well; once of the first genes
activated by NFkB is IkBa, leading to the fast production IkBa protein which
can bind NFkB and sequester it back into the cytoplasm. In the context of
signaling downstream of TNF activation, NFkB rapidly transcriptionally
activates the gene a20, a zinc-finger protein that modifies ubiqutin scaffolds
upstream of IKK leading to downregulation of NFkB activity (O’'Dea and

Hoffmann, 2009, 2010; Takeuchi and Akira, 2010).
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In summary, the inflammatory signaling network contains a diverse set
of pathogen-sensing receptors leading to pathways that activate transcription
factors and subsequently induce the production of pro-inflammatory cytokines,
mediating inflammation. The complexity of the signaling network at the levels
of receptors, adaptors, kinases, and transcription factors allows for pathogen-
specific responses to be encoded within the temporal dynamics of NFkB

activation and cytokine production (O’Dea and Hoffmann, 2009, 2010).
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TLR9 TLR4 TLR3
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or Endosome
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Figure 1.1 The Inflammatory and Innate Immune Signaling Network
Activation of TLRs by pathogen signals leads to the recruitment of the
adaptors MyD88 and TRIF. These adaptors recruit kinases, which through
various kinase pathways bring about the activation of the IKK complex and
TBK1/IKKe. IKK mediates the degradation of kB, allowing NFkB to translocate
to the nucleus and effect gene transcription. TBK1/IKKe phosphorylate the
transcription factor IRF3, leading to its dimerization and translocation to the
nucleus.
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Mediatiors of Inflammation

Inflammation is a complex innate immunity program that brings about
pathogen clearance, wound healing, and tissue remodeling. The inflammatory
response involves the coordination of a variety immune cell types sensing the
initial pathogen signal and secreting factors that recruit other cell types to sites
of infection and damage. These secreted factors that propagate and mediate
inflammation include pro-inflammatory and anti-inflammatory cytokines,
interferons, chemokines, nitric oxide, prostaglandins and histamines. Pro-
inflammatory cytokines such as IL-1 and TNF are rapidly produced upon
pathogen challenge, and further mediate inflammation through activation of
transcription factors, chiefly NFkB.

Members of the interleukin family signal through receptors that share
some homology with the TLRs, and elicit activation of pathways within the
inflammatory signaling network similar to PAMPs. Interluekins like IL-1, IL-6,
and IL-12 are involved in acute phase inflammation, hematopoiesis through
growth factor production, and T and B cell recruitment and proliferation
through chemokines. TNF rapidlyactivates NFkB with similar dynamics to IL-1,
however the receptors and adaptors used to bring about IKK activation differ.
In addition to inducing strong pro-inflammatory cytokine and chemokine in the
acute phase response, TNF is involved in promoting cell proliferation,
recruiting and modulating T and B cells, regulating phagocytosis, and

granuloma formation.



13

In contrast, the Type | family of interferons (IFNa and IFNB) are
primarily involved in upregulating host defense mechanisms through the
activation of DCs, activation of T-cells and Th1 polarization, the production of
chemokines to recruit leukocytes, and the upregulation of a particular subset
of innate immune genes know as interferon-stimulated genes (ISGs) (Nakaya
et al., 2001). Interferons were originally named for their involvement in
interfering with viral replication, and play a key anti-viral and
immunomodulatory role (Pestka et al., 2004; Platanias, 2005; Striz et al.,
2014).

Chemokines serve as another essential type of mediator of the
inflammatory process. These small proteins are secreted by a variety of cells,
and their primary role is the recruitment of diverse immune cell types to sites
of inflammation and tissue damage through chemotaxis. While chemokines
serve as a strong link to adaptive immunity through their near universal
recruitment of T cells to wound sites, many also play a significant role in
inflammation through the recruitment and modulation of innate immune cells,
angiogenesis, and hematopoiesis (Charo and Ransohoff, 2006; Damme and
Mantovani, 2005; Striz et al., 2014).

Pro-inflammatory cytokines, interferons, and chemokines all play
essential roles in the acute response to pathogens, propagation of
inflammation, recruitment of specialized immune cells, attenuation of

inflammation, and modulation of the adaptive immune program. However, after
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upregulating the genes needed for bacterial clearance and inflammatory
resolution the initial first wave of pro-inflammatory cytokine production must be
attenuated so as not to lead to chronic inflammation and disease states.
Therefore, a comprehensive understanding of the tight regulation of acute
phase pro-inflammatory cytokine production and signaling functions is
particularly relevant to further characterizing the role that cytokines like TNF

carry out in innate and adaptive immunity.

Tumor Necrosis Factor

Pro-inflammatory cytokines carry out diverse functions, with a
considerable ability to modulate not only inflammation, but also the innate and
adaptive immune responses as a whole. Tight temporal regulation of
production by host cells is essential to properly remove infecting pathogens as
well as prevent disease states that can arise from chronic inflammation. Of all
the cytokines involved in inflammation and immunity, perhaps the most
ubiquitous in its production and diverse in its function is TNF. In addition to its
well-known role of propagating the initial signal of pathogen challenge and
being a master regulator of pro-inflammatory cytokine production, TNF also
plays a role in cell death and proliferation, differentiation, migration,
phagocytosis, and survival. However, aberrant TNF production can lead to a
variety of disease states, including cancer, diabetes, atherosclerosis, and

autoimmune disorders such as inflammatory bowel disease and rheumatoid
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arthritis (Parameswaran and Patial, 2010; Waters et al., 2013). Furthermore,
the connection between bacterial infection and autoimmune disorders resulting
from TNF misregulation is well reported. Therefore, a mechanistic and
quantatitive understanding of the production and subsequent role in
inflammatory signaling of TNF is of particular importance.

The history of the discovery of TNF begins with work in the early 1960s
published by O’'Malley et al. that demonstrated that the tumor necroptotic
ability of bacterial endotoxin was indirect, and that there existed a factor
produced within serum of LPS challenged animals that conferred this tumor
killing functionality (O’Malley et al., 1962). This factor was identified in 1975,
and termed ‘tumor necrosis factor’, which was later isolated and cloned
(Aggarwal et al., 1985; Carswell et al., 1975; Shirai et al., 1985; Wang et al.,
1985). Concurrent with the discovery and characterization of tumor necrosis
factor was the study of wasting, or cachexia. It was determined that a factor
produced by macrophages in response to bacterial infection could lead to
formation of the disease state associated with cachexia, and this factor was
termed cachectin (Beutler et al., 1985b, 1985b; Kawakami and Cerami, 1981).
It was soon discovered that tumor necrosis factor and cachectin were in fact
the same protein, an early demonstration of the breadth of TNF function
(Beutler et al., 1985a).

The factor that came to be known as TNF was first discovered as a

protein secreted by macrophages, but its production is not limited to that cell
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lineage; a variety of immune cell types, including DCs, neutrophils, NKs, and T
cells, can produce and secrete TNF (Akira et al., 1990; Grivennikov et al.,
2005; Serbina et al., 2003). The production of TNF is elicited by numerous
PAMPs and pro-inflammatory cytokines, including IL-1 and TNF (Bethea et al.,
1992; Werner et al., 2005). NFkB and IRF3, transcription factors downstream
of TLRs and their adaptors MyD88 and TRIF, have been previously implicated
in controlling TNF transcription (Covert et al., 2005; Drouet et al., 1991; Lee et
al., 2009; Wesche et al., 1997; Yamamoto et al., 2003; Zhao et al., 2008).
Gene transcription is not the only level of control of TNF production, however:
TNF has been shown to be regulated post-transcriptionally through the control
of its mMRNA half-life, protein translation, and secretion (Andersson and
Sundler, 2006; Black et al., 1997; Han et al., 1991a, 1991b). Because of this,
the temporal kinetics of TNF secretion by cells responding to stimuli depend
on multiple steps of production control, which may be modulated differentially
depending on stimuli.

As highlighted previously, TLR agonists such as LPS activate multiple
kinase and transcription factor pathways. In the case of TNF production,
MAPK pathway activation has been shown to control various steps in the
maturation of TNF from nascently transcribed mRNA to secreted protein. The
3’ untranslated region of TNF mRNA contains a series of palindromic AU
sequences, termed AU-repeat elements (AREs), which are recognized by

multiple types of proteins for binding (Han et al., 1991a, 1991b). These
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proteins, such as TTP or HuR, have been shown to either designated the TNF
mRNA for degradation or prolong its existence, respectively (Carballo et al.,
1998; Fan and Steitz, 1998; Kontoyiannis et al., 1999; Lai et al., 1999; Peng et
al., 1998). Unphosphorylated TTP can bind ARE-elements in mRNA and
localize the mRNA to processing bodies (p-bodies), small compartments in the
cytoplasm which contain machinery for degrading mRNA (Sandler and
Stoecklin, 2008). In unstimulated cells, this process occurs constitutively,
causing TNF to have a half-life as short as 7 minutes (Hao and Baltimore,
2009). However, a MAPK known as MK-2 which downstream of canonical
MAPKs ERK1/2 and p38, has been shown to phosphorylate TTP on Ser*? and
Ser'’®, which allows TTP to be bound by the protein complex 14-3-3 which
decreases the ability of TTP to direct the degradation of TNF mRNA (Hitti et
al., 2006; Johnson et al., 2002; Kotlyarov et al., 1999; Ronkina et al., 2007;
Stoecklin et al., 2004). This leads to an increase in half-life of TNF mRNA as
much as six-fold, stabilizing TNF message and allowing more mRNA to be
translated into protein (Hao and Baltimore, 2009).

In addition to half-life stabilization, there have also been mechanisms
reported on the promotion of translation of TNF mRNA. The MAPK Mnk-1 and
its target eukaryotic initiation factor 4E (elF4E), a protein that likely recruits
mRNAs to translational machinery, have been implicated in the control of TNF
mRNA translation (Andersson and Sundler, 2006; Topisirovic et al., 2004;

Wang et al., 1998). Furthermore, it has been reported that the MAPK MK-2,
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shown to stabilize mRNA messages, may also control or promote the
translation of TNF mRNA (Gais et al., 2010).

TNF is translated as 27kDa pro form of the protein, known as mTNF or
pro-TNF. This form contains a membrane-spanning domain that anchors the
protein to the plasma membrane. In order to be secreted, proTNF is
proteolytically cleaved by a metalloprotease called TNF converting enzyme
(TACE), which converts the protein into a 17kDa molecule that forms a
homotrimer in its biologically active form (Black et al., 1997; Parameswaran
and Patial, 2010; Smith and Baglioni, 1987). TACE functions downstream of
the MAPKs p38 and ERK1/2, which phosphorylate and activate the enzyme
on Thr™*® (Diaz-Rodriguez et al., 2002; Fan and Derynck, 1999; Soond et al.,
2005; Xu and Derynck, 2010). These studies highlight the fact that TNF
production is highly regulated in response to stimuli, shaping the kinetics of
TNF secretion through the activation of multiple pathways used by stimulus-
sensing receptors.

There has been considerable research on the diverse ways that TNF
propagates inflammatory signals through paracrine signaling, the signaling
process whereby TNF is secreted by a responding cell, and then sginals to
neighboring cells of similar or dissimilar lineage. This paracrine signaling effect
of TNF is essential for its activity to recruit diverse cell types and modulate the
inflammatory and immune response. However, TNF can also signal in an

autocrine manner, where the cell that responds to a stimuli and secretes TNF



19

can also sense the TNF it has just produced; this phenomenon has been
documented as an essential aspect of TLR-induced inflammatory signaling
(Blasi et al., 1994; Coward et al., 2002; Kuno et al., 2005; Lombardo et al.,
2007; Wu et al.,, 1993; Xaus et al.,, 2000). Indeed, the balance between
autocrine and paracrine signaling functions of TNF was proposed early on in
the study of intracellular bacteria infections as an important feature of
pathogen response, as well as in mounting a response that addresses
infection without developing autoimmune disorders (Kindler et al., 1989; Zhan
et al.,, 1996). Furthermore, recent studies have reported that mice with a
bioactive transmembrane-bound TNF which is unable to be secreted are still
able survive physiological doses of the intracellular bacteria L.
monocytogenes, though paracrine TNF signaling is abrogated (Alexopoulou et
al., 2006).

The cytokine TNF is expressed and secreted by a variety of immune
cells and non-immune cells responding to pathogen challenge or pro-
inflammatory paracrine cytokine signaling, and itself controls not only pro-
inflammatory cytokine production, but many essential cellular functions
including cell death and proliferation, differentiation, migration, phagocytosis,
and survival. The regulation of kinetics of TNF production and release are
particular importance, as aberrant production can lead to variety of

autoimmune disorders and diseases.
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Figure 1.2 Regulation of TNF production

Diagram illustrating mechanisms potentially regulating the production of TNF;
solid lines indicate known mechanisms, dashed lines indicate mechanism that
have been reported in the literature in differing cell systems. TLR agonists
such as LPS, CpG, or Polyl:C engage their respective TLRs, leading to the
recruitment of adaptors MyD88 and TRIF. These adaptors lead to the
activation of transcription factors NFkB and IRF3, which have been implicated
in TNF gene transcription. TNF is also modulated at the level of mMRNA
stability, translation and secretion, but the mechanisms and adaptor control
are not clear.
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Macrophages

Macrophages are a myeloid-lineage cell type that have remarkable
plasticity in their function and response in the context of innate and adaptive
immunity. Traditionally, macrophages have been classified as either pro-
inflammatory and classically activated, designated as M1 lineage, or wound-
healing and alternatively activated, designated as M2 lineage. However,
recent advances in the field on the diverse functions that macrophages carry
out suggest that the paradigm of macrophages existing on either of the
extreme M1 or M2 is no longer appropriate. Rather, there is a spectrum of
types of macrophages, that can carry out many types of functions including
responding to pathogens and eliciting inflammation, wound-healing/tissue
remodling, and regulating innate and adaptive immunity (Mosser and
Edwards, 2008). The roles that a particular macrophage can play are very
dependent on the context of where it is localized; furthermore, macrophages
have considerable ability to switch between roles, given the proper intercellular
and extracellular contextual signals. While M1 macrophages are primarily
known for the pro-inflammatory cytokine production and phagocytic activity,
the proper modulation of the macrophage response both by other immune
cells as well as by macrophages themselves is essential for the propagation of
an initial stress or pathogen and the subsequent resolution of inflammation.

In the context of responding to pathogen and infection and

inflammatory signaling, however, macrophages serve as sentinels of the
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innate immune system (Murray and Wynn, 2011). Macrophages begin as
myeloid progenitor cells in the bone marrow, where they are directed down a
lineage line from monoblasts, to pro-monocytes, and then monocytes. At this
stage, they are released and targeted to circulate in the blood stream. From
here, monocytes are able to transport from the blood stream into various
tissues, where they are directed through signaling from their tissue
environment towards a finalstage of maturation, such as alveolar
macrophages (lung), Kupffer cells (liver), and osteoclasts (bone) (Mosser and
Edwards, 2008; Murray and Wynn, 2011). In order to reach a M1 state of
classical activation, tissue-resident macrophages must be stimulated by the
combination of two stimuli: IFNy and TNF. The signaling conjunction of these
two cytokines, traditionally secreted by Ty1 and NK cells, enhances the
macrophage capacity to produce pro-inflammatory cytokines and carry out
host defense against microorganisms. However, TNF and another IFN family
member IFNB are produced by macrophages responding to LPS, through the
activation of the TLR4 adaptors MyD88 and TRIF leading to NFkB and IRF3
activation. The IFNB produced by macrophages is able to replace the requisite
IFNy needed for M1-like lineage determination, and thus when sensing
pathogens, macrophages are able self-activate and modulate towards a M1
state (Mosser and Edwards, 2008).

Classically activated tissue resident macrophages are often the first line

of defense of host innate immunity, and rapid and strong pro-inflammatory
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cytokine production is a hallmark mechanism by which they carry out
pathogen clearance. Of all the pro-inflammatory cytokines that macrophages
produce, TNF is perhaps the most essential to macrophage function.
Macrophages produce high levels of TNF in response to PRRs and cytokines
such as IL-1 and TNF. The signaling effect of secreted TNF is important for
macrophage inflammatory function, including regulation of iINOS production,
phagocytic activity, and inflammatory resolution (Aderem and Underhill, 1999;
Michlewska et al., 2009; Salkowski et al., 1997).

In summary, classically activated macrophages play a key role in the
initial response to pathogen infection, propagation of inflammatory signal,
clearance of infection, and resolution of inflammation. They carry out these
functions largely in part through the production of pro-inflammatory cytokines,
chiefly TNF, which serves to recruit specified cell types to sites of infection
through induction of gene programs for chemokine production and attenuation
of inflammation. The tight regulation of TNF production in macrophages,
therefore, is essential for the proper response to pathogens and subsequent
downregulation, as many of the TNF-associated disease states have been
demonstrated to be largely caused by macrophage misregulation (Biswas and

Mantovani, 2010; Gillett et al., 2010; Waters et al., 2013).
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Systems Biology: Synthesis of Experiment and Simulation

The field of computational systems biology has aggressively pursued
the synthesis of experiment and simulation in developing mathematical
models that are able to make quantitative predictions of the complex dynamics
and outcomes of large signaling networks. While many individual signaling
pathways have been studied in-depth, particularly systems related to
inflammation and innate immunity, there still exists a deficiency in the
understanding of how signaling networks act on a global scale.

In order to develop a deeper quantitative prediction of network
dynamics, there have been two main approaches within the field: a data-
driven modeling approach, and a physicochemical modeling approach. In the
first approach, large data sets of biochemical readouts are produced in a
model cell type in response to set of perturbations, and the relationship
between perturbations (inputs) and biochemical measurements (outputs) are
determined by statistical regression methods. These data sets often include
the measurements of mRNA induction, protein production, and protein
secretion in measurement numbers approaching tens of thousands (Janes et
al., 2005, 2006). This data-driven modeling approach has shown considerable
predictive ability with regards to determining the end signaling result due to a
particular stimulus (Feldman et al., 2013; Janes et al., 2005, 2006). However,
there are drawbacks to this approach; the statistical methods used to infer

pathway relationships have difficulty in predicting mechanisms of interaction.
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Furthermore, the predictive ability of this data-driven approach is often
confined to the particular set of perturbations or cell system used to train the
computational model. As a result, the predictions made by the computational
model often don’t translate well to other analogous systems or networks.

The second common approach taken is physicochemical modeling,
which uses physical information from the characterization of protein-protein
interactions and mass-action, enzyme Kkinetics to create mathematical models
(Aldridge et al., 2006). While these models are often able to recapitulate
experimental data of small interaction networks, the fine-grained experimental
data needed means that this approach is difficult to scale up to large signaling
networks. Furthermore, there is considerable difficulty concerning the
parameterization of physicochemical models so that they can make
meaningful predictions of the signaling networks they describe.

A recent approach that blends these two methods has come to be
known as modular biology (Hartwell et al., 1999; Kitano, 2002; Mallavarapu et
al., 2009a). In this approach, signaling networks are broken down into discrete
modules, units of signaling interactions with minimal inputs and outputs. Here,
the topology of the module is similar to the physicochemical approach, with
simple molecular interactions making up each module. However, like the data-
drive approach, the dynamics of explicit inputs and outputs are measured at a
quantitative level. While the parameters within each module are not based on

measured rate reactions, the biochemical data acquired from proteins within
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the module, as well as from inputs and outputs of the model, is used to
parameterize the mathematical model based on each module. A major
strength of this approach is that the modules are interchangeable and complex
signaling networks can be built by combining building-block modules.
Previously, our lab has identified modules within the NFkB pathway and
blended experiment and simulation to make mathematical models describing
IKK signaling to NFKB and TNFR signaling to IKK (Hoffmann et al., 2002;
Werner et al., 2005, 2008). In the chapter 2 of this thesis project, we use the
modular approach to experimentally and computationally characterize each
step in the regulation and production of TNF in TLR-induced macrophage
inflammatory signaling. As the production and secretion of TNF is dynamic
process, with both paracrine and autocrine signaling, a quantitative
understanding of how TNF signals within the TLR-NFkB-TNF signaling
network is still needed. Therefore, chapter 3 of this thesis project focuses on
building a multi-modular model for the TLR-NFkB-TNF signaling network,
combining the previously published modules for TLR signaling to IKK, TNFR
signaling to IKK, and IKK signaling to NFkB with the TNF production model
presented in chapter 2 to make predictions about the stimulus-specific

autocrine and paracrine signaling functions of TNF.
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Objectives of the Dissertation

Macrophages are considered as sentinels of the immune system; they
are often the first responders to pathogen challenge and elicit the propagation
of inflammation through the production of cytokines. TNF is an essential
cytokine rapidly secreted by macrophages in response to pathogen infection
and signals to diverse immune cell types with pleitropic functions.

The introduction provided an overview of the inflammatory and innate
immune signaling network in the context of TLR-induced signaling. There have
been many mechanisms reported for the regulation of TNF production in this
signaling network, but given the diverse cell systems used, it is not clear which
are relevant for macrophages, nor which adaptors control those mechanisms.
Chapter 2 of the dissertation will center on quantifying discrete steps in the
production of TNF, determining the mechanisms that control TNF processing,
and constructing simple mathematical models to describe these complex
events.

A modular, systems biology approach to signaling networks has been
previously used to achieve considerable qualitative and quantitative insights.
In chapter 3 of the dissertation, the mathematical models for each step in TNF
production will be linked together and connected to modules for TLR, TNFR,
and NFkB to construct a multi-modular model for TNF production and
signaling in the context of the inflammatory response to pathogens. This

model will then be simulated to make predictions about the stimulus-specific
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autocrine and paracrine functions of TNF, which will subsequently be

experimentally verified and explored further.



Chapter 2: Towards a quantitative and modular understanding

of TLR-induced TNF production

29
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Introduction

Tumor necrosis factor (TNF) is a key inflammatory cytokine produced
by macrophages exposed to pathogens. The Toll-Like Receptor (TLR) family
of receptors recognizes a variety of molecular substances derived from
pathogens such as bacteria, viruses, and fungi, eliciting signaling events that
coordinate inflammatory and innate immune responses (Kawai and Akira,
2010). TLRs are expressed in many cell types, but perhaps one of the most
relevant types for the innate immune response are those of classically
activated (M1) macrophages. A hallmark of M1 macrophages and a primary
role that they carry out in the innate immune response is the production of pro-
inflammatory cytokines, including the ubiquitously expressed TNF (Mosser
and Edwards, 2008; Parameswaran and Patial, 2010). In macrophages, TLRs
utilize two adaptors which mediate the signaling events leading to pro-
inflammatory cytokine production: TRIF and MyD88 (Hacker et al., 2000;
Hoebe et al., 2003; Kawai et al., 1999; Sato et al., 2003; Yamamoto et al.,
2003). While all TLRs with the exception of TLR3 use the adaptor MyD88,
TLR4 uniquely uses both MyD88 and TRIF, which signal from the cell
membrane and endosome, respectively (Kawai and Akira, 2010). These
adaptors mediate the activation of transcription factors such as NFkB and
IRF3, both of which have been implicated in the control of TNF production
(Covert et al., 2005; Drouet et al., 1991; Lee et al., 2009; Wesche et al., 1997;

Yamamoto et al., 2003).
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The production of TNF is not only regulated at the level of gene
transcription, but post-trascriptionally through mRNA half-life stabilization,
protein translation, and protein secretion (Andersson and Sundler, 2006; Black
et al.,, 1997; Han et al.,, 1991a, 1991b). Previous reports have sought to
determine whether the adaptors TRIF or MyD88 are responsible for these
post-transcriptional production control mechanisms, but the conclusions have
been mixed; while some reports have argued that TRIF is essential for TNF
mRNA half-life control, others have suggested that TRIF is dispensable, or
that MyD88 is in fact necessary (Datta et al., 2004; Gais et al., 2010; Hitti et
al., 2006; Ronkina et al., 2007; Wang et al., 2011). Given the different
conclusions that have been made in various cellular systems with respect to
which adaptor controls each of these post-transcriptional processes, we
sought to characterize the TRIF and MyD88-mediated mechanisms of TNF
production control in primary macrophages.

A fruitful trend in signaling biology has been the approach of combining
experiment studies with mathematical models to achieve quantitative and
qualitative insights that would not be possible with either alone, an approach
that our lab has used extensively (Kearns et al., 2006; O’Dea et al., 2007;
Werner et al., 2005, 2008). By constructing simple models based on modules
identified by experimental studies and linking these building blocks, we are
able to perform computational simulations of signaling networks that may be

used to develop novel predictions that can be tested experimentally.
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In this chapter we focused on experimentally characterizing the
complex mechanisms leading to TNF production. The experimental
quantification of these mechanisms was incorporated into mathematical
models based on the modules identified for TNF transcription, mRNA
stabilization, translation, and secretion that can recapitulate the experimental
results and be used in chapter 3 to make predictions about TLR-induced

autocrine and paracrine TNF production in the context of NFkB signaling.

Materials and Methods
Animals and cell culture

For all experiments using mice, the C57BL/6 strain was used. These
mice were housed at the University of California, San Diego (UCSD) in
pathogen-free conditions. The experiments performed using mice were in
accordance with protocols authorized by the UCSD Institutional Animal Care
and Use Committee. Bone Marrow-Derived Macrophages (BMDMs) were
made through the isolation of 6 x 10° bone marrow cells from C57BL/6 mouse
femur and tibia bones from wild-type, trif”, myd88”, and irf3” irf7”" mice. To
differentiate into BMDMs, BM cells were cultured in L929-conditioned media
for 7 days in 15cm suspension dishes at 37°C and 5% CO,. On day 7, the
differentiated BMDMs were collected and re-plated in Dulbecco’s modified
Eagle’s medium (DMEM) supplemented with 10% fetal bovine serum at a

density of either 14.3 x 10° cells per 15cm culture dish (nascent TNF mRNA
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isolation) or 2 x 10° cells per 6cm culture dish (all other experiments). Fetal
Liver Derived Macrophages (FLDMs) were isolated from the fetal liver of E13-
E14 embryos of wild-type or rela”relb”crel”” mice, followed by culturing in
L929-conditioned media for 7 days in suspension dishes at 37°C and 5% CO..
On day 7, the differentiated FLDMs were collected and re-plated in Dulbecco’s
modified Eagle’s medium (DMEM) supplemented with 10% fetal bovine

serum.

Analysis of Secreted TNF

For all ELISA experiments to measure the concentration of secreted
TNF, BMDMs were replated on day 7 at a density of 2 x 10° cells per 6cm
culture dish in DMEM supplemented with 10% fetal bovine serum. On day 8,
BMDMs were stimulated with 10ng/mL of LPS (Sigma, B5:055) in 1mL of
DMEM media per plate. After stimulation for each indicated time, the media
from each plate was collected and stored at -20°C until processed. To
measure the concentration of TNF secreted by BMDMs into the media,
ELISAs were performed using the mouse TNF alpha ELISA Ready-SET-Go!®
kit in Corning Costar 9018 high affinity binding 96-well plates (affymetrix
eBioscience cat #88-7324-77). TNF concentration in cell media was measured
in triplicate wells and incubated overnight at 4°C. Standard solutions of 2-fold
dilutions of 1000pg/mL mouse TNF standard down to 7.5pg/mL were used and

a standard curve applied as in the manufacturer’s guidelines. ELISA 96-well
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plates were read using a BioTek Epoch Micro-Volume Spectrophotometer

System.

RNA extraction and cDNA preparation

For all mRNA analysis, BMDMs and FLDMs were replated on day 7 at
a density of 2 x 10° cells per 6¢cm culture dish in DMEM supplemented with
10% fetal bovine serum. On day 8, BMDMs were stimulated with 10ng/mL
LPS in 1mL of DMEM media per plate, while FLDMs were stimulated with
100ng/mL LPS. To isolate RNA for mature mRNA analysis, the plates were
washed with ice-cold PBS+1mM EDTA and total RNA was extracted using
Qiagen QIlAshredder and RNeasy kits according to the manufacturer’s
guidelines (Qiagen). RNA was eluted with 30puL of RNase-free water and
stored at -80°C. cDNA libraries were created from 500ng of total RNA using
the Bio-Rad iScript cDNA synthesis kit per the manufacturer’s instructions
(Bio-Rad).

For all nascent mRNA analysis, BMDMs were replated on day 7 at a
density of 14.3 x 10° cells per 15cm culture dish in DMEM supplemented with
10% fetal bovine serum. On day 8, BMDMs were stimulated with 10ng/mL of
LPS in 10mL of DMEM media per plate. All steps were performed on ice or at
4°C. Cells were washed with ice-cold PBS+1mM EDTA and lysis buffer (10
mM Tris pH 7.5, 150mM NaCl 0.5 mM EDTA pH 8.0, 0.15% NP-40, 1 mM

DTT, 1 mM PMSF, 10 pg/ml aprotinin, 5 ug/ml leupeptin, and 1mM pepstatin)
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added to plates to lyse cytoplasmic membranes. Nuclei pellets were formed by
applying to a 675uL cushion of 0.9M sucrose in lysis buffer followed by
centrifugation at 11,700g for 10min. Resulting nucleoplasmic pellets were
washed with ice-cold PBS+1mM EDTA and resuspended in 600uL of glycerol
buffer (20mM Tris pH 7.9, 75mM NaCl, 50% Glycerol, 0.5mM EDTA, 1mM
DTT, 1 mM PMSF, 10 ug/ml aprotinin, 5 ug/ml leupeptin, and 1mM pepstatin).
Then, 600uL of nuclei lysis buffer (10mM HEPES pH 7.6, 75mM MgCly,
0.3mM NaCl, 1mM Urea, 0.2mM EDTA, 1% NP-40, 1 mM DTT, 1 mM PMSF,
10 pg/ml aprotinin, 5 ug/ml leupeptin, and 1mM pepstatin) was added to each
sample and vortexed. Samples were centrifuged for 2 minutes at 11,700g,
leaving the chromatin pellet. The chromatin pellet was washed with ice-cold
PBS+1mM EDTA followed by the addition of 1mL TRIzol reagent (Life
Technologies). 0.2mL of cloroform was added to each sample and shaken
vigorously for 20 seconds. Samples were centrifuged for 15 minutes at
12,000g at 4°C. The RNA-containing aqueous phase was removed and an
equal volume of 70% ethanol added. The resulting solution containing
chromatin RNA was purified using the RNeasy kit in 30uL of RNase-free water
according to the manufacturer’s guidelines (Qiagen).

The purified RNA was then treated with DNase to remove any DNA
from the sample preparation by mixing 500ng-1ug of RNA with DNase |,
DNase | buffer, and RNase inhibitor (RNase Out) and incubating at room

temperature for 20 minutes. EDTA was then added to a final concentration of
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2.25mM and samples heated at 65°C for 10 minutes. The chromatin RNA
samples with digested DNA were then used to make cDNA libraries using the
iScript cDNA synthesis kit according to the manufacturer’s guidelines (Bio-

Rad).

qRT-PCR

In order to measure the nascent and mature mRNA expression levels of
TNF and two housekeeping genes, GAPDH and actin, quantitative real-time
PCR (RT-PCR) was used. For mature mRNA expression level analysis,
primers for TNF and the housekeeping gene GAPDH were designed (TNF: 5'-
CACCACGCTCTTCTGTCTAC forward, 5'-AGAAGATGATCTGAGTGTGAGG
reverse; GAPDH: 5-AACTTTGGCATTGTGGAAGG forward, 5’-
GGATGCAGGGATGATGTTCT reverse). For nascent mRNA expression level
analysis, primers for nascent TNF mRNA and actin were designed to bind
regions that span intron-exon junctions or intronic regions (ntTNF: 5'-
CCCAGACCCTCACACTCAGTA forward, 5-AACTGCCCTTCCTCCATCTT
reverse; ntActin:. 5- CTGTATTCCCCTCCATCGTG  forward, 5'-
GCTTGCCACTCCCAAAGTAA reverse). As nascent mRNA, but not mature
mMRNA, contains intronic regions or junctions, the amplified qRT-PCR signal
can be related to nascent mMRNA expression levels. Samples were analyzed in
triplicate in 384 PCR plates using 1.0 ul cDNA template, 1.0 yl (100 nM final

concentration) of each primer, and 2.5 pyl SsoAdvanced SYBR Green
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Supermix (Bio-Rad). qRT-PCR was performed on a Bio-Rad CFX384 Real-
Time Detection System and analyzed using the Bio-Rad CFX Manger
Software v1.6, with amplification of genes of interest represented in
quantifaction cycle (Cq) values. Fold changes (represented on log2 and linear
scales) for all time points within experiments are relative to the wild-type 0-hr
timepoint, calculated by the A(ACq) method previously described (Schmittgen

and Livak, 2008).

TNF half-life determination

For the collection of mRNA for the determination of TNF half-life,
BMDMs were replated on day 7 at a density of 2 x 10° cells per 6¢cm culture
dish in DMEM supplemented with 10% fetal bovine serum. On day 8, BMDMs
were stimulated with 10ng/mL TNF alone or with a combination of 10ng/mL
TNF and 10ng/mL LPS in 1mL of DMEM media per plate. After 30 minutes of
stimulation, actinomycin-d (Sigma), a drug that intercalates into DNA and
arrests transcription, was added to each plate at a final concentration of 10nM.
Time points were collected in 15-minute increments up to 60 minutes following
actinomycin-d treatment. RNA extracts were collected and purified, cDNA
libraries were synthesized, and qRT-PCR was analyzed as previously
described. The half-life of TNF mRNA was determined by graphing TNF

mRNA expression levels relative to the timepoint taken at time 0 of
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actinomycin-d treatment, and a trendline applied. The half-life was calculated

by taking the inverse of the slope of these trendlines multiplied by /n(2).

Nuclear extraction and gel shift assays

BMDMs were replated on day 7 at a density of 2 x 10° cells per 6cm
culture dish in DMEM supplemented with 10% fetal bovine serum. On day 8,
BMDMs were stimulated with 10ng/mL of LPS in 1mL of DMEM media per
plate. CE Buffer (10mM HEPES pH 7.9, 10mM KCI, 0.1mM EGTA, 0.1mM
EDTA, 1mM DTT, 1mM PMSF, 10ug/ml aprotinin and 5ug/ml leupeptin) was
added to plates to collect cells. 0.5% NP-40 was then added to each sample
and vortexed. Nuclei pellets were formed by centrifugation at 4000g for 1
minute, followed by resuspension of nuclei pellets in 15uL of nuclear extract
buffer (20 mM HEPES ph 7.9, 400mM NaCl, 1.5mM MgCl,, 0.2mM EDTA,
25% glycerol, 1TmM DTT, 1mM PMSF, 10upg/ml aprotinin and Sug/ml
leupeptin). The nuclear lysates were centrifuged at 14,000g at 4°C for 5
minutes, and protein concentrations determined by Bradford assay (Bio-Rad).
Nuclear lysates from each experiment were normalized, and Electrophoretic
Mobility Shift Assays (EMSAs) performed as described previously (Werner et
al., 2005). Nuclear lysates were incubated at room temperature for 15 minutes
with a P*-labelled HIV G1G2 probe, a double-stranded oligonucleotide that

contains two kB sites:
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(GCTACAAGGGACTTTCCGCTGGGGACTTTCCAGGGAGG). Samples were
applied to and run on a non-denaturing acrylamide gel to separate bands
corresponding to activated NFkB binding the kB-containing P**-labelled probe.
These bands were captured by audioradiography and analyzed using
ImageQuant software (GE Lifesciences). Quantification of bands was
performed by measuring the absolute intensity of each p65-p50 NFkB dimer

band and normalizing all intensities to the peak wild-type band intensity.

Immunobloting

For immunoblot analysis, BMDMs were replated on day 7 at a density
of 2 x 10° cells per 6cm culture dish in DMEM supplemented with 10% fetal
bovine serum. On day 8, BMDMs were stimulated with 10ng/mL of LPS in 1mL
of DMEM media per plate. For drug treatments with inhibitors for p38 and
ERK, cells were treated with DMSO alone, 10uM p38 inhibitor in DMSO, or
10uM ERK inhibitor in DMSO for 1 hour prior to stimulation with LPS (p38: SB
203580 Tocris; ERK1/2: FR180204 Sigma). After stimulation, cells were
washed with PBS+1mM EDTA, and whole-cell extracts prepared using RIPA
buffer (50mM Tris pH 7.5, 150mM NaCl, 1mM EDTA, 0.1% SDS, 1.0% Triton
X-100, 1mM DTT, 1mM PMSF, 10ug/ml aprotinin, Sug/ml leupeptin, 1mM
NaVO,4, 10mM NaF, 20mM BGP). Protein concentrations were analyzed by
Lowry assay. Antibodies used include phospho-p38 Thr180/Tyr182 (Cell

Signaling Rabbit mAb #4511), phospho-ERK1/2 Thr202/Tyr204 (Cell Signaling
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Rabbit mAb #4370), phospho-MK2 Thr334 (Cell Signaling Rabbit mAb #3007),
phospho-MK2 Thr222 (Cell Signaling Rabbit mAb #3316), phospho-TTP
Ser178 (A gift from Dr. Paul Anderson at Brigham and Women’s Hospital),
TNF (Cell Signaling Rabbit mAb #3042), phospho-elF4E Ser209 (Cell
Signaling Rabbit #9741), phospho-TACE Thr735 (Abcam Rabbit ab60996,

Assay Biotech Rabbit A0763), and actin (Santa Cruz Goat sc-1615).

Computation Simulations

Simple Ordinary Differential Equations (ODEs) were written for each
step in the production of TNF (nascent gene transcription, mRNA half-life
stabilization, translation/secretion) based on the modules identified through
experimental approaches. Experimentally derived values of inputs and outputs
for each mathematical model were used in parameterization. For TRIF-
mediated TNF mRNA half-life begins at 17 minutes, linearly increases upon
stimulation to 37 minutes following 30 minutes of stimulation, and then
decreases linearly to 10 minutes of half-life after 1 hour of stimulation. The
three TNF production models were then connected, where the output of one
model serves as the input for the subsequent model. The fitness of each
mathematical model to math experimental data was determined and scored by
RMSD. MATLAB version R2013a (The MathWorks Inc.) was used to

numerically solve ODEs with the subroutine ode15s.
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Dynamics of TNF production are dependent on kinetics of TRIF and
MyD88-mediated signaling events

To investigate the TRIF- and MyD88-specific control mechanisms and
temporal dynamics of TNF production in TLR signaling, we used the TLR
agonist that activates both TRIF and MyD88: lipopolysachharide (LPS). First,
we measured TNF secretion in the supernatant of LPS-stimulated wild-type,
trif”, and myd88” BMDMs. This revealed that while both trif” and myd88”
have significant defects in TNF secretion, trif” BMDMSs surprisingly exhibited
even lower TNF secretion than myd88” (Fig 2.1A). To determine whether the
defects in TNF secretion seen in trif” and myd88'/' is due to decreased mRNA
production, BMDMs were stimulated with LPS and mature mRNA levels were
measured (Fig 2.1B). Unsurprisingly, myd88” had decreased mature TNF
MRNA production compared to wild-type, showing no early mRNA production
within 30 minutes, and reaching its peak around 1 hour. However, trif”
BMDMs had only a small defect in mature TNF mRNA production, suggesting
that TRIF may control translational or post-translational processing of TNF. To
determine the TNF mRNA synthesis rates, wild-type, trif”, and myd88”
BMDMs were stimulated with LPS and nascent transcripts collected. This
revealed that while myd88'/' showed significantly decreased nascent TNF
mMRNA for the first 25 minutes of LPS stimulation, nascent TNF mRNA levels
were slightly increased above wild-type after 60 minutes of LPS stimulation

(Fig 2.1C). In contrast, trif” BMDMs exhibited slightly increased nascent TNF
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mMRNA levels over wild-type for the first 30 minutes of LPS stimulation, but
decreased compared to wild-type after 60 minutes. The fact that trif” BMDMs
have increased nascent TNF mRNA for the first 30 minutes of LPS stimulation
compared to wild-type but decreased total mature mRNA production
throughout the time course suggests that TRIF may control post-transcriptional

processing of TNF as well.

TNF mRNA production is regulated by NFkB, but not IRF

In addition to leading to the activation of NFkB, the signaling adaptor
TRIF also activates the transcription factor IRF3, leading to production of IFN-
B and activation of the IFNAR signaling pathway. Previous reports had
suggested that in addition to NFkB, IRF3 activation was an important factor in
TNF production in response to TLR agonists such as LPS (Covert et al.,
2005). To investigate whether TNF gene transcription was controlled by solely
NFkB or by IRF3 as well, wild-type and rela”relb’crel~ FLDMs were
stimulated with LPS. Here, we found that rela”relb”crel”” FLDMs have no
appreciable mature TNF mRNA production, supporting the model that NFkB is
essential for TNF gene transcription (Fig 2.2). To investigate whether IRF3
was involved in TNF gene transcription, irf3”irf7’" BMDMs were stimulated
with LPS and mature TNF mRNA production measured; this revealed that irf3
“irf7”" had no defects in mature TNF mRNA production (Fig 2.3A). To ensure

that this was true for nascent TNF mRNA production as well, nascent
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transcript analysis in irf3”irf7”- BMDMs stimulated with LPS demonstrated that
there is no defect in TNF gene transcription and that IRF3 activation is not
needed for TNF production (Fig 2.3B).

As NFkB was confirmed to be the transcription factor solely responsible
for TNF transcription, we sought to characterize NFkB activation in trif” and
myd88'/' BMDMs in response to LPS; this revealed that NFkB activation is
decreased in both trif”” and myd88” (Fig 2.4). The trif” BMDMs have normal
early activation (0-30 minutes) but significantly decreased activation following
30 minutes; conversely, myd88'/' BMDMs have decreased early activation, but

late activation (45 minutes to 4 hours) is unchanged compared to wild-type.

A Module for TLR-induced nascent TNF mRNA production

Given that TRIF and MyD88-mediated NFkB activation is what drives
the transcription of the TNF gene, we were able to devise a module for
nascent TNF RNA production using NFkB activity as an input and nascent
TNF mRNA as an output (Fig 2.5). This module serves as a basis for a
computation model describing the production of nascent TNF mRNA in the
context of LPS-induced NFkB signaling; this model consists of a TNF gene
containing two kB sites, where NFkB is able to bind. Upon NFkB binding (the
activity of which is determined through quantification of EMSA experiments),
nascent TNF RNA is produced, which can be processed into mRNA. In this

mathematical model, the rate of nascent TNF transcription can be determined
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by a Hill equation based on NFkB activity and promoter binding sites, and a
mass action equation for nascent processing. Previous work as shown that
PKR activity is important for processing nascent TNF RNA to mRNA(Osman et
al., 1999), and that PKR activation is at least partially mediated by MyD88
(Horng et al., 2001). Given that MyD88 and TRIF both contribute to p38 and
ERK activation, which are upstream of PKR, in the computational module
MyD88 and TRIF equally contribute to nascent RNA processing. Using
experimentally determined NFkB activity in LPS-induced signaling as an input,
this model is able to recapitulate the experimentally determined nascent TNF

RNA transcription seen in WT, trif”", and myd88”~ BMDMs.

TRIF controls TNF mRNA half-life

Previous reports have shown that the half-life, translation, and secretion
of TNF mRNA can be modulated during TLR signaling. While it is clear that
these processes are important for the temporal dynamics of TNF production in
TLR signaling, what is not clear is whether MyD88, TRIF, or some combination
of the two adaptors controls these regulation steps. The discrepancy between
nascent TNF RNA production levels and whole-cell TNF mRNA levels in trif”
BMDMs in response to LPS, prompted us to investigate which stimuli activate
the pathways leading to TNF mRNA stabilization, translation, and protein
secretion, as well as which TLR adaptor, or combination of both, control these

processes.
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To investigate the stimulus-specific half-life control of TNF mRNA, wild-
type BMDMs were stimulated with TNF alone, which induces TNF mRNA
expression but not TNF mRNA stabilization, or TNF and LPS. Following
stimulation, treatment with the drug actinomycin-d arrests transcription and
allows for the measurement of the rate of decay of TNF mRNA. Stimulation
with TNF set a baseline of constitutive TNF mRNA half-life of around 10
minutes (Fig 2.6). When stimulated in conjunction with LPS, the half-life of
TNF mRNA increased 3.5 fold to 35 minutes. To determine whether this LPS-
induced stabilization of TNF mRNA was TRIF or MyD88-specific, we
investigated this trif” and myd88” BMDMs as well. This revealed that while
the myd88” showed no decrease in LPS-induced TNF mRNA half-life
compared to wild-type, the trif” cells showed a complete loss of the LPS-
induced mRNA stabilization, with a half-life of 10 minutes. This data
demonstrates that TRIF, and not MyD88, is necessary for TNF mRNA
stabilization in macrophages. To determine whether this stabilization was p38-
dependent, 30 minutes prior to LPS stimulation, wild-type BMDMs were
treated with p38 inhibitor. After actinomycin-D treatment, p38-inhibitor treated
TNF mRNA half-life was determined by qRT-PCR to be around 13 minutes,
showing that the TRIF mediates TNF mRNA stabilization through p38.

As p38 and ERK pathways have been implicated in the control of post-
transcriptional processing of TNF mRNA, and both TRIF and p38 are essential

for stabilization of TNF mRNA, we sought to characterize the activation of the
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p38 and ERK pathways. Immunoblots for phopsho-p38 and phospho-ERK in
LPS stimulated wild-type, trif”, and myd88” BMDMs were performed within a
window of 30-90 minutes after LPS stimulation (the timeframe where the
mRNA half-lives were measured) (Fig 2.7). This revealed that from 30 to 75
minutes, trif” BMDMs have decreased p38 activation. Similarly, while ERK
activation dynamics are more transient than p38 activation dynamics, trif”
BMDMs showed decreased ERK activation from 30-60 minutes. Given that
previous reports had showed that the MAPK target MK2 is important for TNF
mRNA stabilization and translation, we performed immunoblots for phospho-
MK2 as well. This revealed that while the myd88'/' may have slightly
decreased activity at 30 minutes only, the trif” have decreased MK2 activity
from 30-60 minutes. To determine whether this MK2 phosphorylation is p38 or
ERK-dependent, WT BMDMs were pre-treated with p38 or ERK inhibitor for 1
hour prior to LPS stimulation, and immunoblots for phospho-MK2 performed
(Fig 2.8). This revealed that p38, and not ERK, is essential for MK2 activation,
as p38 inhibition completely abolished phosphorylation of MK2, while ERK
inhibition had no effect. Previous reports have shown that the MK2 target TTP
is a primary regulator of TNF mRNA degradation. We found that
phosphorylation of TTP, which leads to its inactivation and prevents TNF
MRNA degradation, is decreased in p38-inhibitor treated wild-type BMDMs

stimulated with LPS, but not significantly in ERK-inhibitor treated cells.
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A module for TRIF-mediated TNF mRNA stabilization

These mechanistic insights concerning the TRIF-mediated control of
TNF mRNA stabilization were incorporated into a simple module for TNF
mRNA half-life control, whereby TRIF leads to the activation of p38, p38
phosphorylates and activates MK2, and MK2 phosphorylates TTP which
prevents TTP from binding the 3’ ARE elements in TNF mRNA, leading to the
stabilization of the TNF message and an increase in half-life (Fig 2.9). A
computational model based on this half-life control module uses the
experimentally determined nascent TNF RNA levels as input, and outputs
mature TNF mRNA. The effect of TNF mRNA stabilization can be illustrated by
contrasting the output of total TNF mRNA simulations for four potential half-life
control mechanisms. Here, root-mean-square deviation scoring (RMSD)
reveals that the TRIF-controlled scenario best recapitulates the experimental
data, confirming that although trif” have increased nascent TNF RNA levels

compared to wild-type, they have slightly decreased mRNA levels.

TRIF accelerates translation and secretion of TNF mRNA

While post-transcriptional control of TNF mRNA stabilization by TRIF
accounts for the discrepancy between nascent TNF RNA and mature TNF
mRNA levels in trif” BMDMs, these cells still show a significant lack of TNF
secretion compared to wild-type cells that is not apparent at the level of mMRNA

production. In order to characterize adaptor-specific control TNF translation,
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immunoblots for pro-TNF expression were carried out in wild-type, trif”, and
myd88'/' BMDMs pre-treated with TACE inhibitor TAPI-1 to block secretion
and stimulated with LPS. This revealed that while wild-type macrophages
produce significant amounts of pro-TNF peaking at 60 minutes, trif” and
myd88” cells have serious defects in pro-TNF expression (Fig 2.10). While
myd88'/' BMDMs show little to no TNF mRNA induction at 30 minutes so the
lack of pro-TNF protein expression at 60 minutes is unsurprising, trif” have
severely decreased pro-TNF expression, demonstrating that TRIF regulates
the translation of TNF as well. We sought to determine whether this regulation
of translation by TRIF was mediated through p38 or ERK. Wild-type BMDMs
were pre-treated with TACE inhibitor and either DMSO, p38 inhibitor, or ERK
inhibitor for 1 hour followed by LPS stimulation. The immunoblot for pro-TNF
shows that TRIF control of translation is exerted through p38 and not ERK, as
the ERK-inhibitor condition showed no decrease in pro-TNF expression (Fig
2.11).

Given that elF4E and TACE have been shown to be necessary for TNF
translation (Andersson and Sundler, 2006) and secretion (Black et al., 1997),
respectively, we next sought to characterize their activation. Previous reports
have demonstrated that phosphorylation of elF4E and TACE is necessary for
their processive activities (Diaz-Rodriguez et al.,, 2002; Fan and Derynck,
1999; Topisirovic et al., 2004; Wang et al., 1998; Xu and Derynck, 2010). Wild-

type, trif”, and myd88” BMDMs were stimulated with LPS and immunoblots
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for phospho-elF4E and phospho-TACE performed (Fig 2.12A). Here, myd88'/'
macrophages show decreased elF4E phosphorylation around 30-45 minutes,
while trif”~ cells show significantly decreased elF4E phosphorylation from 60-
75 minutes. While both adaptors contribute to TNF translation, the levels of
TNF mRNA able to be translated are significantly lower at 30 minutes, where
MyD88 primarily contributes to elF4E activity, than at 60 minutes, where TRIF
primarily contributes to elF4E activity. Further, immunoblots for TACE
phosphorylation were performed. While wild-type and myd88'/' cells exhibited
significant TACE phosphorylation, peaking at 75 minutes, the trif” cells
showed decreased TACE phosphorylation in comparison. To determine
whether TRIF-controlled phosphorylation of TACE was mediated through p38
or ERK MAPK, wild-type BMDMs were pre-treated with p38 or ERK inhibitor
for one hour, followed by stimulation with LPS (Fig 2.12B). This revealed that
both p38 and ERK have an effect on TACE phosphorylation, but ERK is
essential. While pre-inhibition of p38 decreased TACE phosphorylation

modestly, ERK pre-inhibition eliminated TACE phosphorylation completely.

A module for TRIF-mediated promotion of TNF translation and secretion
These experimental results led us to the characterization of a module

for the control of TNF translation and secretion. In this module, TRIF leads to

the activation of p38 and ERK pathways; p38 controls the activity of elF4E

through phosphorylation, which promotes TNF translation, whereas ERK and
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p38 controls the activity of TACE through phosphorylation, which promotes the
cleavage and secretion of TNF (Figure 2.13). We then constructed a
mathematical model based on this module architecture, using experimentally
determined LPS-induced mRNA levels as an input and secreted TNF protein
as an output, including experimentally determined pro-TNF as an intermediate
within the model. This allows us to perform computational simulations to
investigate the role that TRIF plays in promoting TNF translation and TNF
secretion (Fig 2.13). Simulating the model with and without TRIF-mediated
control of TNF translation and secretion demonstrates that TRIF-mediated
control of translation and secretion is indeed necessary to recapitulate the
experimentally determined levels of both pro-TNF expression and TNF

secretion.

Discussion

Macrophages play an early, key role in the innate immune response to
a variety of pathogens through the activation of TLRs. The regulation of TNF
production in response to PAMPs is a dynamic process, and a quantitative
understanding of the temporal kinetics of TNF production can be informative
for how the cytokine acts in autocrine and paracrine manners. In this chapter,
we investigated the mechanisms leading to the production of TNF and used
the biochemical insights gained to build mathematical models based on

modules identified for each step in TNF production.



51

While there have been many reports concerning the mechanisms by
which TNF production is modulated in response TLR agonists, the cell
systems used were diverse; as a result, it was unclear whether these
mechanisms were stimulus-specific or whether they were controlled by TRIF
or MyD88 in macrophages. We demonstrate that while MyD88 is primarily
responsible for early nascent TNF RNA induction as well as TNF mRNA
production, TRIF is essential for the activation of post-transcriptional
mechanisms that promote the processing of TNF: mRNA stabilization, pro-
TNF translation, and TNF secretion. Stabilization of TNF mRNA, leading to the
increase in TNF mRNA half-life, is controlled through a TRIF-p38-pMK2 axis
whereby TRIF leads to the activation of MAP kinases which downregulate
mMRNA degradation mechanisms. Further, the translation of TNF mRNA to pro-
TNF is shown to be controlled by TRIF, as TRIF-deficient macrophages have
significantly decreased pro-TNF expression compared to predicted levels,
given the relatively high levels of TNF mRNA seen in TRIF-deficient cells. At
the level of TNF secretion, the enzyme TACE has been previously shown to
cleave membrane-bound pro-TNF, and that it is controlled by p38 and ERK.
Here, we confirm that both p38 and ERK activity are needed for proper TACE
activation, and that TACE activation is primarily controlled by TRIF. These
three TRIF-controlled post-transcriptional mechanisms are essential for proper
temporal kinetics of TNF production in response to LPS, as a deficiency in

TRIF leads cells to secrete significantly less TNF protein despite their near-
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wild-type levels of TNF mRNA.

In this chapter, we characterize TNF production in three discrete
modules: transcription, mMRNA stabilization, and translation/secretion. The
architecture for these individual modules has been developed by investigating
and quantifying stimulus-specific (LPS) and adaptor-specific (MyD88, TRIF)
mechanisms. The mathematical models based on these modules have been
parameterized using experimental kinetic values of inputs and outputs, such
that they can recapitulate experimental results. One major advantage of using
a modular, computational approach based on experimental insights to
characterize TNF production mechanisms is that the computational approach
provides a confirmation of the experimental mechanisms. For example, in the
case of mRNA stabilization, experimental data suggests TRIF controls TNF
mRNA half-life; when using a computational model with experimentally
determined nascent mRNA as an input and mature mRNA as an output, the
only adaptor-mediated control scenario that is able to recapitulate the
experimental mature mRNA levels is by TRIF. This dual approach blending
experiment and simulation engenders confidence in the results that neither
approach alone provides. Furthermore, with the simple topology and
input/outputs of these modules, they can be connected to form larger signaling
networks that can be used to make useful predictions about functions within
the network. In Chapter 3, the three TNF production modules will be joined

with previously published TNFR, TLR, and IKK/NFkB modules to create a
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mathematical model of the TNF signaling network downstream of TLRs and
that can be used to make predictions about the autocrine and paracrine

signaling functions of TNF.
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Figure 2.1 TRIF and MyD88 Contribute to TNF production

A Diagram of the three TNF production modules investigated B Secretion of
TNF in cell media measured by ELISA in wild-type, trif ~, or myd88” Bone
Marrow Derived Macrophages (BMDMs). Cells stimulated with 10ng/mL LPS,
n=3. C Levels of mature TNF mRNA (log2 fold) produced by wild-type, trif, or
myd88”" BMDMs stimulated with 10ng/mL LPS, measured by RT-PCR. Wild-
type, n=5. trif", n=3. myd88”", n=3. D Levels of nascent TNF mRNA (log2 fold)
produced by wild-type, trif"", or myd88" BMDMs stimulated with 10ng/mL LPS,
measured by RT-PCR. Wild-type, n=3. Nascent transcripts measured by qRT-
PCR with intron-exon spanning primers. Error bars indicate 1 standard
deviation from the mean of biological replicates.
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Figure 2.2 NFkB is essential for TNF mRNA production

TNF mRNA levels (fold) measured by qRT-PCR in wild-type or rela”relb”crel’
Fetal Liver Derived Macrophages (FLDMs) stimulated with 100ng/mL LPS
(n=1).
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A Mature TNF mRNA levels (log2) measured by qRT-PCR in Wild-type or irf3
“irf7”- BMDMs stimulated with 10ng/mL LPS. B Nascent TNF mRNA levels
(fold) measured qRT-PCR in Wild-type or irf3”irf7”- BMDMs stimulated with
10ng/mL LPS.
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Figure 2.4 MyD88 controls early NFKB activation, TRIF controls late

activation

A Activation of NFkB measured by EMSA (G1G2 kB-containing HIV probe) in
wild-type, trif ”", or myd88" BMDMs stimulated with 10ng/mL LPS. Arrow
indicates p65-p50 dimer. B Quantification of NFKB EMSA bands normalized to

peak activity (n=3).
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Figure 2.5 A module for nascent TNF mRNA production
A Schematic module for transcription of nascent TNF RNA; for mathematical
model, input is quantified NFkB activation data from 2.4B, output is nascent
TNF RNA. B Lines: computational simulations of the mathematical model for
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, or myd88" BMDM s stimulated with 10ng/mL LPS as reported in Figure 2.1C



60

S
o
H
o

TNF mRNA t,,, (min) >
w
o o
TNF mRNA t,,, (min) (JJ
(2]
o

[ LPS
[J LPS + p38 inhib
. -

W LPS
B -

N
o
N
o
L

-
o

-

o
L

4 . 0 -
wild-type trif - myd88 + wild-type

Figure 2.6 TRIF controls TNF mRNA stability

A TNF mRNA half-life measure by RT-PCR. wild-type, trif -, or myd88”"
BMDMs pre-stimulated for 30 min with 10ng/mL TNF alone (-) or 10ng/mL
TNF and 10ng/mL LPS (LPS) and then treated with actinomycin-d to arrest
transcription (wild-type, n=5; trif ", n=4; myd88" - n=3). B TNF mRNA half-life
measure by qRT-PCR in wild-type BMDMs. Cells pre-stimulated with 10ng/mL
TNF alone (-), 10ng/mL TNF and 10ng/mL LPS (LPS), or 10ng/mL TNF,
10ng/mL LPS, and 10uM p38-inhibitor for 30 min, followed by actinomycin-d
treatment (TNF, n=5; LPS, n=5; p38, n=1).
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Figure 2.7 TRIF controls p38, ERK, and MK2 activation

A Immunoblots for phospho-p38, phospho-ERK, phospho-MK2, and actin in
wild-type, trif ", or myd88" BMDMs stimulated with 10ng/mL LPS. Blots shown
representative of >3 experiments. B Quantification of immunoblots normalized
to wild-type peak phosphorylation. Error bars indicate 1 standard deviation; *
indicates a p value < 0.05, ** indicates a p value < 0.02 for difference between

wild-type and trif "~ timepoints.
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Figure 2.8 p38 controls MK2 and TTP phosphorylation

A Immunoblots of phospho-MK2 and actin in wild-type BMDMs pre-treated
with DMSO, 10uM p38 inhibitor, or 10uM ERK inhibitor for 1 hour followed by
stimulation with 10ng/mL LPS. B Immunoblot for phospho-TTP and actin in
wild-type BMDMs pre-treated with DMSO, 10uM p38 inhibitor, or 10uM ERK
inhibitor for 1 hour followed by stimulation with 10ng/mL LPS (A,
representative of 2 experiments; B, representative of 2 experiments).
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Figure 2.9 A module for TRIF-mediated mRNA half-life stabilization

A Schematic of the module 2 for TRIF-mediated stabilization of TNF mRNA,;
input: nascent TNF RNA from simulations of module 1; output: mature TNF
mMRNA. Lines: simulations of module 2 for TNF mRNA production in the wild-
type, trif ", or myd88” genotype in response to 10ng/mL LPS with either B no
stabilization control, C stabilization by TRIF and MyD88, D stabilization by
MyD88 alone, or E stabilization by TRIF alone. Data points: experimental data
for mature TNF mRNA in wild-type, trif =, or myd88" BMDMs stimulated with
10ng/mL LPS as reported in Figure 2.1C.
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Figure 2.10 TRIF have significantly decreased pro-TNF expression

A Immunoblot for proTNF and actin in wild-type, trif -, and myd88"- BMDMs
stimulated with 10ng/mL. Data representative of 3 experiments. B
Quantification of proTNF bands normalized to peak wild-type protein levels.
Error bars indicate 1 standard deviation; * indicates a p value < 0.05, **
indicates a p value < 0.02 for difference between wild-type and trif-/-
timepoints.
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Figure 2.11 p38 controls pro-TNF translation

Immunoblot for proTNF and actin in wild-type BMDMs pre-treated with DMSO,
10uM p38 inhibitor, or 10uM ERK inhibitor for 1 hour followed by stimulation
with 10ng/mL LPS. Blot is representative of 2 experiments.
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Figure 2.12 TRIF controls elF4E and TACE activation

A Immunoblot for phospho-elF4E, phopsho-TACE, and actin in wild-type, trif -
, and myd88" BMDMs stimulated with 10ng/mL. Phospho-elF4E, n=2; p-
TACE, n=3. B Immunoblot for phospho-TACE and actin in wild-type BMDMs
pre-treated with DMSO, 10uM p38 inhibitor, or 10uM ERK inhibitor for 1 hour
followed by stimulation with 10ng/mL LPS. Blot is representative of 2

experiments.
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Figure 2.13 A model for TRIF-mediated translation and secretion

A Schematic of module 3 describing the promotion of TNF translation and
secretion controlled by TRIF. Input: mature TNF mRNA levels from Module 2
simulations; Output: secreted TNF. B-E Lines: simulations of module 3
measure proTNF expression (top) and secreted TNF (bottom) with and without
the promotion of TNF procession through TRIF-mediated translation and
secretion regulation. Data points: experimental data for pro-TNF expression
(top 2 graphs) or TNF secretion (bottom 2 graphs) in wild-type, trif ", or
myd88" BMDMs stimulated with 10ng/mL LPS as reported in 2.10 and 2.1D.
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Introduction

Computationally modeling inflammatory processes and immune
signaling networks presents a considerable challenge: how can mathematical
models be created that can recapitulate complex experimental data and make
predictions of network dynamics in to alternative stimulus conditions without
becoming prohibitively large in scale? Furthermore, modeling a signaling
process, such as the production of a cytokine in response to TLR agonists,
must be placed in the wider context of the inflammatory signaling network of
which it is involved. This systems biology approach of combining experimental
studies with computational models to achieve quantitative and qualitative
insights has been particularly fruitful in the study of signal transduction (Basak
et al., 2012; Ozaki et al., 2005; Purvis and Lahav, 2013).

In chapter 2, we presented the quantification of experimental results to
inform modules with simple topologies for key steps in the production of TNF.
These individual modules describe the minimal singaling ecents sufficient to
explain each step of TNF production, and can be sequentially connected to
form a model that recapitulates experimentally observed TNF levels at all
steps. We have demonstrated the benefits to using this modular approach to
signaling networks previously, publishing models for TNFR-, and TLR-, and
NFkB signaling modules (Cheng et al.; Werner et al., 2005, 2008). Thus, we
can place our computational characterization of TNF production within the

larger context of TLR and TNFR signaling.
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The production and secretion of TNF in response to TLR agonists is a
dynamic and stimulus-specific process. Once secreted by macrophages, TNF
can signal in both autocrine and paracrine manners to modulate the
inflammatory process, leading to transcription factor activation, cytokine and
chemokine production, microbiocidal pathway activation, and finally
attenuation. While the individual roles that TNF carries out in inflammatory
signaling have been well studied, there still exists a need for a quantitative
understanding of the autocrine and paracrine signaling of TNF within the wider
inflammatory signaling network. By constructing a mathematical model of the
inflammatory signaling network based on the building block modules
previously parameterized and validated using experimental data, we can make
predictions of the autocrine and paracrine signaling effects of TNF for a variety
of TLR agonists. These unique mathematical predictions can then be tested
and validated through experimentation, giving rise to a new, quantitative

understanding of the dynamics of TNF signaling.

Materials and Methods
Animals and cell culture

For all experiments using mice, the C57BL/6 strain was used. These
mice were housed at the University of California, San Diego (UCSD) in
pathogen-free conditions. The experiments performed using mice were in

accordance with protocols authorized by the UCSD Institutional Animal Care
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and Use Committee. Bone Marrow-Derived Macrophages (BMDMs) were
made through the isolation of 6 x 10° bone marrow cells from C57BL/6 mouse
femur and tibia bones from wild-type, trif”, and myd88” mice. To differentiate
into BMDMs, BM cells were cultured in L929-conditioned media for 7 days in
15cm suspension dishes at 37°C and 5% CO,. On day 7, the differentiated
BMDMs were collected and re-plated in Dulbecco’s modified Eagle’s medium
(DMEM) supplemented with 10% fetal bovine serum at a density of 2 x 10°

cells per 6cm culture dish.

Analysis of Secreted TNF

For all ELISA experiments to measure the concentration of secreted
TNF, BMDMs were replated on day 7 at a density of 2 x 10° cells per 6cm
culture dish in DMEM supplemented with 10% fetal bovine serum. On day 8,
BMDMs were stimulated with 10ng/mL of LPS (Sigma, B5:055), 500nM CpG
DNA (Invogen ODN 1668), or Polyl:C in 1mL of DMEM media per plate. After
stimulation for each indicated time, the media from each plate was collected
and stored at -20°C until processed. To measure the concentration of TNF
secreted by BMDMs into the media, ELISAs were performed using the mouse
TNF alpha ELISA Ready-SET-Go!® kit in Corning Costar 9018 high affinity
binding 96-well plates (affymetrix eBioscience cat #88-7324-77). TNF
concentration in cell media was measured in triplicate wells and incubated

overnight at 4°C. Standard solutions of 2-fold dilutions of 1000pg/mL mouse
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TNF standard down to 7.5pg/mL were used and a standard curve applied as in
the manufacturer’s guidelines. ELISA 96-well plates were read using a BioTek

Epoch Micro-Volume Spectrophotometer System.

RNA extraction and cDNA preparation

For all mature mRNA analysis, BMDMs were replated on day 7 at a
density of 2 x 10° cells per 6cm culture dish in DMEM supplemented with 10%
fetal bovine serum. On day 8, BMDMs were stimulated with 10ng/mL LPS,
500nM CpG, or 50ug/mL Polyl:C in 1mL of DMEM media per plate. For RNA
extraction, the plates were washed with ice-cold PBS+1mM EDTA and total
RNA was extracted using Qiagen QlAshredder and RNeasy kits according to
the manufacturer’s guidelines (Qiagen). RNA was eluted with 30uL of RNase-
free water and stored at -80°C. cDNA libraries were created from 500ng of
total RNA using the Bio-Rad iScript cDNA synthesis kit per the manufacturer’s

instructions (Bio-Rad).

RT-PCR

In order to measure the mature mRNA expression levels of TNF and
the housekeeping gene GAPDH, quantitative real-time PCR (RT-PCR) was
used. For mature mRNA expression level analysis, primers for TNF and the
housekeeping gene GAPDH were designed (listed in Table 2.1). Samples

were analyzed in triplicate in 384 PCR plates using 1.0ul cDNA template, 1.0l
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(100 nM final concentration) of each primer, and 2.5ul SsoAdvanced SYBR
Green Supermix (Bio-Rad). gRT-PCR was performed on a Bio-Rad CFX384
Real-Time Detection System and analyzed using the Bio-Rad CFX Manger
Software v1.6, with amplification of genes of interested represented in
quantifaction cycle (Cq) values. Fold changes (represented on log2 and linear
scales) for all time points within experiments are relative to the wild-type 0
timepoint, calculated by the A(ACq) method previously described (Schmittgen

and Livak 2008).

Nuclear extraction and gel shift assays

BMDMs were replated on day 7 at a density of 2 x 10° cells per 6cm
culture dish in DMEM supplemented with 10% fetal bovine serum. On day 8,
BMDMs were stimulated with 10ng/mL of LPS or 100nM CpG in 1mL of
DMEM media per plate. CE Buffer (10mM HEPES pH 7.9, 10mM KCI, 0.1mM
EGTA, 0.1mM EDTA, 1mM DTT, 1mM PMSF, 10ug/ml aprotinin and 5ug/mi
leupeptin) was added to plates to collect cells. 0.5% NP-40 was then added to
each sample and vortexed. Nuclei pellets were formed by centrifugation at
4000g for 1 minute, followed by resuspension of nuclei pellets in 15uL of
nuclear extract buffer (20 mM HEPES ph 7.9, 400mM NaCl, 1.5mM MgCl,,
0.2mM EDTA, 25% glycerol, 1mM DTT, 1mM PMSF, 10ug/ml aprotinin and
5ug/ml leupeptin). The nuclear lysates were centrifuged at 14,000g at 4°C for

5 minutes, and protein concentrations determined by Bradford assay (Bio-
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Rad). Nuclear lysates from each experiment were normalized, and
Electrophoretic Mobility Shift Assays (EMSAs) performed as described
previously (Werner et al. 2005). Nuclear lysates were incubated at room
temperature for 15 minutes with a P**labelled HIV G1G2 probe, a double-
stranded oligonucleotide that contains two kB sites:

(GCTACAAGGGACTTTCCGCTGGGGACTTTCCAGGGAGG). Samples were
applied to and run on a non-denaturing acrylamide gel to separate bands
corresponding to activated NFkB binding the kB-containing P**-labelled probe.
These bands were captured by audioradiography and analyzed using software
(GE). Quantification of bands was performed by measuring the absolute
intensity of each p65-p50 NFkB dimer band and normalizing all intensities to

peak wild-type band intensity.

Immunofluorescence imaging of co-cultured 3T3s and BMDMs

3T3s used in all imaging and co-culturing experiments were trif/'myd88'
- 3T3s grown in DMEM supplemented with 10% bovine calf serum. On day 7
of culturing in L929-condition growth media, BMDMs isolated from tnfr’~ mice
were collected and labeled using Cell Tracker'™™ Red CMTPX (Life
Technologies C34552). Labeled BMDMs were subsequently co-cultured with
trif " myd88” 3T3s in Corning 24-well plates, containing glass slides (Fisher), in
DMEM supplemented with 10% bovine calf serum, at a ratio of 2.5:97.5 ratio.

For control experiments, trif/'myd88'/' 3T3s alone were stimulated with
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10ng/mL TNF, 1ug/mL LPS, or 1uM CpG for 15 minutes (TNF) or 75 minutes
(LPS, CpG). On day 8, co-cultures of BMDMSs and trif " myd88” 3T3s were
stimulated with 1ug/mL LPS or 1uM CpG for 75 minutes. The slides in the
plates were washed twice with PBS and then fixed using 4%
paraformaldahyde (EM Sciences) in PBS for 15 minutes at room temperature.
Slides were then washed again twice with PBS. Slides were blocked with 5%
Normal Goat Serum, 0.2% Triton-X100 in PBS and stained with p65 (Santa
Cruz Rabbit sc-372) primary antibody in blocking buffer at 1:200 dilution
overnight at 4°C. Secondary antibody goat-anti-rabbit Alexafluor-488 (Life
Technologies) was used at a dilution of 1:1000, and incubated at room
temperature for 1 hour. Nuclei were counterstained with Hoechst and images
were acquired on an Axio Observer Z1 inverted microscope (Carl Zeiss
Microscopy GmbH, Germany) with a 20x, 1.3 NA oil immersion objective to a
Coolsnap HQ2 CCD camera (Photometrics, Canada) using ZEN imaging
software (Carl Zeiss Microscopy GmbH, Germany). Cell nuclei were manually

counted and scored for nuclear translocation of NFKB subunit p65.

RNA-Seq

For RNA-Seq experiments, BMDMs were replated on day 7 at a density
of 2 x 10° cells per 6cm culture dish in DMEM supplemented with 10% fetal
bovine serum. On day 8, BMDMs were stimulated with 100nM or 500nM CpG

in TmL of DMEM media per plate. For RNA extraction, the plates were washed
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with ice-cold PBS+1mM EDTA and total RNA was extracted using Qiagen
QlAshredder and RNeasy kits according to the manufacturer’s guidelines
(Qiagen). RNA was eluted with 30uL of RNase-free water and stored at -80°C.
cDNA libraries were prepared for RNA-Seq using the TruSeq Stranded mRNA
HT Kit according to the manufacturer’s instructions (illumina ref #15032623).
Quantitation was performed using the Roche Light Cycler 480. Sequencing
was performed on lllumina's HiSeq 2000, according to manufacturer’s
recommendations and prepared for RNA sequencing analysis by the BSCRC
High Throughput Sequencing Core at the University of California, Los
Angeles. Reads were aligned to the ENSEMBL NCBI m37 mouse genome
build, release 66 (Flicek et al., 2012) with the STAR RNA seq aligner (Dobin et
al., 2013). HTSeq-count from the HTSeq python package (Anders et al., 2014)
was used to determine raw gene read counts. The total number of reads
mapping to features in each sample was used to normalize to counts per
million (cpm). Genes not induced or with less than 10 cpm in all low dose
wild-type conditions were removed from consideration. After a 25cpm pseudo
count was added to all of the genes, the log, was taken for every condition.
The log fold change for each timepoint and gene are relative to the wild-type
0-hr timepoint. For k-means clustering, the timepoints each gene were divided

by the respective genes's maximum expression level.
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Computational Simulations

This TNF production model detailed in Chapter 2 was connected with a
model for TLR-induced IKK activation (Cheng et al.) and IKK-induced NFkB
activation (Hoffmann et al., 2002; Werner et al., 2005) to produce a mult-
modular. Iterative simulation and experimentation led to the inclusion of the
TNFR model (Werner et al., 2008) to allow for autocrine TNF signaling. Simple
As in Chapter 2, the multi-modular model conists of Ordinary Differential
Equations (ODEs) from the receptor engagement of ligand to the production of
TNF and subsequent autocrine signaling through TNFR. The fitness of each
mathematical model to math experimental data was determined and scored by
RMSD. MATLAB version R2013a (The MathWorks Inc.) was used to

numerically solve ODEs with the subroutine ode15s.

A mathematical model of TLR agonist-responsive TNF production

To characterize TLR-induced TNF production, we connected our three
models for each step in TNF production with the model for TLR-induced IKK
activation coordinated through MyD88 and TRIF activities, and the model for
IKK-induced NFkB activation, creating one model that computationally
characterizes TLR agonist-induced TNF production (Figure 3.1) (Cheng et al.;
Werner et al., 2005). Computationally simulating LPS-induced TNF production
in the wild-type condition demonstrates that the mathematical model is able to

recapitulate the experimental data at the level of nascent RNA, mature mRNA,
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pro-TNF production, and TNF secretion (Figure 3.2). Expanding the
computational simulations to the trif” and myd88'/' conditions, however,
reveals that while the model is able to capture TRIF dynamics (in the myd88'/'
), it is not able to accurately capture MyD88 dynamics, particularly at the level
of nascent RNA and mRNA production (Figure 3.3). To investigate these
adaptor-specific differences further, we then used the model to predict the
TNF production dynamics of two other TLR agonists, Polyl:C (TLR3/TRIF
agonist) and CpG DNA (TLR9/MyD88 agonist). Here, the model was able to
successfully predict Polyl:C-induced TNF production at the level of mRNA and
protein secretion (Figure 3.4). However, the present form of the model was not
able to recapitulate CpG-induced dynamics of TNF mRNA production or
secretion. Given the previous reports on the ability of TNF to signal in an
autocrine manner, we posited that perhaps autocrine TNF in response to CpG
led to the persistence of TNF mRNA and protein secretion, so we sought to

investigate this further.

The autocrine signaling function of TNF augments NFkB activation in
response to CpG.

Incorporating these three modules into one signaling network in a
straightforward, stepwise fashion allows us to characterize the temporal
dynamics of TNF production. Previous reports suggest that TNF may signal in

an autocrine fashion and play a role in augmenting NFkB activation in
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response to certain stimuli conditions. The nature of the TNF model, with
various TLR-agonist inputs that induce different adaptor-mediated kinetics,
gives us the ability to investigate the potential autocrine function of TNF and
make predictions that can be tested experimentally. Therefore, we expanded
the mathematical model to include autocrine TNF signaling by incorporating
the module for TNFR-mediated NFkB activation (Werner et al., 2008) (Figure
3.5). We then simulated the multi-modular model for LPS, CpG, and Polyl:C
stimulation conditions to determine whether autocrine feedback in the model
would allow for a better prediction of experimental data. Here, we found that
autocrine TNF signaling had little effect on TNF production levels in the LPS
and Polyl:C stimulated conditions, but drastically improved the ability of the
model to predict CpG-induced TNF mRNA production and protein secretion
(Figure 3.6). To determine whether this prolonging of CpG-induced dynamics
was due to persistent NFkB activity induced by autocrine TNF, we simulated
the model for NFkB activation with and without TNF autocrine feedback. In this
scenario, the model predicts that while LPS-induced NFkB will not be affected
by the loss of autocrine TNF, CpG-induced autocrine TNF is required for
persistent NFkB activity (Figure 3.7A). To test this experimentally, NFkB
activity was measured in the absence of TNF autocrine signaling using tnf"
mice, which are deficient in TNF production. Wild-type and tnf” BMDMs were
stimulated with either LPS or CpG followed by EMSAs for NFKB activation.

These results confirmed the computational prediction, demonstrating that
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while tnf” BMDMs did not have reduced NFkB activation in response to LPS,
they did have reduced NFkB activation in response to CpG from 4-8 hours (Fig
3.7B). This aligns with the result from the model, which predicted that stimuli
that signal transiently, such as a CpG mediated through MyD88, would be
more dependent on TNF autocrine feedback for late NFkB activation. This
result suggests that in response to CpG, secreted TNF serves an essential

autocrine role.

TLR-agonist induced kinetics of TNF production encodes autocrine and
paracrine functions

Computational simulations of the multi-modular model led to the
prediction that sustained NFkB activity in response to CpG would be
dependent on CpG-induced TNF autocrine signaling, which was confirmed by
experiments in tnf” BMDMs. As NFkB is a transcription factor that controls
many inflammatory genes, we next sought to determine the role that CpG-
induced autocrine TNF signaling plays at the level of gene transcription. To do
this, wild-type and tnf” BMDMSs were stimulated with CpG up to 24 hours, and
RNA-seq was performed on collected extracts. Analysis of RNA-seq data
revealed that 267 genes were significantly upregulated by CpG stimulation
(Figure 3.8). K-means clustering identified clusters of genes that showed
either a strong early peak induction (cluster E), a peak at 8 hours but

persistent induction (cluster B and F), a peak at 8 hours followed by a
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decrease by 24 hours (clusters A and D), or a slow induction resulting in a
peak at 24 hours of stimulation (cluster C). We examined a few genes
specifically whose expression was partially dependent on TNF (Fig 3.9).
These included genes involved in bacterial recognition and killing (Clec4e,
Ascl1, Gbp6), inflammasome activation (nod2, Mefv, [fi205), macrophage
resolution (Tmem178, Fzd1, Hp), NFkB attenuation (NFkB ie, MIt1, Tnfaip3),
and adaptive immune control (tnfsf15, Fam26f, Slamf8). Not surprisingly,
numerous of these highlighted gene are known to be controlled by NFkB,
demonstrating that TNF autocrine signaling not only has a general effect on
prolonging the inflammatory state, but that the observed decrease in NFkB
activity seen in tnf” BMDMs stimulated with CpG leads to a phenotype of
decreased NFkB-dependent gene expression.

Next, we sought to investigate the paracrine role that secreted TNF
serves in response to LPS and CpG. Tissue-resident macrophages exist in an
environment where they secret cytokines and signal to other cell types in the
tissue, such as fibroblasts, which respond and are activated by the
macrophages signals. To construct an experimental system that mimics this
tissue-resident macrophage environment, BMDMs generated from tnfr’”~ mice
were co-cultured with myd88” trif” 3T3s, which cannot activate NFkB in
response to TLR signaling. In this setup, the initial stimulus (LPS or CpG)
activates the tnfr” BMDMs, but not the myd88™ trif” 3T3s. However, the TNF

secreted by the tnfr’ BMDMs is able to activate the myd88™ trif” 3T3s, which
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is measured by immunofluorescent staining for NFKB subunit p65 (Fig 3.10A).
This microscopy experiment reveals that LPS-induced TNF secretion plays a
strong paracrine role, as more myd88'/' trif” 3T3s near TNF-secreting BMDMs
show significant p65 nuclear translocation (Fig 3.10B). However, in the CpG-
stimulated condition, myd88'/' trif” 3T3s showed less p65 translocation the
LPS-stimulated condition. These results lead us to conclude that LPS-induced
TNF secretion plays a primarily paracrine role, while CpG-induced TNF

secretion plays an autocrine role in NFkB activation.

Discussion

Previously, our lab has published mathematical models based on
modules for TNFR-mediated IKK activation and IKK-mediated NFkB activation
(Hoffmann et al., 2002; Werner et al., 2005, 2008). In chapter 2, we
determined topology for three modules describing steps in the production and
regulation of TNF, and used experimental rates to parameterize mathematical
models based on these modules. However, the utility of models based on
signaling modules are limited unless they can be used as building blocks for
larger signaling networks. To this end, in this chapter we have combined the
three TNF modules together with the previously published modules for TLR-
mediated IKK activation, TNFR-mediated IKK activation, and IKK-mediated
NFkB activation to construct one stimulus-specific predictive module for TNF

production. By iteratively performing this dual experimental and computational
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approach, and characterizing each single stage of TNF production, we are
able to test the sufficiency of the network architecture by simulating the
module for different stimuli and make predictions about the signaling functions
of TNF within the network.

The experimental approach revealed LPS stimulation of macrophages
confers a strong, early, and persistent TNF secretion through the combination
of fast MyD88-mediated NFkB activation leading to RNA transcription and later
TRIF-mediated promotion of TNF processing. In contrast, while CpG induces
significant NFkB activation and TNF RNA transcription rapidly, TNF secretion
takes longer to reach LPS-stimulated levels due to the lack of TRIF-induced
promotion of TNF processing, as TLR9 does not use TRIF as an adaptor.
While the first iteration of the computational TNF module was able recapitulate
LPS-stimulated TNF secretion dynamics, it was not able to recapitulate CpG-
stimulated dynamics. This led us to incorporate this TNF production module to
the previously published modules for TNFR signaling, creating a single model
for NFkB activation, TNF production, and TNF feedback in TLR-induced
signaling in order to account for the differential dynamics of stimulus-specific
NFkB activation and TNF production. By including autocrine TNF signaling into
the mathematical model, we were able to capture the dynamics of TNF
secretion seen experimentally for CpG stimulation. Furthermore, a benefit of
this iterative approach also led us to suspect that sustained TLR-induced

NFkB activation may be dependent on autocrine TNF, a phenomenon that the
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model indeed predicted through simulation for CpG, but not for LPS. Testing
this experimentally revealed that CpG-induced sustained NFkB activity is
indeed dependent on autocrine TNF, demonstrating the robustness and
predictive ability of the model.

Upon confirming through experimental and computational approaches
that CpG-induced TNF signals in an autocrine manner to sustain NFkB
activity, we then decided to investigate the functional consquenences of
autocrine TNF signaling. To do this, we performed RNA-Seq in CpG
stimulated wild-type and tnf ” BMDMs, the latter condition removing the
possibility of autocrine TNF signaling. Here, 267 upregulated genes were
clustered into 6 clusters. GO analysis revealed that the first two clusters that
showed a significant decrease in the tnf “ condition were ranked very highly
for inflammatory cytokine production, which is strongly influenced by TNF
signaling. Characterization of genes with significantly decreased induction in
the tnf” condition revealed numerous NFkB-controlled genes and
demonstrated that TNF induces the expression of genes critically related to
inflammatory macrophage function, at the level bacterial recognition and
killing, inflammasome activation, NFKB attenuation, macrophage resolution,
and adaptive immune control. These genes highlight the pleitropic role that
autocrine TNF signaling plays in macrophage inflammation.

Surprisingly, LPS-induced autocrine TNF did not have an effect on

NFkB activation. This led us to surmise that LPS-induced TNF may have a
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stronger role as a paracrine signaler. To test this, we co-cultured tnfr "

BMDMs with trif"myd88” 3T3s and stimulated with either LPS or CpG. The
trif/'myd88'/' 3T3s served as sensors for the paracrine TNF secreted by the
stimulated BMDMSs, where NFkB subunity p65 nuclear translocation was used
to correlate the strength of paracrine signaling that the two TLR agonists
induced. This experiment revealed that LPS-induced TNF plays a much
stronger paracrine-signaling role than CpG-induced TNF.

In summary, in Chapter 3 we constructed a model for TNF production
and signaling functions in the context of TLR agonist-induced inflammatory
signaling. Furthermore, we used this model to make predictions about the
stimulus-specific functions of TNF autocrine and paracrine signaling, leading
to the revelation that CpG-induced TNF signals in a primarily autocrine

manner, while LPS-induced TNF signals in a primarily paracrine manner.
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Figure 3.2 The multi-modular model accounts for LPS-mediated TNF
production in wild-type cells

Model simulations and experimental data for wild-type cells in response to
10ng/mL LPS; solid lines indicate values of model simulations, data points
represent experimental data represented in previous figures.
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Figure 3.3 The multi-modular model accounts for LPS-mediated TNF
production in MyD88-deficient cells but not TRIF deficient cells
Model simulations and experimental data, represented as in Figure 3.2, for trif
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Figure 3.4 The multi-modular model accounts for Polyl:C-mediated TNF
production but not CpG-mediated TNF production

Model simulations and experimental data for mature TNF mRNA and secreted
TNF, represented as in Figure 3.2, for wild-type cells in response to 500nM
CpG and 50ug/mL Polyl:C. Error bars indicate one standard deviation from the
mean of 3 experiments.
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Figure 3.7 TLR-responsive TNF production functions in an autocrine
manner in response to some TLR ligands but not others.

A Model simulations for NFkB activity in wild-type or tnf” stimulated by
10ng/mL LPS or 100nM CpG. Solid lines indicate wild-type simulation, dashed
lines indicate tnf”. B Experimental validation of model simulations in A. C
Activation of NFKB measured by EMSA (G1G2 kB-containing HIV probe) in
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A RNA-seq data from wild-type and tnf” BMDMs stimulated with 100nM CpG.
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programs

A RNA-seq data from wild-type and tnf” BMDMs stimulated with 100nM CpG.
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Figure 3.10 LPS-induced TNF signals in a primarily paracrine manner

A Co-culturing of tnfr” BMDMs with trif myd88” 3T3s. First panel, p65-
staining of 3T3s stimulated with 1ug/mL LPS for 75 min. Second panel, co-
culture of BMDMs with 3T3s stimulated with 1ug/mL LPS for 75 min and
stained for p65. Third panel, p65-staining of 3T3s stimulated with 1uM CpG for
75 min. Fourth panel, co-culture of BMDMs with 3T3s stimulated with 1ug/mL
LPS for 75 min and stained for p65. Images representative of 4 separate
experiments. B Bar graphs showing the average number of cells with nuclear
p65 in a given field of view, 20-30 images for each experiment. Error bars
indicate 1 standard deviation from the mean, n=4.
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In this thesis work, we demonstrate that the network dynamics encoded
by specific TLR agonists determine the temporal kinetics of TNF production
and its subsequent autocrine and paracrine signaling effects. Surprisingly, we
found that while CpG-induced TNF can signal in an autocrine manner, LPS-
induced TNF does not have a significant autocrine signaling function in
macrophages. Given that the potential autocrine functions of TNF have been
suggested to play a role in the inflammatory and innate immune signaling
network dynamics downstream of pathogen challenge, this gives rise to the
question: why does LPS-induced TNF not signal in an autocrine manner? The
answer to this lays in the different receptors that LPS and CpG engage, the
adaptors these receptors use, and the resulting temporal kinetics of kinase
and transcription factor activation.

LPS engages the TLR4 receptor on the membrane surface of the
macrophage cell, where it quickly leads to the recruitment of MyD88 and
activation of its pathway downstream. Subsequently, the engaged TLR4 is
trafficked to endosomes within the cytoplasm, where TLR4 can recruit TRIF
and bring about its pathway activation. EMSAs for NFkB activity in response to
LPS in Chapter 2 demonstrated that MyD88-mediated NFkB activation is fast,
strong, and transient; in contrast, TRIF-mediated NFkB activation is slower,
but significantly more persistent, with activity above basal for at least as long
as 4 hours. In addition to NFkB activation, we showed that the LPS-induced

TRIF pathway is responsible for accelerating TNF secretion through the
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stabilization of TNF mRNA half-life, promotion of pro-TNF translation, and
activation of the TACE enzyme that cleaves pro-TNF from the plasma
membrane. As a result, LPS-induced TNF secretion occurs in a fast and
strong manner, due to the strong gene transcription induced by the MyD88
pathway and the promotion of TNF processing brought about by the TRIF
pathway. Autocrine signaling of TNF could be possible as early as 1 hour after
stimulation. However, within the 1-2 hour time frame of significant LPS-
induced TNF secretion, NFKB activity is still significantly above basal levels
due to the TRIF pathway. As a result, the secreted TNF that likely does signal
in an autocrine fashion does not lead to further NFkB activity, possibly due to
the fact that LPS and TNF induce the activation of similar pools of NFkB
(Werner et al., 2008). Furthermore, autocrine TNF engagement of the TNF
receptor within 1-2 hours of LPS stimulation likely leads to its internalization,
which has been well-reported (Schneider-Brachert et al., 2004). Consequently,
although LPS-induced TNF secretion still substantially increases at 3-4 hours,
the levels of TNFR on the cell surface may have decreased such that the
newly secreted TNF has a lower propensity to signal in an autocrine manner
even as TRIF-mediated NFkB activity has decreased.

In contrast, CpG induces the faster MyD88 pathway but not the
persistent TRIF pathway. Therefore, while TNF gene transcription occurs
quickly and strongly, the lack of the promotion of TNF processing by the TRIF

pathway induced by TLR9 results in the slower secretion of TNF. MyD88-
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mediated NFkB activation dynamics are more transient, meaning that when
CpG-induced TNF secretion reaches a level where it can signal significantly in
an autocrine manner, there is likely a larger pool of activatible NFkB than in
the LPS stimulated condition. Further, as CpG-induced TNF secretion is
slower, there is likely more TNFR on the responding cell’s surface able to bind
TNF due to less early internalization of the receptor. The delayed production of
TNF interfaces with a transient NFxB activity profile triggered by the MyD88
pathway, thus allowing for a potent autocrine feedback effect. The timeframe
within which CpG-induced TNF can signal in an autocrine fashion is therefore
a consequence of the adaptors that TLR9 uses and the network dynamics that
those adaptors elicit. In summary, LPS-induced TNF signals in a more
paracrine manner, while CpG-induced TNF signals in a predominately
autocrine manner due to differential pathway activation by each respective
receptor.

These thesis work highlight the fact that prolonged NFkB activation has
evolved to be dependent on secreted cytokine in response to some TLR
agonists, while it is hardwired in response to others. Although both LPS and
CpG are recognized by overlapping components of the inflammatory and
innate immune signaling network, they are disparate pathogen signals.
Lipopolysaccharides are large molecules that are integral structures of gram-
negative bacteria, and are recognized by TLR4 on the surface of

macrophages. In contrast, CpG single-stranded DNA mimics the unmethylated
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CpG motifs that are prevalent in bacterial and viral genomes but not vertebrate
genomes, and are recognized within endosomes on the interior of the cell.
Due to the location of the receptor, the differential recruitment of adaptors by
the receptors, and the primary type of pathogen that they recognize, both LPS
and CpG elicit dynamics that are specific to their signal: LPS/TLR4 primarily
responds to extracellular bacteria, while CpG/TLR9 primarily responds to
intracellular bacteria and viruses.

We may hypothesize, then, that the pathogen signals and their
respective receptors encode a kinetic profile that is tailored to the specific
pathogen challenge at hand. In the case of LPS, the presence of the TLR
agonist is indicative of a possible bacterial infection exterior to cell; therefore, a
well-suited TNF secretion kinetic profile would likely need to be early, strong,
and signal in a predominately paracrine manner. In the case of CpG,
engagement of the TLR9 receptor is indicative of a likely bacterial or viral
infection within the host cell. Here, the infected cell needs to undergo an
appropriate response. Unlike LPS, which leads to the activation of both MyD88
and TRIF pathways leading to prolonged NFkB activation, CpG only leads to
the activation of the MyD88 pathway and its strong but transient NFkB
activation. As a result, CpG can only bring about persistent NFkB activation by
producing TNF and responding to it in an autocrine manner. The fashion in
which CpG-induced TNF signals may suggest that the signaling network

dynamics downstream of TLR9 are tailored to maximize the response within
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the infected host cell without overly propagating the inflammatory signal to
neighboring cells that may not be infected. In this aspect, TNF production and
autocrine signaling serves as a decision point for the infected cell: as
prolonged NFkB activation counteracts programmed cell death, only infected
cells that remain healthy enough to produce TNF and respond to it can make
the decision to continue to fight the pathogen infection. Cells that can no
longer activate these regulatory mechanisms will not be able to produce TNF
and therefore may not prolong NFkB activation, allowing for the possibility of
stemming the infection via programmed cell death. Although speculative, this
hypothesis of regulatory ‘design principles’ is based on the network dynamics
of TNF production and signaling that were revealed by this thesis work. In the
inflammatory signaling network, the role of TNF autocrine feedback is
analogous in many aspects to that of the TRIF pathway; both lead to
persistent NFkB activation and induction of genes involved in propagating the
inflammatory signal and macrophage function, albeit by different mechanisms.

Macrophages are known for their pro-inflammatory cytokine production
and phagocytotic ability. However, there is a spectrum of functions that
macrophages carry out depending on their state, including the attenuation of
inflammation and modulation of adaptive immunity. The role that TNF plays in
inflammation and innate immunity has been well studied, and in this thesis we
show that CpG-induced TNF can signal in autocrine ways, not only affecting

proinflammatory cytokine production, but influencing macrophage bacterial
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recognition and killing, attenuation of inflammation, and the interaction with
adaptive immune cell types. This work highlights the pro-inflammatory role that
autocrine TNF plays to prolong NFkB activation as well as the role that it plays
in alternative macrophage immune functions.

A goal of the systems biology approach is to develop quantitatively
predictive models of regulatory networks. However, the vast and
interconnected nature of immune signaling networks present a challenge to
developing mechanistic models. In this thesis work, we employed the strategy
of ‘modular’ biology (Hartwell et al., 1999; Kitano, 2002; Mallavarapu et al.,
2009b) by focusing our experimental tools to separable regulatory modules
and parameterizing corresponding mechanistic, yet simple, coarse-grained
ODE-based models. In a modular fashion, we combined the model for TNF
production with previously published model for TNFR to IKK activation, TLR to
IKK activation, and IKK to NFkB activation to create a mathematical model for
TNF signaling within the inflammatory signaling network. This study
demonstrates the benefits of the modular approach: the ability to make
meaningful predictions. While the TNF production model was trained on LPS
perturbation, iterative refinement of the multi-modular model allowed for the
prediction of dynamics elicited by alternative TLR agonists CpG and Polyl:C.
Furthermore, the model predicted that autocrine TNF signaling would be
important for persistent NFkB activity in response to transient stimuli, but not

persistent stimuli, which was experimentally validated for CpG and LPS,
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respectively. This TNF signaling network model represents a research tool for
studies on not only of the dynamics and underlying mechanisms of TNF
production, but also of the signaling functions of TNF.

We have constructed a mathematical model for TNF production and
signaling within the inflammatory signaling network that is able to recapitulate
experimental data for a variety of signal inputs and make useful predictions
about the autocrine and paracrine signaling effect of TNF. However, there are
important, parrallel pathways within the inflammatory and innate immune
signaling network that are interconnected to those described in the TNF
signaling network model. In addition to activating NFkB, LPS activates the
transcription factor IRF3, which leads to the production of type-1 IFN and
innate immune gene programs. With the significant overlap between these
gene programs the broadly-inflammatory gene programs controlled by NFkB,
a potentially fruitful future direction would be the integration of TNF/NFkB
model presented here with a model for the IRF/IFN/STAT module of the innate
immune signaling network. This would allow for the construction of a
mathematical model that describes the signaling events brought about by the
two main cytokines involved in the context of not only TLR-induced signaling,
but in inflammation and innate immunity as a whole.

In Chapter 3 of this thesis work, we focused on using the multi-modular
model to make predictions about the autocrine and paracrine signaling

functions of TNF. However, this model could be used to investigate a number
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of other questions as well, including dose-responses, duration of inflammatory
signaling within the network, or the spread of an inflammatory signal within a
tissue environment. Furthermore, although the network model in its current
form is relatively coarse-grained, it can easily serve as a basis for fine-tuning
through the encorporation of additional mechanisms. The model was
parameterized using specific doses of LPS and CpG that lead initial persistent
or transient NFkB activation, respectively. The model could be used to
simulate dose-responses for LPS and CpG to determine the initial stimulus
signal required to transition from a transient to persistent initial NFkB
activation. Further, the model could be simulated to predict the level of initial
stimulus required to produce TNF that can sufficiently signal in an autocrine
manner to prolong NFkB activity.

This dissertation uses a systems biology approach to experimentally
and computationally characterize TNF production in the context of TLR
signaling. This modular approach reveals that TNF’s autocrine and paracrine
functions are stimulus or TLR-specific, determined by the underlying signaling

network dynamics of TNF production and NFkB response.
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