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Abstract   layman  
 Systems biology is a rapidly growing research field that combines computational, 
mathematical, and high-throughput experimental techniques to gain understanding of 
complex biological processes. For example, the interactions and coordinations between 
genes, proteins, and cellular components ensure the proper function of an organism. If such 
a network is disturbed, diseases such as infections and cancer can result. Conventional 
approaches of biology do not have the capabilities to fully understand the intricate 
relationships between a host and pathogen, which is why drug therapies often fail. Simply 
inhibiting one target is no longer a feasible approach to drug therapies, because the cells or 
pathogens can find alternative routes. In order to develop smarter therapeutic strategies 
against diseases, it is essential to understand the elaborate webs of interactions governing 
the immune system. As mathematics becomes an important tool at understanding biology, 
complex processes can be transformed into simple mathematical algorithms and analyzed 
through computational simulations (modelling). This approach provides the opportunity to 
understand the underline biology, while reducing medical, research costs, and ethics 
violations. Here we demonstrate the use of modelling to detail the activation of a protein, the 
TNF-α, which has been involved in the initiation of inflammation response. We also discuss 
issues and benefits of such bioinformatics technique and future directions in the research of 
gene interactions in immune responses. 
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Initial Analysis of Tumour Necrosis Factor-α Promoter Activation by Interferon-Ɣ 
using Boolean Logic Modelling 
  
Abstract   
 The understanding of the interactions between cytokines and the process of immune 
response are essential for the development of smarter therapeutic strategies against 
diseases. However, this discovery process is often hindered by the complexity in cell 
signallings and uncertainties, making experimental designs difficult and expensive. To 
resolve this issue, we have utilized the knowledge obtained from existing publications to 
detail the signal activation of tumor necrosis factor-α by interferon-ɣ. Using Boolean logic, we 
transformed the pathway into a discrete-time algebraic model and interpreted based on 
empirical data to explore the coordinations of transcription factors during TNF-α 
transcriptions. Here, we present the spatiotemporal regulations in TNF-α activation, with an 
emphasis on the formation of multi-enhanceosome complexes though signalling delays.
  
Keywords  
 TNF-α, Interferon-ɣ signalling, SBGN, Boolean logic 

Introduction
The central problem in biology is determining how genes interact as parts of 

functional networks. The behaviour of these networks in response to external signals, such 
as pathogens and cytokines, determines the pathophysiology of the organism. Medical 
conditions, such as rheumatoid arthritis and septic shock, are well-known to be associated 
with elevating productions of inflammatory cytokines (Licastro, 2009). However, there are 
limited numbers of treatment options available with sub-optimal efficacy. The current 
generation of drug therapies, developed using a traditional one-target, one-drug approach, 
are effective at changing the phenotypic outcomes of the disease. However, they often omit 
the principle mechanism of pathogenesis and can carry adverse side-effects. The lack of 
understanding of the underlying biology and the increased difficulty of identifying effective 
targets for biomedical therapies have resulted in a substantial increase in medical and 
research costs. A new type of researching strategy must therefore be implemented. 

With advances in detection methods and computational capabilities, multiplex assays 
can be performed to analyze changes at a system-wide level. Systems biology focuses on 
the study of interactions between biological components, such as individual molecules, or 
genes, within a predefined biological organization (i.e. a cell or an organelle) (Bonneau, 
2008). From the interactions, functional modules, the operational units of systems biology, 
can be identified. Each functional module is spatially, chemically, or functionally distinct, and 
has emergent properties (Byrne, 2007). Changes that affect the interaction within and 
between these modules will ultimately influence the behaviour of the system. Therefore, the 
understanding of the relationships between functional modules, and the system as a whole, 
are pivotal for developing therapeutics that maximizes efficacy, while reducing undesirable 
effects. 

Despite the promises of a system-wide analysis approach, it is often difficult and 
impractical to perform such studies due to the arrays of uncertainties, limited time, and 
resources. A more practical micro-scale approach that focuses on the regulations within 
individual functional modules, or pathway biology, is often chosen. Pathway biology utilizes 
information obtained from existing knowledge to generate models, and uses these models to 
acquire new knowledge through computational simulations. The process of pathway biology 
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consists of two steps: pathway mapping and modelling. Pathway maps are first generated 
based on existing information, and depending on the nature of the pathway, different 
approaches are taken. Well-characterized biological processes, such as Escherichia coil’s 
lactose metabolism (that have been extensively studied) can rely on high-throughput data 
and other conventional molecular biology tools to generate detailed pathway maps. However, 
uncharacterized processes, commonly known as black-box pathways, would rely heavily on 
existing literature to generate consensus maps. In the second step, pathway maps are 
transformed into mathematical models (static or kinetic), and evaluated based on high-
resolution data to generate confidence for the models, and gaining new knowledge 
regarding the underlying biological processes. Currently, there are three modelling 

methodologies available: ordinary 
differential equation (ODEs), stochastic 
ODEs, and Boolean logic, with different 
advantages and limitations. OEDs and 
stochastic ODEs have become important 
tools for modelling pathway biology. 
However, the value of these tools is often 
limited by the number of accompanying 
parameters (Yu, 2008). Although values of 
these parameters can be determined 
experimentally, they often can be difficult 
and costly. Boolean logic modelling, 
conversely, can provide maximum detail 
from a minimal number of parameters, 
which is ideal for black-box pathway 
modelling where most of the interactions 
are uncharacterized. 

Viral infection triggers an innate 
immune response that culminates in the 
production and secretion of cytokines and 
interferons. One of these cytokines, 
interferon-ɣ (IFN-ɣ), has proven to be 
critically involved in the inhibition of viral 
activities, the enhancement of MHC 
expressions (Saklatvala, 2003), and the 
induction of immune responses in various 
cell types. In monocytes, IFN-ɣ plays an 
important role in the activation of 
macrophage and in the regulation of 
cytokine activities by affecting their 
synthesis (Schroder, 2004). One of the 
consequences of IFN-ɣ signalling in 
macrophage is the rapid activation and 
synthesis of the tumor necrosis factor 
(TNF-α) (Schroder, 2004). The TNF-α, a 
member of the pro-inflammatory cytokines, 

is critically important in eliciting cellular apoptosis, fever, and both local and systemic 

Figure	  1	  The	  black-‐box	  approach	  for	  mapping	  the	  TNF-‐α	  activation	  
pathway.	  This	  approach	  consists	  of	  two	  different	  mythologies:	  
empirical	  and	  bioinformatics.	  The	  two	  loops	  seen	  at	  the	  second	  last	  
step	  of	  the	  diagram	  represent	  the	  refinement	  of	  the	  model	  based	  on	  
previous	  simulations.	  	  
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inflammatory responses. Deficiencies in TNF-α lead to obstructions in the immune system, 
while over-expressions of TNF-α have been associated with several auto-immune diseases 
(Pestka, 2004). Currently, symptoms associated with disequilibrium of TNF-α, and the 
activation of TNF-α via the Toll-like receptor (TLR) pathways have been extensively studied. 
Nevertheless, little is known regarding the activation of TNF-α by IFN-ɣ at the promoter level. 
To investigate the relationship between IFN-ɣ signalling and TNF-α promoter regulation, and 
to represent this pathway in a credible, machine-readable (that data can be analyzed using 
computer algorithms) manner, we have constructed a consensus TNF-α pathway based on 
existing publications. The consensus pathway was then represented using the systems 
biology graphical notations (SBGN) (Le Novere, 2009), and subsequently analyzed using 
Boolean logic modelling (Figure 1). Here, we present the initial analysis of IFN-ɣ induced 
TNF-α signalling pathway. Based on logical interpretations and empirical data, we show the 
presence of multiple TNF-α enhanceosome complex and the temporal activations of the 
pathways. We also present a spatiotemporal model for IFN-ɣ depend TNF-α activation. 
Lastly, we address the reliability of the pathways, and future directions regarding pathway 
analysis 

 
Aims  

The goal of this project is to take a systems biology approach to develop a deeper 
understanding of the network of molecular interactions that underpin the promoter regulation 
of TNF-α in macrophages. Using literature-based pathway mappings and Boolean logic, we 
want to demonstrate that a bioinformatics approach can be applied to study complex 
processes, while providing validations to the pathway and primitive explanations to biological 
phenomenon. To accomplish this we: 

• Use literature to construct a consensus map 
• Use tables to record interactions 
• Transform the map into Boolean logic notations 
• Examine the features of the TNF-α promoter 
• Compare human and mouse sequence homology 
• Obtain parameters and experimental values 
• Propose activation models based on the analysis 

 
Methods  
Collection of molecular interaction data. In an effort to describe and consolidate 
knowledge of pathways central to TNF-α activation by IFN-ɣ, we have constructed a pathway 
diagram based on published literature. Using data generated from last year, we initially 
selected 10 transcription factors and gradually expanded the research field (Figure 2). Due 
to the scope of the project, the 10 transcription factors were split into three groups and taken 
by different research teams. In order to obtain as much information as possible during the 
first round of literature research, we implemented a keyword based search method. In 
PubMed, search results are generated based on the phrases that are entered. Instead of 
entering a complete sentence, combination of keywords such as TNF-α, IFN-ɣ + TNF-α, 
TNF-α + macrophage, and HCMV + macrophage were used to generate search results. The 
results were then cross-referenced to produce a high priority (literatures that are listed in 
multiple search results), and a low priority literature list. Ideally, we require at least two 
publications to describe a particular protein-protein, or protein-DNA interaction. However, in 
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some circumstances, we accepted one piece of published evidence if 1) the interaction has 
been demonstrated relatively recent (2008-2009), or 2) the experimental procedure has 
been extensively described and reproducible. Because this project focuses on the activation 
of TNF-α by IFN-ɣ, data generated using other activation signals (particularly LPS, and poly 
I:C) were not considered. 

In order to capture information regarding interactions in a standardized format, we 
have adapted the EBI’s ontonology notations to describe the nature of the interaction and 
the source of the information. We acknowledged the incompleteness of the database, and 
therefore, uncharacterized functions such as the function of IRF-1 can only be described 
using general terms. For consistencies, we have included the Entrez Gene IDs for Homo 
sapiens and Mus musculus, as well as gene names and their aliases (see supplementary). 

When constructing TNF-α activation pathways, each team is responsible for their 
own transcriptions factors. To avoid biases, inspections were carried by third party 
supervisors (Dr. Roy, Dr. Watterson, and Professor Ghazal) during weekly meetings.   

 
Key	  
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Representation of the pathway. The pathway map was drawn using the yEd Graph Editor 
(ver. 3.41). For simplicity, the promoter of TNF-α was used as the template with no 
compartmentalization. Using a modified version of the Edinburgh Pathway Notation (EPN) 
(Raza, 2008), the state of a component is described using symbols to supplement the 
original component (activate [A], phosphorylate [P], inhibit [I]). Interactions or assemblies 
between different complexes are represented using Boolean logic operators (&, OR, XOR, 
NOT). The Boolean logic operators inputs and outcomes are defined as follow: 

	  	  Table	  1	  Truth	  table	  describing	  two	  inputs	  logic	  gates. 
    Inputs                                           Outputs          
A B 

0 
0 
1 
1 

A AND B A OR B A XOR B 
0 0 0 0 
1 0 1 1 
0 0 1 1 
1 1 1 1 
Results	  are	  shown	  using	  1s	  (true)	  and	  0s	  (false)	   

The representation of the pathway in SBGN activity flow format was drawn using Microsoft 
Visio 2007. The SBGN notation uses different shapes, but not colours to represent different 
components of the pathway. The activity flow format was chosen due to its simplicity, as it 
can be understood by people with minimal scientific background.  

Figure	  2	  Work	  flow	  diagram	  for	  the	  
construction	  of	  the	  TNF-‐α	  consensus	  
map	  and	  the	  interaction	  tables.	  10	  
transcription	  factors	  were	  separated	  
into	  3	  research	  groups.	  The	  construction	  
of	  the	  pathway	  map	  was	  under	  3rd	  party	  
supervisions	  during	  weekly	  meetings. 
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Parameterization of the pathway. The initial design of the experiment was to obtain protein 
expression profiles of genes by treating Maurine macrophages with IFN-ɣ to calculate 
parameters. Due to unavoidable technical difficulties, the parameters used for Boolean logic 
modelling were based on two sources. Kinetic rates were obtained from BRENDA with EC 
number and supporting evidence attached (see supplementary). Signal delays for the 
pathways were obtained from publications that were used to construct the consensus map. 
Because of the variability between experimental procedures, not all parameters could be 
obtained. Thus, the interpretations of the results were based on the availability of the data.  

Amino acid sequence homology. Amino acid sequences (Homo sapiens and Mus 
musculus) of genes listed on the pathway were obtained from Entrez; according to their 
corresponding gene IDs. In the case where multiple isoforms exist, the predominant 
transcript was used. Sequence alignment was done using MEGA (ver. 4.0). 

Personal contributions. Due to the scope of the project, the entire signalling pathway is 
divided into multiple sections and analyzed by different teams. In this project, my 
contributions are as follows: 
1. Lead investigator for the NFκB, CBP, JAK/STAT signalling pathways. I am responsible for 
literature research, data interpretations, and the building of the consensus pathway. 
2. Co-investigator for ATF-2, c-Jun, Egr-1, and ELK-1 signalling pathways. I am responsible 
for the literature research and data interpretations. 
3. Lead designer for SBGN-activity flow, logic gate, and yED versions of IFN-ɣ signalling 
map. 
4. Project manager. I am responsible for the communication between supervisors and other 
students, as well as the primary presenter during weekly meetings. 
  
Results     
 To understand the relationship between IFN-ɣ and TNF-α, we have identified 10 
transcription factors that are important for TNF-α activation. Based on these factors, a 
consensus map was generated detailing regulation of TNF-α at the promoter level. Features 
of the pathway, reliability of the map, and different interpretations of the signalling are 
subsequently shown. 
 
Features of IFN-ɣ induced TNF-α activation pathway.  

The pathway map described here consists of a total of 36 nodes of which 25 are 
proteins, 5 complexes, and 6 genes (Figure 3, Figure 4). A total of 113 interactions are 
described in the pathway map, 75 are binding events, 33 are phosphorylation events, 2 are 
inhibition reactions, and 3 are dephosphorylation inhibitions. The 32 nodes are separated 
into 4 major signalling cascades and described as the following:  

1. Upon the bindings of IFN-ɣ to IFN-ɣ receptors (IFNGR), active IFNGRs trigger the 
double auto-phosphorylations of PKR, which subsequently phosphorylates the 
IKK complex. The active IKK kinase phosphorylates the NFκBα repressor 
subunits, allowing the dimerization and translocation of NFκB to occur. One of the 
consequences of NFκB bindings is the synthesis of NFκBα repressor, which acts 
as a negative regulatory loop for the cascade. 

2. The active IFNGRs also trigger the bindings and auto-phosphorylations of JAK2, 
and subsequently activate the JAK/STAT signalling cascade. The bindings of 
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STAT1 to IFN-ɣ activated sites (GAS) on corresponding genes initiate the 
synthesis of IRF-1, IRF-8, and SOCS-1. IRF-1, and IRF-8 transcription factors 
elicit TNF-α signallings, while SOCS-1 acts as a negative regulatory loop for the 
cascade. 

3. The active JAK2 triggers the activation of PYK2 kinase via phosphorylation, 
which subsequently activates MEKK4 kinase. The active MEKK4 kinase 
phosphorylates both MEK6 and JNK kinases, which activates transcription 
factors Egr-1, ELK-1, and ATF-2. There are 2 inhibitory loops present on this 
cascade, which mediates the expression of PYK2, MEKK4, and p38MAPK via 
dephosphorylations.  

4. Active IFNGRs induce the phosphorylation of MEKK1 kinase, subsequently 
activating the ERK1/2 kinase complex. The ERK1/2 complex phosphorylates c-
Jun and C/EBP-β transcription factors. 

	  

	  
Figure	  3	  Pathway	  map	  of	  IFN-‐ɣ	  dependent	  TNF-‐α	  activation.	  
This	  map	  is	  based	  on	  a	  modified	  version	  of	  EPN	  with	  
corresponding	  notations	  shown	  on	  the	  left.	  The	  diagram	  
includes	  the	  interferon	  signalling,	  PKR,	  JAK/STAT,	  MEKK4,	  and	  
MEKK1	  pathways.	  36	  genes	  or	  proteins	  nodes	  are	  included	  in	  
the	  pathway,	  along	  with	  25	  proteins,	  5	  complexes,	  and	  6	  genes.	  
The	  pathway	  diagram	  represents	  113	  different	  interactions.	  	  
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Pathway conservation and specificity	  

 In order to establish the reliability of the pathways, we have devised several 
approaches to verify the specificity and the applicability of the pathway to reflect 
endogenous TNF-α activation in macrophage. First, we obtained information regarding the 
expression profiles of these transcription factors in different cell lines. Among the 10 
transcription factors, only IFR-1 and IRF-8 were specific to monocytes. To evaluate pathway 
specificities in monocytes, that is, the activation of these pathways should be specific to IFN-
ɣ; we analyzed the expressions of signalling cascades in the presence of different inducers 
(LPS, IFN-ɣ, IFN-α, MS-CSF, and TNF-α) (Hunt, 2005, Hu, 2007, Vila-del Sol, 2008). In the 

JAK/STAT cascade, only JAK1, JAK2, 
and STAT1 were interferons specific, 
while other STATs were not (Nguyen, 
2002). Secondly, to draw comparisons 
between human and mouse TNF-α 
promoters, we have aligned the promoter 
sequence up to 1kb upstream of the 
transcription start site (TSS) and mapped 
individual transcription factors on to 
corresponding binding sites. Both human 

and mouse TNF-α promoters shared a 
28	  genes	  are	  compared	  based	  on	  amino	  acid	  sequences	  obtained	  from	  Entrez.	  Percentage	  identity	  
is	  shown	  on	  the	  right.	  	  	  

	  	  Table	  2	  Homology	  comparisons	  between	  human	  and	  mouse	  amino	  acid	  sequence. 
Gene Name              Percent Identity (%) Gene Name           Percent Identity (%) 
IFN-ɣ 38 PYK2 95 
IGNFR1 47 MEKK4 88 
IGNFR2 58 MEK6 89 
JAK2 94 p38MAPK 99 
JAK1 95 ELK-1 85 
STAT1 92 ATF-2 86 
IRF-1 84 JNK1 100 
IRF-8 90 Egr-1 91 
PKR 57 MEKK1 89 
IKKα 95 MEK1 99 
IKKβ 89 Erk1 97 
IKKɣ 67 Erk2 99 
NFκB1 86 c-Jun 99 
RelA 89 TNF-α 79 

Figure	  4	  Pathway	  map	  of	  IFN-‐ɣ	  dependent	  TNF-‐α	  activation.	  This	  map	  is	  based	  on	  SBGN	  activity-‐flow	  with	  corresponding	  notations	  
shown	  on	  the	  top	  right.	  The	  diagram	  includes	  the	  interferon	  signalling,	  PKR,	  JAK/STAT,	  MEKK4,	  and	  MEKK1	  pathways.	  36	  genes	  or	  proteins	  
nodes	  are	  included	  in	  the	  pathway,	  along	  with	  25	  proteins,	  5	  complexes,	  and	  6	  genes.	  The	  pathway	  diagram	  represents	  113	  different	  
interactions.	  	  
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high degree of conservation, however, the location of the binding sites were not identical. 
Lastly, to explore the difference between human and mouse signalling, we compared amino 
acid sequence homologies of the 26 genes appeared on the TNF-α activation map.  Both 
IFN-ɣ and IFNGRs appeared distinctly different between the two species, however, genes 
involved in the signalling cascades were highly conserved (Table 2). 
	  
New interpretation of the interaction tables 

The interaction tables were built as references to describe gene interactions involved 
in TNF-α activation. We have implemented several changes to improve the accuracy and the 
readability of the table by using a different consensus table than the one generated by the 
class, which aggregates all the interactions under one single excel table (Table 3b). A 
section of the tables from the two versions describing the activation of Egr-1 with headings 
has been included. 
 
Table	  3a	  	  The	  consensus	  interaction	  table	  of	  JNK	  dependent	  Egr-‐1	  activation.	  
Interactant	  
1	  Gene	  
Symbol	  

Interactant	  
1	  Entrez	  
Gene	  Id	  

Interactant	  
1	  Molecule	  
Type	  

Interactant	  1	  
Molecule	  
Type	  
Ontology	  
Reference	  

Interactant	  2	  Gene	  
Symbol	  

Interactant	  
2	  Entrez	  
Gene	  Id	  

Interactant	  2	  
Molecule	  Type	  

Interactant	  	  2	  
Molecule	  
Type	  
Ontology	  
Reference	  

Interaction	  
Type	  

Interaction	  
Type	  
Ontology	  
Reference	  

EGR1	   1958	   protein	   MI:0326	   TNF-‐α	  	  -‐175	  	  5'	  
CCGCCCCCGCG	  3'	  -‐
165	  

7124	  
Promoter	  
Region	  

Promoter_region	   SO:0000832	   Sequence	  
specific	  
DNA	  
binding	  	  

GO:0043565	  

CREBBP	   1387	   Protein	   MI:0326	   EGR1	   1958	   Protein	   MI:0326	   Physical	  
association	  

MI:0915	  

EP300	   2033	   Protein	   MI:0326	   EGR1	   1958	   Protein	   MI:0326	   Physical	  
association	  

MI:0915	  

EGR1:TNF-‐α	  	  
-‐175	  to	  -‐165	  

1958:7124	  
Promoter	  
Region	  

Protein	  DNA	  
complex	  

MI:0233	   CREBBP/EP300	   	  	   	  	   	  	   	  	   	  	  

SP1:TNF-‐α	  	  -‐
175	  to	  -‐165	  

6667:7124	  
Promoter	  
Region	  

Protein-‐
DNA	  
complex	  

MI:0233	   EGR1:TNF-‐α	  	  -‐175	  to	  
-‐165:CREBBP/EP300	  

1958:7124	  
Promoter	  
Region	  

Protein	  DNA	  
complex	  

MI:0233	   	  	   	  	  

EGR1	   1958	   protein	   MI:0326	   ERK1	   5595	   Promoter_region	   SO:0000832	   Sequence	  
specific	  
DNA	  
binding	  	  

GO:0043565	  

JNK	   5599	   protein	  

	  	  

EGR1	   1958	   Promoter_region	   MI:0326	   Sequence	  
specific	  
DNA	  
binding	  	  

GO:0043565	  

The	  interactions	  showed	  here	  detail	  the	  activation	  of	  Egr-‐1	  by	  the	  JNK	  kinase	  (row	  6	  and	  7).	  Notice	  the	  interactions	  between	  Egr-‐1	  and	  JNK	  
is	  incorrect.	  The	  active	  Egr-‐1	  subsequently	  binds	  to	  TNF-‐α	  promoter	  (row	  1).	  Three	  interactions	  between	  Egr-‐1	  and	  CREBBP	  are	  recorded	  
on	  row	  2,	  3,	  4,	  and	  5.	  	  
	  
Table	  3b	  	  The	  new	  version	  of	  the	  interaction	  table	  of	  JNK	  dependent	  Egr-‐1	  activation.	  
Interactant	  
1	  Gene	  
Symbol	  

Interactant	  
1	  Entrez	  
Gene	  Id	  
(Human	  
Mouse)	  

Interactant	  1	  
Molecule	  Type	  

Interactant	  
1	  Molecule	  

Type	  
Ontology	  
Reference	  

Interactant	  
2	  Gene	  
Symbol	  

Interactant	  
2	  Entrez	  
Gene	  Id	  
(Human	  
Mouse)	  

Interactant	  2	  
Molecule	  Type	  

Interactant	  	  2	  
Molecule	  
Type	  

Ontology	  
Reference	  

Interaction	  Type	   Interaction	  
Type	  

Ontology	  
Reference	  

Activation	  of	  JAK2	  /p38	  signalling	  cascade	  	  

IFNGR2	   H:3460	  
M:15980	  

IFN-‐ɣ	  receptor	  
binding	  

GO:0005
133	  

JAK2	   H:3717	  
M:16452	  

Activation	  of	  
JAK2	  kinase	  
activity	  

GO:0042977	   Activation	  of	  
protein	  kinase	  
activity	  

GO:0032147	  

JAK2	   H:3717	  
M:16452	  

Activation	  of	  JAK2	  
kinase	  activity	  

GO:0042
977	  

PYK2	   H:2185	  
M:19229	  

Protein	   MI:0327	   Kinase	  	   GO:0016301	  

PYK2[p]	   H:2185	  
M:19229	  

Protein	   MI:0327	   MEKK4	   H:4216	  
M:26407	  

Protein	   MI:0327	   Kinase	  	   GO:0016301	  

MEKK4[p]	   H:4216	  
M:26407	  

Protein	   MI:0327	   JNK	   H:5599	  
M:46219	  

JUN	  kinase	  
activity	  

GO:0004705	   Kinase	  	   GO:0016301	  

Activation	  of	  Egr-‐1	  

JNK[p]	   H:5599	  
M:46219	  

JUN	  kinase	  activity	   GO:0004
705	  

Egr-‐1	   H:1958	  
M:13653	  

Early	  growth	  
response	  1	  

IMR:0700904	   Kinase	  	   GO:0016301	  

The	   interactions	   shoed	  here	  detail	   the	  activation	  of	  Egr-‐1	   by	   the	   JNK	  kinase	   (row	  5).	   The	   interaction	  between	  Egr-‐1	   and	   JNK	   has	  been	  
changed	  to	  kinase.	  Notice	  the	  signalling	  starts	  with	  the	  activation	  of	  JAK2	  by	  the	  active	  IFNGRs	  (row	  1).	  The	  JAK2/p38MAPK	  cascade	  (row	  2,	  
3,	  and	  4)	  is	  responsible	  for	  the	  activation	  of	  ATF-‐2,	  ELK-‐1,	  and	  Egr-‐1.	  Subtitles	  are	  given	  to	  describe	  the	  interactions.	  	  
	  

In the new version of the interaction tables (Table 3b), we first rearranged the interactions 
according to their signalling cascades and then sub-categorized the pathways into different 
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sections with simple descriptive titles. We then represent these interactions in chronological 
orders, that is, the signal starts with the binding of IFN-ɣ to IFNGRs, followed by the 
activation of the signalling cascade, and subsequently activates the transcription factor. The 
binding of the transcription factor to TNF-α promoter always occurs at the very last step and 
the recruitment of CREBBP and the polymerase are separately described. Besides the 
physical layouts, we have also improved the details and the accuracy of the information. For 
example, we have included both human and mouse Entrez IDs for references. More specific 
OG references were used to describe interactions. Most importantly, inaccurate information 
such as the activation of Egr-1 by JNK was corrected (from sequence specific DNA bindings 
to kinase). Incorrect Boolean logic outputs were also modified (e.g. the logic output for 
phospho Egr-1 by JNK[p] should be Egr-1[p], not JNK:Egr-1). 
 
Boolean logic interpretation of TNF-α promoter regulation 
 In order to explore the transcription activation of TNF-α at the promoter level, we 
have developed a three-step approach based on Boolean logic and existing kinetics to 
analyze the pathways. First, we re-illustrated the 4 signalling cascades using Boolean logic 
notations (Figure 4). For example, in the JAK/STAT signalling cascade, the IFNGRs were 
represented using 4 “ANDs” because the 4 receptor subunits (2 IFNGR1 and 2 IFNGR2) 
must interact with IFN-ɣ for signal transductions to occur. The active IFNGRs induce the 
auto-phosphorylation of JAK2 was subsequently represented by 2 “ANDs” because two 
molecules of JAK2 are required to initiate downstream signallings. The synthesis of IRF-1 
and IRF-8 were represented using “AND++” because STAT1 itself is not sufficient to initiate 
IRF-1 and IRF-8 transcriptions, and other transcription factors are required (denoted by ++). 
The last AND prior to the activation of TNF-α was designated to CREBBP (Figure 4). 
 Among the four signalling cascades, the JAK/STAT pathway contains a total of 12 
ANDs: of which, 1 is a quadruplet (4&), 3 are doublet (2&), 1 singlet (&), and 1 synthesis 
(&++). The PKR pathway contains a total of 11 ANDs (1x4&, 1x3&, 1x2&, and 2x1&) and the 
MEKK4 pathway consists of 11 ANDs (1x4&, and 10x1&). Lastly, the MEKK1 pathway 
consists of 10 ANDs: of which 1 is a quadruplet (4&), 1 is a doublet (2&), and 4 are singlet 
(&). 
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In the second step, we obtained time course data regarding the activation of genes or 

transcription factors in response to IFN-ɣ stimulations. Two discrete data points, one being 
the detectable time and the other one being the peak detection time, were assigned based 
on the availability of the data. The termination point was not given, mainly because this time 
point was not observable in most of the experiments (Figure 6a). In both JAK/STAT and 
MEKK4 signallings, the auto-phosphorylation of JAK2 was detectable 15 minutes after IFN-ɣ 
stimulation and reached to a maximum at 30 minutes. The peak expression of c-Jun, ATF-2, 
and possibly ELK-1 occurred at 30 minutes post stimulations, followed by NFκB and Egr-1 at 
between 1.5 to 2 hours. The expression of IRF-1 occurred in a biphasic fashion (1~4hrs, 
5~16hrs), while the expression of IRF-8 remained stable after 4 hours. The expression of 
TNF-α was detectable 1 hour post stimulation and subsequently reached to a peak (small) at 
4 hours. The expression of TNF-α was then dropped down to the 2 hour level and re-
induced from 8 hours and onward.  
	  

Figure	  5	  Boolean	  logic	  interpretation	  of	  TNF-‐
α	  activation.	  All	  4	  pathways	  are	  assumed	  to	  
be	  independent	  (no	  dependencies),	  and	  can	  
elicit	  TNF-‐α	  transcription.	  The	  number	  of	  AND	  
(&)	  notations	  represents	  the	  number	  of	  
interactions	  that	  is	  required	  to	  achieve	  the	  
reaction.	  The	  &++	  indicates	  de	  novo	  synthesis	  
of	  transcription	  factors.	  The	  last	  &	  is	  devoted	  
to	  CREBBP.	  The	  reference	  pathways	  are	  
drawn	  using	  SBGN	  activity-‐flow	  with	  
notations	  described	  in	  Figure	  4. 
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Figure	  6	  Boolean	  logic	  interpretation	  of	  TNF-‐α	  activation	  with	  signalling	  
delays.	  6a)	  time	  range	  required	  for	  the	  activation	  of	  genes	  upon	  interferon	  
stimulations.	  	  The	  1st	  and	  the	  2nd	  time	  points	  describe	  the	  detection	  and	  the	  
peak	  expression	  of	  genes.	  Reference	  can	  be	  found	  in	  supplementary.	  6b)	  
representation	  of	  TNF-‐α	  activation	  using	  Boolean	  logic	  and	  signalling	  delays.	  
Only	  the	  JAK/STAT	  and	  PKR	  cascades	  are	  shown	  here.	  3	  “NOTs”	  are	  present	  in	  
steps	  100,	  101,	  and	  102.	  1	  “OR”	  is	  present	  in	  step	  107.	  Overall,	  this	  diagram	  
consists	  of	  108	  steps.	  

In the last step, we incorporated both 
Boolean logic notations and signalling delays to 
produce the logic interpretation of IFN-ɣ dependent 
TNF-α activation (Figure 6b). Due to the scope of 
the project, we have focused this step mainly on the 
PKR and the JAK/STAT pathways. The map 
described here consists of a total of 109 logical 
steps. Signalling delays for events 1 to 19, which 
describes the binding of IFN-ɣ to IFNGRs, were not 
available. All of the time delays were shown as a 
time range (in minutes) with respect to initial IFN-ɣ 
stimulations. Steps 20, 21, 22, 42, 62, 94, and 106 
(assembly of the polymerase) did not require 
signalling delays. 3 “NOTs” were given to steps 100, 
101, and 102, and delays were not available.  
Delays for steps 95 to 99 were also unknown.  An 

IFN-‐ɣ	   AND AND AND AND AND AND AND
IFNGR 1 30-‐60 60-‐120 60-‐120 60-‐120 60-‐240
PKR 23 480-‐
IKK 43
NFkBa:NFKb1 63
IFN-‐ɣ	   AND AND AND AND
IFNGR 2 30-‐60 60-‐120 60-‐120
PKR 24
IKK 44
NFkBa:RelA 64 83
TNF	  -‐89	  to	  -‐97 95
IFN AND AND AND AND AND AND
IFNGR 3 30-‐60 60-‐120 60-‐120 60-‐120
PKR 25
IKK 45
NFkBa:NFKb1 65
IFN-‐ɣ	   AND AND AND AND
IFNGR 4 30-‐60 60-‐120 60-‐120
PKR 26
IKK 46
NFkB1:RelA 66 84
TNF	  -‐874	  to	  -‐858 96
IFN-‐ɣ	   AND AND AND AND AND AND
IFNGR 5 30-‐60 60-‐120 60-‐120 60-‐120
PKR 27
IKK 47
NFkBa:NFKb1 67
IFN-‐ɣ	   AND AND AND AND
IFNGR 6 30-‐60 60-‐120 60-‐120
PKR 28
IKK 48
NFkBa:RelA 68 85
TNF	  -‐604	  to	  -‐620 97
IFN-‐ɣ	   AND AND AND AND AND AND OR
IFNGR 7 30-‐60 60-‐120 60-‐120 60-‐120
PKR 29
IKK 49
NFkBa:NFKb1 69
IFN-‐ɣ	   AND AND AND AND
IFNGR 8 30-‐60 60-‐120 60-‐120
PKR 30
IKK 50
NFkBa:RelA 70 86
TNF	  -‐621	  to	  -‐631 98
IFN-‐ɣ	   AND AND AND AND AND AND
IFNGR 9 30-‐60 60-‐120 60-‐120 60-‐120
PKR 31
IKK 51
NFkBa:Rel 71
IFN-‐ɣ	   AND AND AND AND
IFNGR 10 30-‐60 60-‐120 60-‐120
PKR 32
IKK 52
NFkBa:RelA 72 87
TNF	  -‐621	  to	  -‐631 99 107
IFN-‐ɣ	   AND AND AND AND AND NOT
IFNGR 11 30-‐60 60-‐120 60-‐120 60-‐120
PKR 33
IKK 53
NFkBa:NFKb1 73
IFN-‐ɣ	   AND AND AND AND
IFNGR 12 30-‐60 60-‐120 60-‐120
PKR 34
IKK 54
NFkBa:NFKb1 74 88
TNF	  -‐604	  to	  -‐620 100
IFN-‐ɣ	   AND AND AND AND AND NOT
IFNGR 13 30-‐60 60-‐120 60-‐120 60-‐120
PKR 35
IKK 55
NFkBa:NFKb1 75
IFN-‐ɣ	   AND AND AND AND
IFNGR 14 30-‐60 60-‐120 60-‐120
PKR 36
IKK 56
NFkB1:NFkB1 76 89
TNF	  -‐874	  to	  -‐858 101
IFN-‐ɣ	   AND AND AND AND AND NOT
IFNGR 15 30-‐60 60-‐120 60-‐120 60-‐120
PKR 37
IKK 57
NFkBa:NFKb1 77
IFN-‐ɣ	   AND AND AND AND
IFNGR 16 30-‐60 60-‐120 60-‐120
PKR 38
IKK 58
NFkBa:NFKb1 78 90
TNF	  -‐592	  to	  -‐603 102
IFN-‐ɣ	   AND AND AND AND AND AND
IFNGR 17 15-‐30 15-‐30 30-‐60 60-‐240
JAK2 300-‐
JAK2 39
JAK1
JAK1 59
STAT1
STAT1 79
IRF-‐1 91
TNF	  -‐120	  to	  ? 103
IFN-‐ɣ	   AND AND AND AND AND AND
IFNGR 18 15-‐30 15-‐30 30-‐60 60-‐240
JAK2 300-‐
JAK2 40
JAK1
JAK1 60
STAT1
STAT1 80
IRF-‐1 92
TNF	  -‐615	  to	  -‐1311 104
IFN-‐ɣ	   AND AND AND AND AND AND
IFNGR 19 15-‐30 15-‐30 30-‐60 240-‐
JAK2
JAK2 41
JAK1
JAK1 61
STAT1
STAT1 81
IRF-‐8 93
TNF	  -‐36	  to	  -‐98 105
TF2D AND AND AND AND AND AND
tata-‐25to-‐21 20
TF2A 42
TF2B 62
TF2F AND
RNA	  pol	  II 21 82
TF2E 94
TF2H 106
sp1 AND
TNF	  -‐52	  to	  47 22
CREBBP/EP300 108

6b.	   6a.	  
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“OR” was given to step 107; and signal delay was not available. 
 Discussion  

TNF-α coordinates a diverse array of cellular programs during both innate and 
acquired immune response. The activation of TNF-α is mediated through multiple external 
signals, predominately microbial antigens and foreign nucleic acids (Schroder, 2004). The 
complexity of activation pathways places limits to possible matches between specific 
diseases and the associated pathways. Current studies mainly focus on the activation of 
TNF-α through the TLR using LPS, or poly I:C because they elicit stronger signals 
(Medzhitov, 2009). Although activation of TNF-α via IFN-ɣ also plays an important role in 
immune responses, this response is relatively weaker and often masked by TLR signalling, 
making it difficult to extrapolate the pathway through empirical approaches. In order to 
investigate the role of TNF-α activation via IFN-ɣ, the masking effects of TLR signalling need 
to be quantified in further studies. We constructed a preliminary TNF-α activation pathway 
using current literature, with focus on IFN-ɣ specific signalling cascades. Using Boolean logic, 
we transformed the pathway into mathematical models and made predictions based on the 
model to compare with the experimental data. Overall, this logic based modelling approach 
consists of three goals. In the short-term, it demonstrates that a bioinformatics approach can 
be applied to study complex processes, while providing validations to the pathway and 
primitive explanations to biological phenomenon. Data generated from the exercise can 
subsequently be used to design synthetic biology type experiments to further study specific 
gene regulations. In the medium-term, pathway modelling can be used to produce high 
confidence pathways, which allows modelling to be taken from small modules (such as TNF-
α activation) to an entire system (such as IFN-ɣ signalling). In the long-term, modelling 
allows high throughput (HT) microarray datasets to be analyzed based on the models to 
identify previously unknown cellular mechanisms and important therapeutic targets (or 
biomarkers) while reducing adverse effects on other parts of the system. Most importantly, 
this approach provides the opportunity to understand the underline biology, while reducing 
medical, research costs and ethics violations. 

To understand the activation TNF-α at the promoter level, the spatial and temporal 
regulations of TNF-α must be considered. The spatial observations of the TNF-α promoter 
provide insights to the physical coordination of transcription factors on the promoter, 
whereas the temporal features of the signalling cascades detail the timing of these 
interactions. It is the combination of these two aspects that result in the fluctuations of TNF-α 
upon the induction of IFN-ɣ. By investigating the location of transcription binding sites of 
TNF-α and the signalling delays involved in pathway activation, we propose a spatiotemporal 
model detailing IFN-ɣ dependent TNF-α activation.  

Spatial features of the promoter and the formation of TNF-α transcription 
enhanceosome  

Transcriptional activation of genes in eukaryotes often requires the assembly of an 
enhanceosome complex (Tsunoda, 1998). Such complex is comprised of distinct sets of 
proteins on the promoter region of DNA. One of which, the CREBBP, provides a scaffold for 
the assembly of transcription cofactors complexes (Qin, 2005). The interactions between 
transcription factors and CREBBP induce the bending of DNA, creating a stereospecific 
surface for the recruitment of the basal transcription machinery to allow multiple rounds of 
transcription. The location of enhanceosome on the promoter, as well as its composition is 
critical to the efficacy and synergy of transcription. Currently, no enhanceosome complexes 
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have been identified during TNF-α transcription. Based on the findings and current research, 
we proposed the formation of three enhanceosome complexes to explain the fluctuations in 
TNF-α expressions. 

Based on existing publications, we first defined the promoter region of TNF-α to be 
1kb upstream of the TSS. The sequence of TNF-α was subsequently obtained from the 
Ensembl database, and the binding sites of the transcription factors were mapped according 
their binding sequences. Three possible regions on the TNF-α that are saturated with 
transcription binding sites have been identified for enhanceosome complexes. The first 
binding region was located between -28 to -98 where binding sites of NFκB, ATF-2, c-Jun, 
PU.1, Ets (ELK-1), and IRF-8 were present (Figure 3). The second region was located 
between -120 and -180 where the binding sites of SP-1, IRF-1, and PU.1 were identified. 
The last region was located at the -615 position where the binding sites of NFκB, IRF-1, and 
c-Jun/ATF-2 (predicted using TRANSFAC) were identified.  

The NFκB enhanceosome is one of the complexes that have been extensively 
studied. It is comprised of NFκB heterodimers, IRFs, c-Jun, and ATF-2, and has been 
identified to be involved in the transcription activation of IFN-β  (Kim, 2000), IL-1β  (Kim, 2000), 
IL-12(Masumi, 2002), and IL-15 (Azimi, 2000). The IRFs bind to the IRF-E (GAAAnnGAAA) 
and interferon stimulated responsive (ISRE) elements (TTTCnnTTTC) and have been shown 
to be important in TNF-α activation (Alexandrova, 1990, Contursi, 2000, Korn 1994). 
However, no complete IRF-E or ISRE are present on the promoter TNF-α (only partial GAAA 
sequences), making full complementary bindings of IRF-1 and IRF-8 impossible. Despite the 
deficiencies in binding sites, crystal structures of IRF-1 (Escalante, 1998), IRF-2 (Fujii, 1999), 
and IRF-4 (Escalante, 2002) protein DNA complexes revealed that although the IRFs 
interact with the full GAAAnnGAAA sequence, only one GAAA was absolutely essential for 
the formation of the complex. The findings of other IRF binding sites suggest that the 
bindings of IRFs might not be completely sequence specific (Schmidt, 1998). Observations 
have noted that during the transcription of HIV TAT protein, no binding sites are required for 
the recruitment of IRF-1 as the NFκB heterodimers act as scaffolds, allowing the 
incorporation of IRF-1 to occur via spatial specificity (Battistini, 2002, Sgarbanti, 2008). 
Based on this evidence, we conclude that the bindings of IRFs to the TNF-α promoter can 
be either sequence or spatial specific, making the formation of enhanceosome complexes 
possible.  

The region between -28 and -98 contains the binding sites for NFκB, ATF-2, c-Jun, 
PU.1, Ets (ELK-1), and SP-1, making it an ideal candidate for the first enhanceosome 
complex (E1). Since the binding sequence of IRF-8 was not present in this region, we 
proposed that the binding of IRF-8 occurred via protein-protein interactions with other 
transcription factors. The region between -120 and -180 hosts the second form of 
enhanceosome complex (E2), which consists of IRF-1, SP-1, and PU.1. Different from E1, 
E2 does not contain NFκB binding sites (located at -210), but the GAAA sequence is present. 
Third complex (E3) is located at the region of -615, where the binding sites of NFκB and, 
IRF-1 are located. A theoretical binding site for c-Jun and ATF-2 was identified using 
TRANSFAC, however, without experimental support, we do not know the authenticity of this 
prediction.  

The presence of 3 different enhanceosome complexes (E1, E2, and E3) provides the 
bases for the variabilities in the strength of activation during TNF-α transcription. The 
bindings of different combinations of transcription factors on different regions of the promoter 
would result in different promoter activities. Among the 3 predicted enhancesomes, E1 is 
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comprised of the highest number of transcription factors within the 70bp range, making it the 
strongest inducer. On the other hand, the E2 only consists of 3 transcription factors, making 
it the weakest inducer. This idea was supported by the observation that the removal of the 
E1 region would severely compromise the activation of TNF-α, whereas the removal of E2 
would not.  

Although the E1 complex induces the strongest signal, its assembly is limited by the 
availability of the transcription factors, hence a lower activation frequency. The E2 and E3 
complexes, conversely, do not require a high number of transcription factors, making the 
complex formations occur more often, hence a higher activation frequency. Due to their 
simplicity, these complexes elicit weaker transcription activations. The formation of multi-
enhancesomes would allow finer controls over TNF-α activation, preventing the over or 
under expression of the cytokine. 
 
Signalling delays and the temporal activation of TNF-α pathways 

Parameters are a set of physical properties whose values determine the 
characteristic or behaviour of the model. Depending on the types of methodology used in 
modelling, different types of parameters are required. In Boolean logic modelling, signalling 
delays that resemble the “on and off (0 and 1)“ switches are tremendously important 
because they provide clues to the speed of signal transductions and the temporal order of 
pathway activation. To understand signalling delays involved in TNF-α activation, we have 
implemented a stepwise approach that focuses on different aspects of the pathway.  

We first analyzed signalling delays from a biochemistry standpoint, namely the types 
of reactions involved in the signalling cascades. In an effort to collect rate constants and 
other parameters, we have utilized the BRENDA database and compiled available 
information on to a designated table (designed by our group, see supplementary). Our 
research into the matter was limited to time and the information within the incomplete 
BRENDA database. Despite the shortcomings, it was still possible to analyze the pathways 
based on the nature of the reactions to determine the speed of the signalling. For example, 
an enzymatic reaction such as phosphorylation will occur faster than de novo synthesis of a 
protein. The time that a protein takes to be phosphorylated by a single protein will be shorter 
than the one is phosphorylated by a complex (because the complex has to be assembled 
prior to activation). When two pathways utilize the same type of reaction, the pathway that 
requires fewer steps will tend to be activated faster.  

The TNF-α activation map consists of 4 signalling cascades of which 3 of them (PKR, 
MEKK4, and MEKK1) were activated solely by phosphorylations, making them the faster 
pathways (Figure 4). Within the 3 pathways, PKR appeared to be the slowest, mainly 
because the activation of IKK requires phosphorylations and the assembly of the 3 IKK 
subunits. Also, the activation of NFκB required 2 molecules of NFκB, which further increase 
signalling delays.  Between MEKK4 and MEKK1, 4 phosphorylation events were required for 
MEKK1 signalling whereas MEKK4 required 6, making MEKK1 the fastest pathway. 
Although ERK1/2 is a kinase complex, its activation did not require the assembly of the 
complex (pre-assembled).  
 To assign signalling delays, we transformed the pathways into Boolean logic 
notations and interpreted based on activation probabilities. As the number of steps for a 
given pathway increases (increase in the number of &), the probability for that pathway to be 
activated in response to stimulation decreases, which increases signalling delays (Figure 5). 
The probability for a given chemical reaction to occur also decreases as the number of 
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reactants increases. Although changes in probability is not static (e.g. a fix number) between 
different reactions, the general dynamics between the complexity of the reaction and speed 
remain the same.  

The JAK/STAT pathway consists of the highest number of AND notations, with the 
majority of them appeared as doublets (2&). This indicates that the activation JAK/STAT is 
more difficult and signalling delays are high. The presence of &++ (the de novo synthesis of 
transcription factors) further increases activation difficulties and signalling delays. Both PKR 
and MEKK4 pathway contained the same amount of AND notations, however, the presence 
of a triplet (IKK) and a doublet (NFκB) made the PKR pathway much more difficult to be 
activated, hence higher signalling delays.  

We interpreted signalling delays by assigning expression profiles based on published 
empirical data to corresponding genes (Figure 6a). Because different expression profiles 
were obtained from different publications, the time points were discrete (not continuous) and 
overlapping. Among the 4 pathways, the activation of c-Jun through MEKK1 was 
significantly faster than the rest, followed by ATF-2 and ELK-1. Surprisingly, it took more 
than 60 minutes for the activation of Egr-1 to occur, coinciding with the activation of IKK and 
NFκB. On the other hand, the STAT1 depend gene activations showed strong variabilities. 
The activation of IRF-1 was fast but biphasic, whereas the activation of IRF-8 was slow but 
stable.  
 Based on previous analysis, we have constructed a logic table, detailing step-by-step 
interactions between individual cellular components, leading to the activation of TNF-α	  
(Figure	  6b). Several conclusions were also made regarding the activation of the pathways: 

• It requires a finite duration for the activation of a given transcription factor to 
occur and not all the factors can be activated at the same time. 

• Signalling delays are depended on the type, as well as the number of interactions. 
• The JAK/STAT pathway requires the de novo synthesis of proteins, making it the 

slowest and most complex pathway in TNF-α activation. 
• Upon the stimulation of IFN-ɣ, c-Jun, ATF-2, and ELK-1 would be the first to be 

activated, follow by Egr-1 and NFκB, and lastly IRF-1 and IRF-8. 
• High expressions of TNF-α coincide with the activation of IRF-1, and IRF-8.  

 
Spatiotemporal model of IFN-ɣ dependent TNF-α activation 
 With the spatial features of TNF-α promoter and temporal features of the signalling 
pathways defined, we present the spatiotemporal model of INF-ɣ dependent TNF-α 
activation. We acknowledged that this model is yet subject to extensive empirical testing, but 
we believe that this model would provide valuable insights into the regulation of TNF-α. 

1. Upon the binding of IFN-ɣ to IFNGRs, the active IFNGRs induce the 
phosphorylations of PKR, JAK2, and MEKK1. 

2. Because the signalling delays in MEKK1 are much shorter than the other 
pathways, the transcription factor c-Jun is the first to be activated through the 
ERK1/2 kinase.  

3. The phosphorylated JAK2 induce the phosphorylations of PYK2 and JAK1, 
initiating downstream signallings. 

4. The phosphorylated PYK2 kinase activates the p38MAPK kinase via 
phosphorylation, activating ELK-1 and ATF-2. 

5. The bindings of active ELK-1, ATF-2, c-Jun, SP-1, and PU.1 transcription factors 
to the TNF-α promoter activate the first round of gene transcriptions (0~1.5 hours). 
However, at this stage, no enhanceosome complexes are formed and the 
promoter activity is low.   
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6. The active PYK2 kinase also actives the JNK kinase, which activates Egr-1 via 
phosphorylation.  

7. The phosphorylated PKR induce phosphorylations, assemblies, and the 
activation of the IKK kinase complex. The IKK kinase phosphorylates the NFκBα 
repressor subunit, causing NFκBα degradations and to disassociate from the 
NFκB. The NFκB subsequently dimerizes to become the active NFκB 
transcription factors.  

8. The active JAKs cause the phosphorylations and the dimerizations of STAT1, 
which induce the synthesis of IRF-1.   

9. The active ELK-1, ATF-2, c-Jun, SP-1, PU.1, Egr-1, NFκB, and IRF-1 bind to the 
TNF-α promoter and with the incorporation of CREPPB, they form either the E2 
(IRF-1, PU.1, and SP-1) or the E3 (NFκB, and IRF-1) enhanceosome complex. 
The formations of enhancesomes gradually increase the efficacy of transcriptions, 
which increase TNF-α expressions (1.5~4 hours). However, due to the short half-
life of IRF-1 (<30 minutes) (Pion, 2009)	  , these complexes are not sustainable for 
over long periods of time, causing TNF-α expressions to decline. Also, at this 
stage the transcription of TNF-α is yet to be optimized due to the lack of IRF-8 
and the formation of E1 (NFκB, c-Jun, ATF-2, ELK-1, SP.1, PU.1 and IRF-8) 
enhanceosome complex.  

10. As IRF-8 and new IRF-1 are synthesized, the formation of E1, E2, and E3 
enhanceosome complexes enable high fidelity TNF-α transcriptions (6 hours~). 

The activation of TNF-α can be regulated at two levels, through utilizing signalling delays 
and features of the promoter. This type of architecture would allow the rapid expressions of 
TNF-α, while ensuring fine transcriptional controls. 
 
Pathway reliabilities 

During the initial planning process, two critical issues were identified. Firstly, different 
cell types were used to demonstrate gene interactions and some of them were distinctively 
different from the monocyte lineage. Secondly, most of the experiments were performed 
using murine RAW cells; the difference between species could further alter the signalling 
cascades. Thus, we have developed several approaches to resolve these issues. We 
acknowledged that these approaches might not be sufficient to provide definitive conclusions 
without empirical evidence; however, is of importance that such attempts are necessary to 
expand the limitations of this literature-based pathway mapping.  

To investigate the specificities of the transcription factors and TNF-α activation 
pathway, we have analyzed their expression profiles under various cell-lines and inducers. 
Among the 10 transcription factors, only IRF-1 and IRF-8 were specific to monocytes.  When 
the activation pathways were examined, only JAK1, JAK2, and STAT1 showed some levels 
of specificity to IFN-ɣ. These two findings did not come as a surprise for two reasons. Firstly, 
it is known that the majority of the transcriptions factors are ubiquitously expressed in all cell 
types and only a few of them are cell type specific. The coordinations between these 
ubiquitous and specific transcription factors determine the unique physiology and signallings 
of a given cell type (Medzhitov, 2009). Secondly, most of the pathways have multiple 
inducers, that is, a pathway such as the activation of ATF-2 can be activated by multiple 
input signals. It is the initial adaptor proteins (in this case IFNGR) that provide the specificity 
during signal transductions, resulting in specific responses. In G protein-coupled receptor 
(GPCR) signallings, the adaptor proteins, the adenylyl cyclase (AC), contain multiple 
isoforms, resulting in different signalling events (Hao, 2007). Thus, identifying the 
interactions between IFNGRs and subsequent signalling molecules could potentially provide 
clues to the “on and off” switch to TNF-α activation. When the evidence were considered, we 
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conclude that although both pathways and transcription factors were not highly specific, the 
added effect would still be sufficient to achieve specific IFN-ɣ dependent gene expressions. 

To explore the difference between mouse and human signalling, we have compared 
the promoter sequences of TNF-α and the amino acid sequence of genes involved in TNF-α 
activation between two species. The conservation in the promoter sequence indicated that 
the activation of TNF-α in both species might involve similar mechanisms (and similar 
transcription factors). However, variabilities in binding site locations might have an impact on 
the magnitude of TNF-α activation (e.g. difference in TNF-α levels). It has been shown that 
mutations in identical NFκB binding sites on these two species would result in different TNF-
α expressions (Kuprash, 1999). We postulate that the location of the binding sites would play 
a significant role at determining the gene dosage, but the actual mechanism remains 
unknown.  
 When comparing amino acid sequences of homologous genes between the two 
species, we observed that although IFN-ɣ, IFNGRs, and TNF-α showed strong differences, 
the rest of the genes appeared highly conserved. Theoretically, if two genes were 
homologous and shared high degrees of identity, their functions and regulations should be 
similar. Based on this finding, we are confident that the TNF-α activation map is applicable 
for both mouse and human. However, we also believe that the difference between IFN-ɣ and 
IFNGRs might have an impact on the sensitivity of the IFN-ɣ signallings. It has been shown 
that in the JAK/STAT cascade, low dosages of IFN-ɣ would not elicit the negative feedback 
loop (Hu, 2002). Given the difference in IFN-ɣ and IFNGRs between the two species, it is 
likely that the dosage required to induce TNF-α expression would also be different. 
 Despite the usefulness of homology comparisons, it is noted that there are potential 
problems regarding such approach. Early analysis on pathway conservations between 
Saccharomyces cerevisiae and Caenorhabditis elegans using synthetic genetic array (SGA) 
revealed that although the genes are similar between the two species, their interactions and 
network connectivity can be varied due to pathway redundancies (Byrne, 2007). Thus, the 
variabilities in gene regulations and network variances have become one of the important 
challenges in literature-based mappings.  
 
Graphical representation of the pathway 

We initially adapted a modified version of EPN to detail TNF-α promoter regulation. 
The EPN, coupled with Boolean logic notations, are sufficient at describing complex 
processes. However, such notation was not standardized and sometimes difficult to interpret. 
Thus, besides the EPN based signalling map, we have been experimenting map buildings 
using the SBGN. The SBGN uses standardized shapes, but not colours to represent 
biological entities, which can reduce the chance of misinterpretations (Le Novere, 2009). 
Currently, there are three types of SBGN diagrams: process-description, entity-relationship, 
and activity-flow. A process description diagram details step-by-step reactions, which is 
suitable for detailed signalling studies. However, such a diagram is difficult to visualize and 
tends to explode when too many interactions are present. An entity relationship diagram is 
very efficient at representing complex interactions due to its circuitry-like style. However, this 
style is particularly difficult to visualize and protein transitions are difficult to represent. The 
activity-flow diagram, conversely, does not include step-by-step reactions or detailed 
transitions.  The simplicity of SBGN activity-flow diagrams makes it suitable for virtualizations 
and knowledge transfer. For comparison, a section of the overall map describing IFNGR 
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signalling using both SBGN activity-flow and EPN has been included as an example of the 
notation scheme in action and the notation symbols are subsequently provided.  

	  
COMPONENTS BOOLEAN OPERATORS	   TRANSITION NODES 

	  

PATHWAY 
INITIATOR &

	  

 
AND A

 

 
ACTIVATION 

	  

PATHWAY 
OUTPUT OR
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EDGE ANNOTATION 

P
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INHIBITION I

 

 
INHIBITION 
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PATHWAY OUTPUT 

	  

PROTEIN 
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RECEPTOR 
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UNKNOWN 
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SOCS-‐1
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TNF-‐α

	  
Figure	  7	  Manual	  layout	  of	  IFN-‐ɣ	  dependent	  JAK/STAT	  signalling	  taken	  from	  TNF-‐α	  pathway	  map.	  The	  diagram	  is	  arranged	  to	  flow	  from	  
left	  to	  right.	  This	  pathway	  is	  initiated	  by	  the	  binding	  of	  interferon	  to	  the	  receptors	  and	  a	  subsequent	  phosphorylation	  cascade,	  leading	  to	  
the	  activation	  of	  STAT1.	  STAT1	  binds	  to	  corresponding	  gene	  promoters,	  inducing	  the	  synthesis	  of	  IRF-‐1,	  IRF-‐8,	  and	  SOCS-‐1.	  The	  presence	  of	  
IRF-‐1	  and	  IRF-‐8	  activates	  TNF-‐α	  transcription,	  while	  SOCS-‐1	  inhibits	  the	  activation	  of	  JAK2.	  The	  diagram	  7a	  uses	  a	  modified	  version	  of	  EPN	  
where	  as	  7b	  uses	  the	  SBGN	  activity-‐flow.	  	  

 
 
 
The SBGN provides an efficient way of representing the activation pathway of TNF-α, 
making this notation much more appealing than the EPN. However, there are several issues 
that still need to be addressed. Currently, the SBGN is not fully standardized and notations 

such as phosphorylation events and transition states are 
not clearly defined. Secondly, notations used in process-
description, entity-relationship, and activity-flow and their 
respective definitions are yet to be fully compatible.  Also, 
there is no native software to fully support the SBGN. 
Although the CellDesigner and the Athena provide basic 
supports to the SBGN, the notations used in these software 
are not identical. Lastly, the current version of the SBGN 
(proposed level 1) does not support coding integrations, 
meaning that a diagram cannot be transformed into models 

with ease. Despite these issues, as the SBGN becomes more mature, it would be capable to 
illustrate biological processes in a comprehensive, simple to read (familiarity), easy to 
understand (parsimony), and unique (orthogonality) fashion (Le Novere, 2009). The 

7a.	  

7b.	  
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movement towards the SBGN entity-relationship diagrams (circuitry-like) would also provide 
an opportunity to transform biological maps into machine readable languages, enabling 
faster analysis.  
 
Modifications of the interaction tables 
 Interaction tables were used as supplementary to the pathway map, providing certain 
levels of creditability to the signallings. Information recorded on these tables not only are 
critical to modelling, but also important for subsequent experimental designs. The consensus 
tables were generated by various groups, indicating that the quality and accuracy of the 
information might be inconsistent. The reiterations of the interaction tables were absolutely 
essential to the long-term reliability of the project and to mitigate any inconsistencies. As we 
re-examined all the information recorded, we have identified multiple errors (for example the 
activation of Egr-1 by JNK, Table 3a), and information that are unnecessary to the project 
(for example the interaction between DVa and EP300, which no supporting evidence were 
given). We also discovered that these tables were not presented in chronological order, 
making them extremely difficult to read and to modify. We have redesigned the interaction 
tables by separating the signalling cascades and providing them with appropriate sub-titles, 
making accessibility a top priority. However, we understood that even with the new layouts, 
the usability of these tables would not be sustainable in the absence of databases (such as 
Access). Currently, there are no linkages between individual tables, making it difficult to 
record pathway interactions (see supplementary). For example, in the first step, the 
transcription factor ATF-2 is activated though p38MAPK, while c-Jun is activated through 
ERK1/2. However, in the second step, c-Jun associates with ATF-2 prior to the binding to 
the TNF-α promoter.  It is very difficult to record inter-pathway events without duplications. 
Having a database would allow these types of interactions to be separately recorded, while 
ensuring the flow of the information is not lost. 

Future directions 
 In this project, we have constructed a consensus map, detailing the activation 
pathways of TNF-α. Using Boolean logic and empirical data, we proposed a spatiotemporal 
model detailing the step-by-step activation of TNF-α. To further explore different aspects of 
TNF-α, we have identified three interesting topics for future directions. 
 Firstly, by clustering the expression profiles of genes using approaches such as k-
mean and UPGMA, we can examine the reliability of the pathway map (Figure 8). 
Theoretically, genes that are involved in the same activation pathway should contain similar 
expression patterns. The use of clustering would allow the possibility to identify potential 
inter-pathway interactions.  
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UPGMA

K-means

 
Secondly, it is understood that circadian oscillations play important roles in the 

regulation of signalling cascades (Guet, 2002). Through synthetic biology approaches, 
artificial oscillators can be constructed to examine the behaviour of the specific gene 
interactions (Figure 9). Also, by applying mathematical techniques such as Fourier transform 
(that have been extensively used in mass spectroscopy), we can transform the activation of 
TNF-α into wave functions, enabling direct comparison with other IFN-ɣ depend systems. 
 

IFN-‐ɣ

p38MAPK

Egr-‐1	  
phosphorylation

MK P-‐1

 
Out of the four pathways, two of them are initiated through JAK2. The involvement of 

JAK2 is necessary for the activation of IRF-1, IRF-8, Egr-1, ATF-2, and ELK-1, making it an 
important target for expression modulations. It has been shown that adenovirus specifically 
inhibits IFN-ɣ dependent gene expressions through the down regulation of JAK2 during the 
late-phase of infection. Viruses such as hepatitis C and HIV induce immunity switches (from 
innate to adaptive), while inhibiting cell apoptosis to achieve latency. It is possible that these 
viruses use similar mechanisms to down-regulate the immune response by interfering JAK2 
signallings (Joseph, 2001). Also, by inhibiting JAK2 expressions, these viruses could prevent 
the activation of TNF-α and subsequently prohibit TNF-α induced apoptosis. Thus, 
identifying the dynamics between JAK2 and virus interactions would be critical for 
developing better treatments against latent infections.	  	  
 
 
 
Reference:  

Figure	  8	  Theoretical	  clustering	  of	  expression	  
profiles	  using	  k-‐means	  and	  UPGMA.	  In	  this	  
perfect	  scenario,	  the	  clustering	  of	  20	  gene	  
expression	  profiles	  upon	  IFN-‐ɣ	  stimulation	  
would	  result	  in	  the	  formation	  of	  4	  clusters,	  
representing	  the	  4	  signalling	  cascades.	  	   

	  

Figure	  9	  Construction	  of	  artificial	  oscillator	  to	  examine	  
p38MAPK	  regulations.	  The	  expression	  of	  p38MAPK	  is	  
mediated	  via	  the	  activation	  of	  IFN-‐ɣ	  and	  the	  inhibition	  of	  
MKP-‐1.	  At	  the	  same	  time	  the	  activation	  of	  p38MAPK	  induces	  
the	  activation	  of	  MKP-‐1,	  making	  this	  network	  an	  oscillator.	   
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