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Various T-cell co-receptor molecules and calcium channel CRAC play a pivotal role in the maintenance of cell’s
functional responses by regulating the production of effector molecules (mostly cytokines) that aids in immune
clearance and also maintaining the cell in a functionally active state. Any defect in these co-receptor signalling
pathways may lead to an altered expression pattern of the effector molecules. To study the propagation of such defects
with time and their effect on the intracellular protein expression patterns, a comprehensive and largest pathway map of
T-cell activation network is reconstructed manually. The entire pathway reactions are then translated using logical
equations and simulated using the published time series microarray expression data as inputs. After validating the
model, the effect of in silico knock down of co-receptor molecules on the expression patterns of their downstream
proteins is studied and simultaneously the changes in the phenotypic behaviours of the T-cell population are predicted,
which shows significant variations among the proteins expression and the signalling routes through which the
response is propagated in the cytoplasm. This integrative computational approach serves as a valuable technique to
study the changes in protein expression patterns and helps to predict variations in the cellular behaviour.
[Ganguli P, Chowdhury S, Bhowmick R and Sarkar RR 2015 Temporal protein expression pattern in intracellular signalling cascade during T-cell
activation: A computational study. J. Biosci. 40 769–789] DOI 10.1007/s12038-015-9561-1

1.

Introduction

Exhibition of diverse patterns in the biological world has been
observed in various systems, starting from ecosystems to embryogenesis and organogenesis (Othmer et al. 1993). Precise
understanding of such patterns, evolved in nature, requires
knowledge of the underlying mechanisms though which various
components of that system interact with each other and subsequently emerge towards different configurations. ReactionDiffusion model of morphogens (Turing effect) in the development of embryo is one of the most studied areas in the field of
pattern formation in biological system. In this model it is assumed that a well-structured pre-pattern of morphogen is

formed before the embryogenesis and accordingly the cells
within the embryo respond, proliferate and develop into a
well-structured morphology (Turing 1952). Chemical rate parameters and diffusion co-efficient of morphogen determine the
chemical stability of the entire systems, which in certain cases
leads to the oscillation or unstable dynamics that may further
develop different spatial structures (Turing 1952; Maini et al.
1997). Many such models have been developed to study the
biological systems, most of which discuss either the pattern
generation in ecological systems (e.g. host–parasite interaction,
consumer–resource interactions, habitat and species richness,
etc.) or the development of body pigmentation, embryogenesis
and physiological activities (e.g. heart beats, information
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processing in neural network, synaptic pattern recognition of
immune cells, etc.) of living organisms (Cohen and Grossberg
1983; Sinha et al. 1984; Qi et al. 2001; Gilad et al. 2004; Potse
et al. 2006; Rietkerk and Van de Koppel 2008).
The counter proposal of Turing model of morphogen has also
been proposed where it is assumed that the distribution of
cellular density forms the mechano-chemical gradient in the
developing tissue and helps the cell differentiations and proliferation (Murray 2003). Although later it is proven that the
phenotypic responses (e.g. cellular growth, cell death, proliferation, pigmentation, etc.) shown by a cell is not only dependent
on morphogen or mechano-chemical gradient, but also dependent on its intracellular biochemical signalling cascades, which
eventually turn on or off specific sets of genes responsible for
such phenotypic responses (Raspopovic et al. 2014; Srinivasan
et al. 2014). However, it is still not clear that how these genes are
regulated by these extracellular fluctuations and how their concerted effort develops different robust biological patterns (Eldar
et al. 2002). During the last few decades, the advancement of
molecular biology, genomics and proteomics experiments have
come up with several significant discoveries indicating the role
of various signalling networks in different cellular physiologies
and pattern formation (Álvarez-Buylla and Ihrie 2014;
Gaarenstroom and Hill 2014; Rentzsch and Adamska 2014).
Although most of the mathematical models have focused on the
pattern formation of the phenotypic signatures of tumour growth
and embryological development, very few models have
discussed on the context of molecular basis (e.g. gene, protein
expression, signalling and metabolic network, etc.) of such
pattern development processes. One of the major reasons behind
this is the unavailability of detailed molecular mechanisms
through which the information or signal upon interacting with
different extracellular fluctuations is passed from one molecule
to another molecule inside the cell. On the other hand, analysis
of temporal protein expression patterns have proven to be important by various experimental groups (Velardo et al. 2004; Li
et al. 2014), and is of utmost importance to study different
physiological and development processes. Hence, integrating
the cellular responses with the gene/protein expression patterns
inside the cell, a comprehensive study using suitable mathematical and computational approaches is required.
Several attempts have been made to study the progression of
various cancers, birth defects, organogenesis, etc., in human
cells and tissues by studying different signalling pathways, such
as Hedgehog, Notch, MAPK, WNT, etc. (Rosner et al. 2002;
Corson et al. 2003; Chowdhury et al. 2013; Chowdhury and
Sarkar 2013; Hall et al. 2014). Moreover, during the last few
decades, researchers have also focused on the evolution of
temporal gene/protein expression patterns observed in our immune system under different immunological disorders (Rangel
et al. 2004; Rosenwald et al. 2001). The immune system, the
central defence system of our body against the foreign invaders
(i.e. antigens), is constituted by different cell types, such as
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lymphocytes, macrophages, etc. Out of the other cell types of
our immune system, study of gene or protein expression patterns
in intracellular activation network of T-cell (one of the most
important components of immune system) has been performed
by several research groups, by using different experimental and
computational tools and techniques (Rangel et al. 2004;
Coombs et al. 2011; Teku et al. 2014). However, one of the
main drawbacks of these techniques is that most of these
methods deal with the gene expression data obtained from
microarray experiment, which is inherently unable to correlate
various functional responses with temporal protein expression
patterns involved in T-cell signalling pathway. Hence, in order
to understand the activity of our immune systems properly, it is
very important to study this particular cell type from various
aspects.
Activation of T-cell is also a delicate system and pattern
recognition process which functions in response to different
external stimuli. At the time of activation of naive T-cell into
cytotoxic or T-helper cells, the population of naive T-cells has to
pass through the pattern recognition process of the identification
of antigenic peptide sequences (self or non-self antigen), which
in turn decides whether the naive T-cells will be converted into
the active T-cells (which will further proliferate) or inactive Tcells (no further proliferation but the cells will survive) or dead
T-cells (which will further trigger apoptotic pathway and cell
death) (Carter 2000; Coombs and Goldstein 2005). Hence,
certain deregulation of this sensitive mechanism can destabilize
our body’s immune system and can trigger various diseases, like
auto-immune diseases, severe combined immune deficiency
syndrome (SCID), etc. (Shlomchik et al. 1987; Fischer et al.
2005; Baecklund et al. 2014). However, the complete activation
of the T-cell responses and the expression of the major interleukin molecules cannot be achieved by T-cell receptor (TCR) and
MHC class II protein interaction alone, but requires the successful interaction of the various co-stimulator molecules with its coreceptors and the activation of the calcium channel as well (Chen
and Flies 2013). The exact molecular pathways involved in the
regulation of the T-cell effector molecules by the co-signalling
and the calcium pathways are still not clear and thus require a
better understanding of the intracellular T-cell activation network. After receiving the signal (by interacting with the antigen
presenting cell) and the successive activation of the TCRmediated pathway, the co-signalling pathways, and the calcium
pathways, the expression of different cytosolic and nuclear
proteins inside the T-cell is changed, and hence such temporal
protein expression pattern can then decide the phenotypic responses to be expressed. In this work, our main hypothesis is
that the temporal protein expression patterns of various T-cell
signalling component proteins as well as the phenotypic responses (such as proliferation, inactivation, cell death, interleukin production, etc.) can be regulated by tuning various costimulatory and co-inhibitory molecules including Ca+2 signalling pathway. Several other previously published models on T-

Temporal protein expression pattern
cell network have not considered the effect of these parallel
pathways along with the core T-cell signalling cascades and
thus are unable to discuss the effect of these membrane bound
co-receptor molecules in the downstream of T-cell intracellular
network as well as the cross-talks with other pathways inside the
cell.
In order to accomplish this work successfully, we have
manually reconstructed a new, comprehensive T-cell signalling
pathway coupled with other intracellular important signalling
pathways (e.g. MAPK, Ca +2 signalling pathway etc.) by collating the signal propagation data from various literatures and
cell signalling databases. The reconstructed pathway map of Tcell activation, which has been used in our model, is the largest
T-cell activation pathway to the best of our knowledge till date.
Using this collated signal transduction data and the concept of
semi-dynamic Boolean or logical equations, we have constructed a mathematical model of the activation of T-cell signalling
network. The initial expression levels (i.e. logical states) of all
the nodes/species of this pathway were considered from the
published microarray expression data, which is binarized by
K-means clustering method. Using this semi-dynamic computational approach, we have been able to observe various temporal protein expression patterns, generated upon introducing
different stimulation and co-stimulation signal on the T-cell
receptor proteins. We also tried to correlate the temporal expression of proteins with three T-cell populations, i.e. Activated
or Proliferated T-cells, Inactive T-cells and Dead T-cells. Using
our model, we have been able to reproduce such phenotypic
responses of T-cells reported in different published experimental results. We have also been able to predict in silico temporal
protein expression patterns and its effect on cellular phenotypic
responses by perturbing the expression of two important costimulatory proteins, viz. CD27 and LTBR. Through this work,
we are proposing a novel computational approach, which is
easy to implement for understanding the correlation of temporal
protein expression pattern with different phenotypic expressions
generated upon the activation of T-cell signalling network.
Moreover, by successfully simulating different experimental
scenarios with the protein knock-out and/or knock-in conditions, our model depicts its potential to predict future drug
targets for the treatment of various T-cells, immune-related
diseases. We hope this approach will be helpful for the theoretical and experimental biologists to dissect its intricate complexities while studying various pathological disorders directed by
T-cell activation process.
2.

Materials and methods

2.1

Pathway reconstruction

In order to capture all the regulations that operate to control
the proliferation and activation of a T-cell, getting a
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comprehensive picture of the entire signalling cascade involved in the process was an essential prerequisite. Since a
complete map of the pathway was lacking from any single
source, the pathway had to be reconstructed by manually
collating human cell specific data from about 21 popular
signalling pathway databases, such as, KEGG, Protein
Lounge, Pathway Central, Biocarta, NetPath, etc. (Kanehisa
and Goto 2000; Nishimura 2001, Kandasamy et al. 2010);
protein-protein interaction databases, such as, HPRD,
BioGRID3.2, etc. (Prasad et al. 2009; Chatr-aryamontri
et al. 2013) along with more than 200 literatures published
in peer reviewed journals (searched using PUBMED and
Google Scholar). The protein-protein interaction data obtained were knitted together to reconstruct the entire signalling
cascade. The diagram of the reconstructed pathway was
drawn using CellDesigner version 4.3 (Funahashi et al.
2003), a freely available software package that allows to
easily create gene-regulatory and biochemical network images using a graphical user interface. The overall reaction
process of this pathway starts at the immunological synapse,
the signal is then transduced via the T-cell membrane proteins, comprising of the receptors and co-receptors, down to
the cytoplasmic proteins, which ultimately leads to the activation of certain transcription factors. These activated transcription factors then translocate into the nucleus and induce
the expression of important output proteins, and cytokines
(effector molecules) that are crucial in maintaining the T-cell
proliferation as well as in mediating the clearance of the
antigen that has entered our body.

2.2

Logical analysis

The dynamic analysis of such large network requires precise
kinetic data, which is rarely available and thus we had to
restrict ourselves to a semi-dynamic approach of modeling
this signalling pathway, i.e. ‘Logical Analysis’, where an upregulation in the protein expression is considered as ‘1’ or
‘ON’, while a down-regulation of a protein expression is
considered as ‘0’ or ‘OFF’ (binary states). The logical equations of the target molecules have been written using different combinations of molecules (‘source’) along with ‘AND’,
‘OR’ and/or ‘NOT’ (logical gates) relations depending on
how these molecules influence the expression of each other
in a biologically relevant way. The molecules in the model
associated with ‘AND’ operation signifies the cumulative or
multiplicative effects of a combination of proteins on their
downstream targets, whereas the presence of ‘OR’ operation
signifies the alternative routes of signal propagation. The
molecules kept in ‘NOT’ relation are principally the inhibitors of the target molecule. Different biochemical reaction
mechanisms (such as phosphorylation, transcriptional acti-
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vation, ubiquitylation, nuclear transport, inhibition, and different feedbacks reactions, etc.) are considered in the model
and transformed in terms of Boolean or logical equations.
For example, the Src family kinase (SFK), FYN is regulated by the complex formed by the association of the transmembrane adaptor protein PAG and protein tyrosine kinase
CSK (PAG:CSK). These two proteins remain associated
with each other which inhibit the activation of the FYN
protein. The other two proteins regulating the expression of
FYN are tyrosine phosphatase CD45, which positively regulates the activation of Fyn, and the proto-oncogene CBL,
which has an inhibitory effect. The PAG:CSK complex
being a strong negative regulator of FYN, its absence is
absolutely necessary even in the presence of its positive
regulator CD45. Using this biologically relevant information
from the literature sources, one can thus write the following
equation of the above reaction mechanisms (Andoniou
et al. 2000; Brdička et al. 2000; Trowbridge and Thomas 1994).

remaining are core T-cell protein molecules. Another 39
molecules (e.g. BCL2, FKHR, P21, BCLX, IL1, IL2, etc.)
were considered as the ‘Output’ of the system, many of
which have a feedback that has a positive or negative impact
on cell proliferation. The equations were written using Python code and simulated using the BooleanNet-1.2.4 software (Albert et al. 2008).
2.3

Functional response

ð1Þ

Three additional nodes were added to the model signifying,
Cell Proliferation (‘Proliferating T-Cell’), Cell Survival (‘Inactive T-Cell’) and Cell Death (‘Dead T-Cell’). The Logical
Equations for these nodes were written using the appropriate
‘Output’ molecules (related to that particular phenotype) of
the model, depending on the biological functions of the
molecules and the phenotype they are associated with, respectively. The details of the logical constructions of these
nodes and corresponding equations according to their biological functions are discussed subsequently.

From the reconstructed pathway consisting of 206 molecules (nodes) and complex mesh-like network formed of 435
protein–protein interactions, our model consists of such 167
logical equations (hyper-arcs), which control the expression
pattern of the dependent variables, otherwise called the ‘target molecules’ (nodes). The remaining 39 independent ‘Input’ molecules (which did not have any transition functions
governing update rules) were considered as the inputs to the
system, which includes 13 ligand molecules (e.g. MHC
CLASS II-Ag complex, LIGHT, B7_1, B7_2, CD70, etc.)
that come into play in the extracellular environment (APC
surface in case of T-cell), 2 non-protein molecules and

2.3.1 Cell proliferation: After encountering an Antigen
Presenting Cell (APC), T-cell proliferation increases. This
process is regulated by different Cyclins (CYCLIN_A,
CYCLIN_D1 and CYCLIN_D2) and Cyclin Dependent Kinase (CDK_4) that mediate cell division (Berridge 2014;
Wells and Morawski 2014), the anti-apoptotic molecule
(BCLX) that prevents cell death (Rogers et al. 2001), interleukins, such as, IL2, IL4 and IL6 (Kupper et al. 1987;
Cantrell et al. 1988; Van Epps 2006) and TNF-like molecules (FASL) that enhances the proliferation of the immune
cells (Suzuki et al. 2000). The logical equation governing the
fraction of cells in the proliferative state after receiving the
stimulus from an APC is as follows:

FY N  ¼ ðNOT PAG:CSK Þ OR
½CD45 AND ðNOT PAG:CSK Þ AND ðNOT CBLÞ

Proliferating T ‐Cell ¼ ½IL2 AND CYCLIN A AND CYCLIN D1 AND CYCLIN D2 AND BCLX AND CDK 4 AND IL4 AND FASL AND IL6

2.3.2 Cell survival: When a T-cell has not encountered
an APC and has not received any stimuli, it remains in
its naïve resting state and do not proliferate, although its
normal cell survival and cell division may still continue
to occur. This resting state of T-cell is maintained mainly
by the anti-apoptotic factors (BCL2 and BCLX) that

keep the T-cell alive, while the normal cell homeostasis
is maintained by the TNF molecules (e.g. TNF_ALPHA)
(Shi et al. 2007), and cell cycle proteins: Cyclins
(CYCLIN_A, CYCLIN_D1 and CYCLIN_D2) and
CDKs (CDK_4) (Berridge 2014). The logical equation
for this phenotype of T-cell is written as follows:

Inactive T‐Cell ¼ ½CYCLIN A AND CYCLIN D1 AND CYCLIN D2 AND BCL2 AND BCLX AND CDK 4 AND TN F ALPHA
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ð2Þ

ð3Þ

Temporal protein expression pattern
2.3.3 Cell death: The probability of T-cell proliferation and
survival decreases and that of cell death increases whenever
the proteins promoting T-cell proliferation as well as survival are absent, and an immunosuppressive condition is produced by the presence of certain molecules, like IL10 (Akdis
et al. 2000). Such a situation has been termed as ‘T-cell
death’ or ‘Dead T-Cell’ in our model. Hence, following the
logical relationship the equation for such a phenotype is
written as:
Dead T‐Cell
¼ ½IL10 AND ðNOT Inactive T‐Cell Þ ANDðNOT Proliferating T‐Cell Þ

ð4Þ

2.4

Update rule of transition functions

The Boolean transition equations were updated at each step,
first ‘Synchronously’ (for the purpose of validation), and
later ‘Asynchronously’ (for further analysis). In the synchronous model, the assumption is that all molecules are updated
at the same time. However in a signalling network the
protein expression levels are likely to change at different
points of time and updates randomly (Albert et al. 2008),
hence to capture such scenario, in the asynchronous model
we have assumed asynchronous/random update/execution of
the Boolean transition equations.
2.5

Microarray data extraction

After constructing the model, the next most important step
was to assign initial values to the individual nodes. The
value of all the nodes at step 0 (time point 0 h) was initialized
using the binarized values of the extracted microarray data
obtained from EBI-ARRAYEXPRESS microarray database
[ArrayExpress ID: E-GEOD-48978] (Parkinson et al. 2005).
The differential gene expression data obtained from the
database was a time-course microarray data of gene expression kinetics of human T helper cells at six time points (i.e. at
0, 2, 4, 6, 24 and 72 h respectively) over a time period of 3
days. Array used in the experiment was an Affymetrix HT
HG-U133+ PM Array Plate (Zhao et al. 2014). However, it
was observed that the protein expression values of the microarray data decline after the 6 h time-point. Since the
constructed model is of T-cell activation, and we are interested in the study of interleukin expression (which is highest
at 6 h time point (Yeh et al. 2008)), we have not considered
the expression data of 24 and 72 h time-points, and only the
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values of 0, 2, 4 and 6 h values were used for further
analysis.
2.5.1 Binarization of expression data: The expression data
at time points 0, 2, 4, and 6 h of the RNA transcripts
corresponding to the proteins in our model was extracted.
Out of the 206 molecules in our model, data of 168
molecules was obtained. The remaining molecules were not
found in the array which consisted of 7 APC molecules, 7
inorganic molecules, 11 protein complexes, 7 nuclear
components of transcription factors of NFKB, NFAT, etc.
(their cytoplasmic counterparts were already considered
among the 168 molecules extracted), and 6 other protein
molecules. The expression values of the 168 molecules
considered for binarization were the mean of the
expression values of the RNA transcripts of different
isoforms/or subunits of the corresponding protein molecules.
The mean value of the individual molecules at each of the
four time points was chosen and then binarized in ‘R’ using
the BoolNet 1.63 package’s binarization function (Müssel
et al. 2010). The binarization was done using K-means
clustering method (discussed in the next sub-section).
The binarized data at 0 h time point was used to initialize
the system (i.e. value of the simulation at time step 0). The
initial value of the 7 APC molecules (viz. MHC CLASS IIAg, B7-1, B7-2, CD70, LIGHT, PDL and TNFSF9) and 3
non-protein molecules (CRE, CALCIUM-OUT and DAG)
were considered ‘ON’ to activate/provide a stimulus to the
T-cell signalling cascade. All the remaining molecules, the
expression data of which could not be obtained from the
microarray expression data could safely be initialized as
‘OFF’, since all of them will get updated in the next step
of iteration using the transition functions considered in the
model.
2.5.2 K-means clustering: K-means clustering is used to
partition a given set of input data in K-th partitions or cluster.
However, in our analysis we used this powerful statistical
technique to binarize the time course micro array expression
data (Zhao et al. 2014) and then used the binarized data as
input for Boolean model. In order to perform the K-means
clustering on the time series microarray expression data, we
have used Boolnet (a software package of ‘R’) (Müssel et al.
2010).
2.6

Simulation of the model

2.6.1 Validation: In order to validate the model, both the
synchronous and asynchronous models were run for
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different time steps and the time step at which the simulation
reached its steady state was determined. The asynchronous
model was simulated for 100 times (range =100) and the mean
of the expression value for each time point of each node was
taken. With the 0 h value as initial value and the APC
molecules as ‘ON’, the 39 output molecules of the model
were validated with 0, 2, 4 and 6 h binarized expression
data, the time when the interleukin production is highest/ at
its peak and the T-cell is most active (Fukushima 2003; Yeh
et al. 2008). Here each time step was assumed to be equal to
0.5 h. This calibration of the time scale was optimized only
after determining the time step at which the model reached its
steady state.
2.6.2 Perturbation analysis: The model was further analysed
by perturbing it with different combinations of knock-in and
knock-out mutations. The in silico knock-in and knock-out
mutation were generated keeping the value of the target
molecule as constitutively ‘ON’ or ‘OFF’ throughout the
simulation by using the built-in library function
‘boolean2.modify_states’ in the BooleanNet-1.2.4 software
(Albert et al. 2008). To analyse the significant variations
(p<0.05) in the temporal protein expression patterns observed
in mutated scenario with respect to the normal scenario,
Mann Whitney U Test was performed and important proteins
with significant variations are extracted (McKnight and
Najab 2010). Through this study, we can identify the proteins, which are being regulated upon certain perturbations,
and can simultaneously identify the routes along which the
effect of that perturbed signal is processed.
3.
3.1

Results

Reconstructed T-cell signalling pathway

The T-cell pathway that has been reconstructed (shown in
figure 1) provides a complete picture of the entire signalling
cascade. In this pathway, we have taken into account all the
co-stimulatory and co-inhibitory receptors that are expressed
on the surface of the T lymphocyte and paired them with
their corresponding ligand molecules expressed on the surface of the APC. These co-stimulatory pathways play a
pivotal role in regulating the T-cell activation, effector function and survival, without which TCR alone cannot provide
the signal for the full activation of the cell (Chen and Flies
2013). The pathway clearly shows the Antigen (Ag) in
complex with the MHC Class II molecule, the 5 costimulatory (CD70, LIGHT, TNFSF9, OX40L and ICOSL)
and 1 co-inhibitory (PD1) ligand molecules that are
expressed on the APC. The B7_1 and B7_2 molecules have
a dual role to play. These molecules can interact with two
types of co-receptors on the T-cell surface, viz. the CD28 costimulatory co-receptor and the CTLA4 co-inhibitory coJ. Biosci. 40(4), October 2015

receptor (Chen and Flies 2013). In the pathway (figure 1),
the molecules have been coded in different colours according to their location in the membrane (dark green), cytoplasm (yellow) and nucleus (orange). The pathway shows 39
output molecules (coloured light green), many of which have
feedback loops (colour-coded as deep pink lines) that regulate the proliferation of the T-cell pathway in an autoregulatory fashion (e.g. IL2 has a positive impact, whereas
PD1 and CTLA4 have a negative effect). The functions of
the co-stimulatory co-receptors have further been elucidated
by different perturbation studies discussed subsequently. The
pathway we report consist of 206 molecules (nodes) and
complex mesh-like network formed of 435 protein–protein
interactions, which is the highest as compared to other T-cell
signalling pathway models reported till date in different
databases and literatures (Kanehisa and Goto 2000; SaezRodriguez et al. 2007).
In order to decompose this complex pathway and study
the propagation of signal through this complex network of
proteins and molecules, it was essential to further analyse
this pathway using Network Analysis and the semi-dynamic
Boolean approach (Chowdhury et al. 2013). But since our
aim was to study the dynamics of the signal propagation over
time we did not perform network analysis, which is a static
approach. Rather, we used this pathway to construct the
logical model to understand the dynamics of protein expression during the transition of a T-cell from its inactive to its
activated state.
3.2

Model analysis

3.2.1 Simulation and state transition: The Boolean model
constructed was simulated first synchronously and then
asynchronously. The input for both the cases was the 0 h
binarized data extracted from mRNA expression profile of
normal human T-cell (Zhao et al. 2014). The models were
iterated for 21 rounds of update (time-steps) to see the
pattern of signal flow in the network, starting from the
receptor and co-receptors down to the cytoplasmic proteins,
leading to the activation of the transcription factors and
finally the expression of the 39 output proteins. The model
reached its steady state at 14th rounds of updates (i.e. 7 h) for
the synchronous and at 10th time points (i.e. 5 h) in the case
of asynchronous simulation. It is worthy to note that experimental data is also taken up to 6 h durations with 2 h
interval. In order to compare the synchronous and asynchronous temporal protein expression pattern with the experimental data, we have plotted the experimental as well as
simulation data in figure 2, where the state transition pattern
of the 39 output molecules (see supplementary table 1) were
plotted as a continuous heat plot (figure 2A: microarray data,
figure 2B: synchronous data, figure 2C: asynchronous data).
While the synchronous deterministic model simulation

Temporal protein expression pattern
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Figure 1. Reconstructed T-cell pathway. The pathway consists of 206 molecules and 435 protein-protein interactions. The interaction lines have been colour-coded according to
their types: activation (green), inhibition (red), phosphorylation (blue), transcriptional activation (light pink), feedback (deep pink), nuclear transport (yellow-brown), complex
formation (yellow), ubiquitylation (orange), physical interaction (black). The protein molecules in the network have been differently colour-coded according to its location:
membrane (dark green), cytoplasm (yellow), nucleus (orange), and output molecules (light green). For denoting the non-protein molecules a light yellow-coloured oval shape has
been used.
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Figure 2. Continuous heat plot showing state transition pattern of output proteins. (A) Binarized microarray data of 39 T-cell output
proteins at 0, 2, 4 and 6 h, (B) temporal protein expression pattern observed in synchronous update up to 21 time points (0 to 10 h), (C)
temporal protein expression pattern observed in asynchronous update up to 21 time points (0 to 10 h). Red-coloured cell denotes an upregulation in protein expression, while blue signifies down-regulation.

(figure 2B) show distinct up and down-regulation of the protein expressions of one run of simulation, the heat-plot of the
asynchronous simulation (figure 2C) show a gradual change of
protein expression pattern as a result of averaging the values of
protein expression for each node at each of the 21 time-steps
for 100 runs of the simulation. The pattern thus generated
shows the dynamics and fluctuations in the protein expression
over the time period of T-cell activation. By using this asynchronous update, we are able to rule out certain limitations of
the deterministic or synchronous Boolean modeling approach
(the ‘all’ or ‘none’ output), as by this method we are able to
generate a protein expression pattern that clearly shows that
even though some proteins in figure 2B shows a complete
down- regulation at certain time points, it becomes evident
from figure 2C that some amount of protein expression is still
occurring in low amount (e.g. in figure 2B the proteins
CTLA4, PD1, IFN-Gamma apparently show an absence of
expression at certain time points between 1.5 and 5.0 h, whereas figure 2C shows that the expression is not completely
absent, and a low level of expression continues to occur at
those time points – comparable with the microarray data).
Also, figure 2C eliminates the delay in protein expression of
many interleukins and STAT proteins as shown in figure 2B,
and gives us a better understanding of the change in expression
dynamics of the vital T-cell output proteins over time.
3.2.2 Phenotypic enrichment of output proteins: The 39 output
proteins were classified according to the function regulating the
behaviour of a T-cell (supplementary table 1). The proteins
J. Biosci. 40(4), October 2015

were grouped into five classes: (a) T-cell proliferation:
consists of 12 proteins, which includes proteins/molecules
responsible for the T-cell survival, anti-apoptotic molecules,
cell cycle proteins, TNF molecules (Suzuki et al. 2000),
transcription factor STAT5 (Welte 1999), etc.; (b) Negative
regulator of T-cell proliferation: consists of 7 proteins
including PD1 and CTLA4 co-receptors that aid in coinhibition of T-cell pathway (Parry et al. 2005), immunosuppressant TGF_BETA (Delisle et al. 2013), NUR_77,
which is a calcium-mediated T-cell apoptotic factor (Youn
and Liu 2000), etc.; (c) Immune Response: consists of
molecules responsible for initiating immune responses in
the system, examples include GMCSF (Shi et al. 2006),
Interferon IFN-Gamma (Green et al. 2013), and STAT1 and
STAT3 transcription factors responsible for transcription of
genes involved in eliciting the immune response (Barbi
et al. 2009); (d) Interleukins: includes 11 interleukin molecules possessing different functions, e.g. IL2, IL4, and most
of the other interleukins positively regulates T-cell proliferation and are involved in immune responses, while IL10 is
involved in T-cell apoptosis (Akdis et al. 2011) and (e)
Growth factors: includes proteins (e.g. PDGF, PDGFRB,
VEGF, HBEGF) secreted by the T-cell that often acts as
potent mitogenic factors for other cell and mediates
immunesupression (Blotnick et al. 1994; Daynes et al.
1991; Mor et al. 2004; Ohm et al. 2003).
3.2.3 Comparison with experimental observations: The 14
time-steps that were required for the model to reach its steady
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state was scaled to 7 h time for the purpose of validation of the
model. The time scale division was chosen keeping in mind the
experimental evidences, which indicate 6 h to be the time
required for the full activation of a naïve T lymphocyte, when
the production of the interleukins is at the highest peak
(Fukushima 2003; Yeh et al. 2008). In order to compare the
simulation results of our model with the experimental data, the
16 time points (up to 8 h; each time-step corresponds to 30
minutes) of both the synchronous and asynchronous simulation results have been plotted along with four discrete time
points (0, 2, 4 and 6 h) from the experimental observation
(figure 3 and supplementary figure 1).
The results of our simulation obtained at the time step 12
(~6 h) of the 39 output proteins were then validated with the
6 h binarized experimental data. Here, while comparing
deterministic or synchronous simulation vs. experimental
data, we found the logical states of 34 proteins (from synchronous updates) out of the 39 output proteins were
matching with the 6 h protein expression results observed
in the experimental data. The percentage of validation of our
simulation results with the experimental data have been provided in table 1. Out of the remaining proteins, the expressions
of which appeared to differ with the deterministic model,
TGF_BETA matches with the asynchronous model with a
small time lag, while NUR_77 protein showed downregulation in protein expression slightly earlier than the expected 6 h time step. Both the synchronous and asynchronous
simulations showed a clear match in the nature of the curves.
Also, we found that the deterministic model showed a beautiful match of 14 very essential T-cell proteins (viz. BCL2,
CYCLIN_D2, FASL, FKHR, GMCSF, IL1, IL2, IL3, IL8,
P21, P70, PDGF, STAT3 and VEGF) with the experimental
microarray data at all the four time steps i.e. 0, 2, 4 and 6 h
respectively. In supplementary table 1, the corresponding phenotypic responses of these 14 protein molecules are mentioned. It is interesting to see that the T-cell proliferating
factors (such as anti-apoptosis, cell cycle progression, cell
survival etc.) governed by the proteins BCL2, CYCLIN_D2,
FASL were up-regulated during T-cell activation in both the
synchronous and asynchronous simulation results, and successively validated against the experimental findings (figure 3).
On the other hand, the expression of apoptotic factor FKHR
was also found to be down-regulated in our simulation result
and well matched with the experimental observations (figure 3). Down-regulation of this protein is required during the
T-cell proliferation process after T-cell activation. Simultaneously, the up-regulation of immunoresponsive proteins,
such as, GMCSF and STAT3, and the interleukin expressions
(e.g. IL1, IL2, IL3, and IL8) are also important during the Tcell activation process. In our simulation outcomes, we have
found the exact outcomes, which are well corroborated with
the experimental data (figure 3). However, to maintain the
homeostasis of T-cell proliferation, the cell cycle progression
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inhibitor P21 was found to be simultaneously up-regulated in
our simulation results. Important growth factors, such as,
PDGF and VEGF, which were found to be up-regulated in
the experimental data, were also shown to be up-regulated in
the simulation outcomes. Hence, on the basis of these validation results, it can be concluded that the model outcomes
generated by using synchronous and asynchronous update
rules are correctly predicting the temporal protein expression
patterns in T-cell signalling network during T-cell activation
procedure and thus prove the robustness of our in silico model.

3.3

Phenotypic pattern generation

3.3.1 Scenario Creation: The equations of the three nodes,
viz. Cell Proliferation, Cell Survival and Cell Death, related
to the T-cell phenotypes, which have been defined in section 2 contains various combinations of these output molecules according to the functions that they are associated with.
The values of these three nodes were then plotted in different
scenarios that were created by performing various perturbations to the system.

(i) Validation of equations depicting different phenotypes
a) LAT mutation: The equations for the study of the
phenotypes were validated by comparing the change
in the phenotypes observed in experimental studies
after performing different perturbations to the model
and asynchronous simulation. For this purpose, a study
on LAT mutation was chosen, and we attempted to
reproduce the experiment to observe the changes in the
phenotypic expression patterns (Sommers et al. 2002).
In this in silico experiment, the trans-membrane protein
LAT was knocked out by keeping it constitutively in
the ‘OFF’ state, so that it cannot transduce any signal
downstream. The knock-out mutation of LAT, a very
important protein molecule regulating the T-cell signalling cascade, leads to poor proliferation of the active
T-cell population (figure 4A). This poor proliferation
of the T-cell population could only be reverted by
turning the CRAC channel constitutively ON (which
reproduces the same effect as using Inonomycin reported in the experiment), leading to an increased
influx of calcium, which activates the calcium pathway
inside the T-cell (Sommers et al. 2002).
Although the stimulation of the TCR:CD3 complex
and the CD28 co-receptor molecules in LAT knockedout T-cells (figure 4B) reached its proliferation dynamics (shown as green lines) at steady state (i.e. proliferation reached steady state at 10th h time-step, which
signifies delayed proliferation in figure 4A, and at 9th h
time-step signifying early proliferation in figure 4B)
J. Biosci. 40(4), October 2015
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Figure 3. Protein expression dynamics observed in Experiment, Synchronous and Asynchronous simulation. ‘Experimental’ data is the
binarized time course microarray expression data of total 39 output proteins of the model, which is compared against the ‘synchronous’ and
‘asynchronous’ simulation results. Out of the 39 output proteins, the expressions of total 34 proteins match at 6th h, while the temporal
expression patterns of 14 proteins (viz. BCL2, CYCLIN_D2, FASL, FKHR, GMCSF, IL1, IL2, IL3, IL8, P21, P70, PDGF, STAT3 and
VEGF) from the simulations match exactly with the experimental data at all the four time points (0, 2, 4, and 6 h). The expression dynamics
of the remaining 25 proteins are presented in supplementary figure 1.

earlier than the no stimulation scenario (figure 4A), but
it was unable to completely overcome the deficit in
proliferation of the T-cell population between the duration 4th to 8th h time-steps. On the other hand it is
reported in the experiment that the CRAC channel was
enough to induce a much better proliferation in the
LAT mutated condition both in presence and absence
of additional stimuli, which was also observed through
our simulation (figure 4C-4D) (Sommers et al. 2002).
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Similarly in the cases of inactive T-cell frequency and
T-cell death frequency curves in figure 4A and 4B
show two local maxima near the 2nd and 7th h timepoints, signifying higher chances of the T-cell to remain in the inactive state or die. Whereas in the CRAC
active situations (figure 4C and D) the inactive T-cell
frequency and T-cell death frequency curves show
only a single peak around 2nd h time-point signifying
that in CRAC stimulated situation the probability of
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Table 1. Validation of results
Total number of species

206

Number of output* molecules
No of output molecules matching
at 6 h
No of output molecules matching
at 4 h
No of output molecules matching
at 2 h
No of molecules matching at
every time point

39
34 (87.18%)
27 (69.23%)
20 (51.28%)
14

* Protein molecules (e.g. Interleukins, cytokines, growth factors)
which are expressed at the end of the signalling pathway.

T-cell inactivation is much reduced. The result of the
simulation has also been summarized in table 2.
b) Effects of co-receptor signalling: The ‘two-signal
model’ states that, for the activation of naïve T-cell,
two signalls are required: (i) signal elicited from the
interaction of the TCR: CD3 complex with the
MHC:Antigen complex presented on the APC
membrane; and (ii) the co-stimulatory signalls emanating from APC that leads to the activation of the
co-receptors present on the T-cell surface (Chen and
Flies 2013). Without this second co-stimulatory signal, the T-cell cannot sustain its proliferation for
long, and this will ultimately lead to a state of
unresponsiveness, called ‘T-cell anergy’ or cell
death (Yamagishi and Watanabe 2012).
In order to capture the effect of these co-receptor
molecules and ion channel on cell phenotype dynamics, we have performed a perturbation analysis,
the observations of which have been tabulated in
table 3 and the corresponding graphs have been
plotted in figure 5A–G. Here we observed that complete sustained proliferation of the T-cell population
can only be achieved when TCR along with the coreceptor molecules and the CRAC channel are activated together (figure 5F and 5G). TCR when activated alone (figure 5B) showed a phenotypic
behaviour similar to the no stimulation condition
(all stimulations ‘OFF’, figure 5A), where a high
frequency of inactive cells was observed, and the
frequency of proliferative cells was low (Yamagishi
and Watanabe 2012). On the other hand, CRAC
when activated alone (figure 5C) can lead to an
increase in T-cell proliferation initially (Qu et al.
2011), which after sometime started oscillating with
cell death curve due to prolonged exposure to calcium influx, which activates NFAT that controls
two opposing T-cell phenotypes, i.e. cell proliferation and cell death (Qu et al. 2011; Yamagishi and
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Watanabe 2012). The situation was also similar
when TCR:CD3 and CRAC were activated simultaneously (figure 5E). The importance of CRAC
channel in the regulation of T-cell proliferation becomes evident further in figure 5D, where we observed that in spite of all the stimulations being
present, CRAC knocked-down mutation blocked
cell proliferation completely. The oscillation of proliferation and death curve observed in figure 5C and
5E could be overcome by activating the costimulatory receptors (figure 5F and 5G), where a
full proliferation occurred and the cell death curve
declined (Rogers et al. 2001).

(ii) Effect of multiple mutations on Interleukin Production
Biological networks are highly robust systems, and
thus a single mutation usually cannot perturb the entire
signalling cascade as many alternative paths exist
(Barabasi and Oltvai 2004). Diseases are mostly caused
as a result of multiple mutations. The effects of such
multiple mutations have also been observed in the deregulation of different cell types including T-cells, where
severe pathological manifestations have been observed
by several research groups (Loeb et al. 2003; Buckley
2004; Chowdhury et al. 2013). Simultaneously, in other
experiments, significant variations in interleukin production in different pathological conditions or diseases have
also been reported (Hirano and Kishimoto 1989; Hirooka
et al. 1993; Street 1995). However, the effects of multiple mutations on interleukin productions mechanism are
not observed thoroughly by any other experiments and
hence the mechanism, which govern theses phenomenon
is not clear yet. Although the effect of few co-stimulatory
molecules (e.g. CD28-B7, CD40-CD40L), which regulate the interleukin production (Cella et al. 1996; Harris
and Ronchese 1999), and the deregulation in interleukin
expression as a consequence of their mutation have been
discretely studied, but the multiple mutation of other costimulatory molecules on interleukin production is yet to
be analysed extensively. Hence, in this study we have
focused on the mutations of co-stimulatory proteins
CD27 and LTBR and analysed their effect on interleukin
production. It is worth to mention that although here we
have created one multiple mutation scenario, but one can
also generate different conditions using our in-silico
model by altering the logical states of different pathway
components.

a) CD27 and LTBR knock-out scenario: The costimulatory receptors CD27 and LTBR (influencing
the NFKB pathway) are involved in increased T-cell
proliferation (DeBarros et al. 2011; Wang and Fu
2004), and the mutations of these molecules have
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Figure 4. Cell Phenotype in different situation under LAT mutated condition. Frequencies of Proliferating T-cells, Inactive T-cells, and
Dead T-cells in LAT knock-out and (A) without any stimulation; (B) TCR:CD3 and CD28 stimulation; (C) TCR:CD3, CD28 and CRAC
channel stimulation; (D) only CRAC channel stimulation conditions respectively. The frequencies of Proliferating T-cell, Inactive T-Cell
and Dead T-cell are shown in Green, Blue and Red lines, respectively.

been implicated in different immune-deficient conditions (Seymour et al. 2006; van Montfrans et al.
2012). In this study, we have observed that CD27
and LTBR together are responsible for the regulation of cytokine production. Using this in-silico
knock-down model of CD27 and LTBR proteins,
we observed that the mutation of these molecules
may lead to significant decrease in cell proliferation
(figure 6B) as compared to the normal scenario
(figure 6A), by decreasing the interleukin production (figure 6C–D). As compared to the normal
scenario of interleukin expression pattern
(figure 6B), the mutational analysis showed these
co-stimulatory receptors can regulate 6 out of 11
interleukin molecules considered in our model, out
of which the expression patterns of five interleukins
showed an oscillatory behaviour (viz. IL1, IL12,
IL3, IL6 and IL8) while IL2 showed a delay in
activation (figure 6D). The down-regulation of these
six interleukins, which are mostly involved in T-cell
J. Biosci. 40(4), October 2015

proliferation (see supplementary table 1 for individual function), accounted for the decrease in T-cell
proliferation and rise in T-cell death phenotype as
shown in figure 6C. As the mutation of these molecules are not involved in controlling the normal cell
cycle proteins, the function defining the probability
of T-cell survival (denoted by the frequency of
Inactive T-cell) remains unchanged.
b) Fluctuations in intermediate proteins and other output proteins: To find out the reason/ mechanism for
the deregulation of the interleukin production and the
change in phenotypic dynamics (mentioned above),
we performed the Mann Whitney U test, where we
found that the mutation of these two genes leads to an
altered expression of 25 genes in the entire network.
Here, we observed that in addition to the NFKB
pathway (NIK-mediated non-canonical NFKB pathway) molecules, CD27 and LTBR can also regulate
the expression of the MAPK pathway molecules
(MEKK, MKK4/7, COT, GCKR) and the JNK
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Table 2. LAT mutation analysis
Mutation
Knock-in (‘ON’)

Knock-out (‘OFF’)

Observation

Reference

TCR:CD3, CD28
TCR:CD3, CD28, CRAC
CRAC

LAT
LAT
LAT
LAT

Poor proliferation (figure 4A)
Poor proliferation (figure 4B)
Improved proliferation (figure 4C)
Improved proliferation (figure 4D)

Sommers et al. 2002

pathway molecules (T3JAM), which again is responsible for the regulation of a collection of other important T-cell molecules that regulates its proliferation,
survival and effector functions. The remaining molecules that are regulated by these two co-receptor
molecules include TRAF2, TRAF3, IL2R, GMCSF,
CCL19, VEGF, GLK, RIP1, TAK:TAB complex and
IKK-Alpha, all of which plays a very important role
in the regulation of T-cell activity. CD27 and LTBR
also regulate the expression of TRAF1 protein, which
is known to have an inhibitory effect on NFKB
(Zapata and Reed 2002). From our model, we further
observed that a knock-out mutation of TRAF1 can
nullify this effect (i.e. the effect of CD27 and LTBR
mutation) of down-regulation of cell proliferation to a
great extent (data not shown).

4.

Discussion

Integration of apparently diverse two biological phenomena
– gene/protein expression and phenotypic responses can
only be done by analysing different signalling pathways
(e.g. Hedgehog, Notch, T-cell receptor pathway, etc.), which
play a vital role in receiving the signal from extracellular
regions, processing the signal in the cytoplasm followed by
the regulation of gene transcription network inside the nucleus (Chowdhury et al. 2013). Hence, successful execution
of these reaction mechanisms requires proper regulation of
the activity of some biomolecules (e.g. genes, proteins, ions,
metabolites, etc.) at precise time points. As a matter of fact, it
is obvious that certain deregulation of these concerted efforts
may trigger various abnormalities in our body and can cause
various diseases such as cancer, tumour, auto-immune diseases, etc. (Parekh 2010; Chowdhury et al. 2013). In order to
know these diseases properly, it is indeed necessary to understand the temporal protein expression patterns which are
associated with these severe diseases through different signalling pathways.
However, monitoring the temporal protein expression
patterns at the time of signal propagation in intracellular

signalling pathway is a time-consuming and complicated
process. Hence, in this context, a well-established computational approach can perform better and can generate expected results for studying different intracellular pathways within
a short interval of time (Orton et al. 2005; Chowdhury et al.
2013; Chowdhury and Sarkar 2013). The importance of Tcell signalling pathway study needs no special mention.
Several modelling and computational studies (Sherriff and
Sarkar 2008) on the core T-cell signalling network have
revealed numerous hidden facts about this pathway, but so
far no study has considered the importance of all the coreceptor signalling pathways including the core network
during T-cell activation. A previous study using systems
level model on the sequential phosphorylation of T-cell
antigen receptor (TCR) by LCK molecule has revealed the
importance of having multiple phosphorylation sites on TCR
and the successive differential binding of ZAP70 on those
phosphorylated sites with ultrasensitivity or switch-like response architecture in TCR signalling network
(Mukhopadhyay et al. 2013). In another study, the activation
mechanism of primary T-cell by TCR, CD4/CD8 co-receptor, and CD28 molecules after encountering with APC has
been studied using Boolean formalisms (Saez-Rodriguez
et al. 2007). In the successive study, the same model has
also been studied as a continuous model by transforming its
Boolean formalisms to evaluate the temporal behaviour of
the entire TCR network by measuring the time course concentration level of its component protein molecules
(Wittmann et al. 2009). In order to encounter the stochastic
effect of the protein expression pattern of T-cell signalling
network in large granular lymphocyte (T-LGL) leukemia
condition, a study has also been performed by using the
asynchronous Boolean update rules on the T-cell network
(Saadatpour et al. 2011). In this study, the author has mainly
used core TCR network to study the network dynamics of TLGL and successively identified 19 possible therapeutic drug
targets. However, it should be noted that all of these models
have mainly considered the core T-cell pathway, although the
experimental studies have already revealed the importance of
other co-stimulatory and co-inhibitory accessories, which also
require in parallel for the proper functioning of core T-cell
network (Chen and Flies 2013). The effect of temporal protein
expression patterns of the T-cell output molecules by
J. Biosci. 40(4), October 2015
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Table 3. Importance of co-receptor signalling in cell proliferation regulation from in silico mutation studies
Scenario
No stimulation

TCR: CD4 CD28 OX40 CD40 IFNR1/ LTBR TNFR TNFR IL2R ICOS PD1 CTLA4 CRAC
CD3
R2
SF9
OFF OFF

OFF

OFF

OFF

OFF

OFF

OFF

OFF OFF

OFF OFF

OFF

ON

OFF OFF

OFF

OFF

OFF

OFF

OFF

OFF

OFF OFF

OFF OFF

OFF

OFF OFF

OFF

OFF

OFF

OFF

OFF

OFF

OFF OFF

OFF OFF

ON

ON

ON

ON

ON

ON

ON

ON

ON

OFF

ON

OFF OFF

OFF

OFF

OFF

OFF

OFF

OFF

OFF OFF

OFF OFF

ON

Co-stimulatory
ON
receptor
activated
All receptors and ON
Co-receptors
activated

OFF OFF

ON

OFF

OFF

OFF

OFF

OFF

OFF OFF

OFF OFF

ON

ON

ON

ON

ON

ON

ON

ON

ON

TCR:CD3
stimulated

Calcium channel OFF
activated

Receptors Coreceptors
turned
activated.
CRAC
inhibited
TCR:CD3
and CRAC
activated

ON

ON

ON

ON

ON

ON

ON

ON

ON

ON

Reference

No proliferation, but the
Bell 2002
cells survives in its
inactive state (figure 5A)
Yamagishi and
No proliferation, but
Watanabe 2012
the cells survives in its
inactive state (figure 5B)
Qu et al. 2011
T-cell proliferation
rises initially, but later begins
to oscillate with the death
curve. Number of inactive
cells decline (figure 5C)
No proliferation
Qu et al. 2011
(figure 5D)

T-cell proliferation rises
initially, but later begins
to oscillate with the death
curve. Number of inactive
cells decline (figure 5E)
T-cell proliferation; T-cell death
curve declines (figure 5F)
Full T-cell proliferation
observed (figure 5G)

Qu et al. 2011

Rogers et al.
2001
Chen and Flies
2013
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OFF

Observation
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Figure 5. Effect of co-receptor signalling on cell fate determination. Phenotypic responses generated on different mutational analysis
scenarios. (A) No stimulation. (B) TCR:CD3 stimulation. (C) Calcium channel (CRAC) as ON state. (D) Receptors and Co-receptors turned
ON or activated. CRAC inhibited or OFF. (E) Only TCR:CD3 and CRAC turned ON. (F) Only TCR:CD3, CRAC and OX40 turned ON.
(G) All receptors and Co-receptors turned activated or ON.

regulating the T-cell co-receptor pathway is not extensively
studied in these models and hence was included in our newly
developed model. Moreover, to identify the important regulators in T-cell network, the study of the effects of various
components of this pathway with different phenotypic responses of T-cells (i.e. T-cells in proliferative, inactive and
dead stages) was also performed in this work. Through this
analysis we have also been able to show the necessity of
various co-receptor molecules in regulating the normal functioning of T-cell network during T-cell activation.

Hence, to perform the above-mentioned analysis and to
overcome the limitations of the previous models, in this
work, we first collated the pathway data from various signalling databases and literature sources (including the pathway information from the previously mentioned models) to
reconstruct the entire T-cell signalling network consisting of
the core TCR mediated pathway along with the pathways
triggered by all the co-stimulatory and co-inhibitory receptors (e.g. CD27, LTBR, PD1, CTLA4, etc.) that are crucial
for the proper functioning of the T-cell pathway and
J. Biosci. 40(4), October 2015
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Figure 6. Changes in Cell Phenotypes and corresponding Interleukin Expression pattern due to CD27 and LTBR mutation. (A) and (B)
Normal condition; (C) and (D) Cd27 and LTBR mutated condition.

regulation of its effector functions, which includes interleukin production. This reconstructed pathway map is the largest as compared to other T-cell signalling pathway models
reported till date. The pathway itself provides a lot of
scattered information about the T-cell regulation, compiled
into one frame, which are missing in most of the publicly
available databases and previously published literatures.
Since we have used Protein–Protein Interaction (PPI) data
to reconstruct the pathway and build our model, we have
been able to provide a comprehensive picture of the T-cell
signalling pathway regulation by other cross-talk molecules.
We have also considered the calcium signalling pathway,
which plays a very important role in the regulation of the Tcell proliferation. By incorporating all the probable coreceptor signalling pathways and the calcium pathway, we
were able to capture a more realistic scenario of T-cell
regulation, which the other previously published works were
not able to show in their respective models. Previous models
on T-cell network which considered the core T-cell network
including co-receptors CD4/CD8 and CD28 have shown the
effects of these molecules in wild type and knock-out T-cell
pathway during its activation process, and the identification
of the probable activation pathways between the proteins of
interest (Saez-Rodriguez et al. 2007). That study is limited to
only these two co-receptor molecules, but our study has
focused more number of co-receptor pathways including
CD4/CD8 and CD28, and their downstream effects to regulate other pathways (e.g. MAPK, JNK, NFKB pathways,
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etc.). On the other hand, the logical model on T-cell signalling network in T-LGL leukemia cell has tried to search the
potential therapeutic targets in T-cell signalling network to
perturb the T-cell activation process in T-LGL (Saadatpour
et al. 2011). However, our model does not address such
question in this work, but has the ability to perform such
analysis by creating diseased conditions, and in silico perturbation study to identify potential therapeutic targets etc. In
this work, we have also shown the effects of perturbation
analyses by tuning various co-receptors and other pathway
molecules to reproduce the experimental observations,
which provides an additional advantage of our model for
future therapeutic studies. Moreover, the phenotypes such as
cell proliferation, survival and death considered in our model
as 3 additional nodes allow us to easily monitor the changes
in cell fate dynamics due to any mutation related to any
diseased condition. Also, the interleukin expression pattern
generated using our model provides an immediate idea about
the reasons for the change in cell phenotype in any pathological condition.
The reconstructed comprehensive pathway diagram (figure 1) is further used as a master model for the in silico
simulation studies. In this work, by using the semidynamic
logical modelling approach we have performed a computational study of the reconstructed T-cell activation network (i.e.
on the master model) to understand the dynamics of protein
expression pattern over a time period. For this, the reconstructed T-cell pathway was used to build a model where all the

Temporal protein expression pattern
protein–protein interactions are translated into logical equations using the ‘AND’, ‘OR’ or ‘NOT’ logical gates according
to the regulation of a single or a combination of proteins on the
expression of another protein, in a biologically relevant way.
Extensive literature searches have helped us to extract different
types of signal cascade reactions, which govern the regulation
of each protein in this pathway. Using this collated information, a total of 167 logical equations were written to transform
the whole biochemical reaction cascades of the newly reconstructed T-cell network in terms of logical equations. The
model consists total 206 molecules, out of which 39 molecules
are inputs (having no incoming signal), 128 molecules are
intermediate (having both incoming and outgoing signal) and
39 molecules are output or target nodes (having only incoming
signal). The detailed description of the model formulation is
provided in section 2 (subsection 3.2). Time series microarray
data of naïve T-cell activation process were extracted and
binarized using K-means clustering method, which were then
used as the initial values for running the simulation both
synchronously and asynchronously. The use of binarized microarray data helped us to assign the initial values of the nodes
in a more biologically relevant manner and also to validate our
model for temporal protein expression pattern during T-cell
activation in the normal scenario. The results from the synchronous simulation returned a deterministic value of the
protein expression showing a clear up or down-regulation of
the protein expression in our model, whereas the asynchronous
simulation results showed the gradual variation in the protein
expression pattern over time.
Hence, to capture the small fluctuations in protein expression over time, and also to observe the probability of lower
levels of protein expressions, which is overlooked in the
synchronous update (i.e. deterministic Boolean analysis),
we used the asynchronous update rule that eliminates such
errors that might creep in due to the use of synchronous or
deterministic Boolean approach. This approach gives us the
liberty to get a more dynamic way of analysing the large Tcell network as compared to other logical models published
earlier (Saez-Rodriguez et al. 2007; Wittmann et al. 2009;
Saadatpour et al. 2011; Mukhopadhyay et al. 2013). In this
study, the asynchronous update of the Boolean transition
equations reveals the fluctuations and oscillation patterns of
protein expression in many diseased/mutated conditions performed in silico (e.g. as shown in the case of CD27 and
LTBR mutations in figure 6).
While formulating equations of the cell phenotype behaviour, we are also able to standardize the minimum combination of proteins that are required for the maintenance of the
T-cell proliferation, which is also validated using various
perturbation experiments reported in different literatures.
These equations (2–4) depicting the phenotypic behaviour
of the T-cell can further be used in various mutation studies
for predicting the behaviour of the T-cell. The reason for the
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change in the phenotypic behaviour under such mutated
scenarios can then be concluded by a careful analysis of
the change in the protein expression pattern over time using
our model. Moreover, through our modelling approach, for
the first time we have been able to reproduce the effect of
CRAC channel in the regulation of the T-cell proliferation,
such that its mutation may lead to a complete suppression of
proliferation under any circumstances, i.e. even if all the
stimulation and co-stimulations are present. The necessity
of the different co-receptor molecules in T-cell biology, such
as OX40, CD27 and LTBR, becomes clear in the different
mutations studies performed by our model simulation, where
we have also observed that not only the presence of the
TCR:CD3 and the activation of CRAC channel are required
for the proliferation of the T-cell, but the activation of the coreceptor signalling pathways is necessary for its continued
proliferation (figure 5E–F). Finally through our study, the
impact of the co-receptors CD27 and LTBR mutation clearly
brings out the role of these molecules maintaining the T-cell
functionalities and regulation of the levels of interleukin
production, and their prime target molecules are IL1, IL12,
IL3, IL6, IL8 and IL2 (figure 6D). Our studies also reveals
the precise route of signal propagation of the effects of the
mutations where we have seen that a deregulation of the
molecules (e.g. MEKK, MKK4/7, COT, GCKR, T3JAM,
etc.) involved in the MAPK and JNK pathways, as a result of
the mutation, is the cause of the observed changes in the
behaviour of interleukin production.
The main drawback of our model is its inability to capture
the concentration specific data of signalling molecules for
which we need better dynamic model with precise kinetic data.
However, despite this drawback, our model is close enough to
capture the dynamic regulation of the T-cell activation dynamics and agrees with the published experimental data. In this
model, we have tried to integrate various aspects of T-cell
activation pathway by using simple but powerful, discrete
logical modelling approach. As our model only requires the
logical relationship between the proteins at the time of signal
transduction and does not depend on any kinetic rate parameter
values, it is easier to implement and simulate temporal protein
expression patterns with less time and effort. Using our model,
one can also perform different predictions and can monitor the
temporal protein expression patterns as well as the effect of
phenotypic responses in silico. By generating the temporal
protein expression patterns in the signal flow network for
different pathological conditions, it becomes easier to monitor
the proteins, which are getting activated or inhibited throughout a specific interval of time. We hope the proposed computational approach and analysis to study the protein expression
pattern generation will not only be useful for study of various
T-cell phenotypic behaviours but also be helpful for the future
researchers to develop therapeutic strategies to combat against
various immune diseases.
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