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A receptor mediated model of endotoxin-induced human inflammation is proposed. The activation of the
innate immune system in response to the endotoxin stimulus involves the interaction between the extra-
cellular signal and critical receptors driving downstream signal transduction cascades leading to tran-
scriptional changes. We explore the development of an in silico model that aims at coupling
extracellular signals with essential transcriptional responses through a receptor mediated indirect
response model. The model consists of eight (8) variables and is evaluated in a series of biologically rel-
evant scenarios indicative of the non-linear behavior of inflammation. Such scenarios involve a self-lim-
ited response where the inflammatory stimulus is cleared successfully; a persistent infectious response
where the inflammatory instigator is not eliminated, leading to an aberrant inflammatory response,
and finally, a persistent non-infectious inflammatory response that can be elicited under an overload
of the pathogen-derived product; as such high dose of the inflammatory insult can disturb the dynamics
of the host response leading to an unconstrained inflammatory response. Finally, the potential of the
model is demonstrated by analyzing scenarios associated with endotoxin tolerance and potentiation

effects.

© 2008 Elsevier Inc. All rights reserved.

1. Introduction

Although systemic inflammation is but one component of the
sepsis syndrome, inflammation can be studied in the absence of
complex pathophysiology and co-morbidities of human sepsis
using surrogate models. Human endotoxin challenge is one well-
accepted surrogate model for studying the acute inflammatory re-
sponse as it captures many of the clinically observed features of
systemic inflammatory phenotype [1-5]. Endotoxin is a major
component of the outer membrane of Gram-negative bacteria,
and the inflammation caused by the activation of the innate im-
mune system by this moiety can be a complicating factor in a vari-
ety of situations including trauma, burns, invasive surgery and
organ-specific illnesses. The prototypical examples of endotoxin
are lipopolysaccharides (LPS).

The response following endotoxin administration in human
subjects include core temperature, cardiac, vasomotor, hemato-
logic, metabolic, hormonal, acute phase reactant, and cytokine
components that have been well described [4,6-8]. Innate immune
cell activation leads to production and release of pro-inflammatory
cytokines, which are proximal mediators of the systemic inflam-
matory response. Although the bulk of this pro-inflammatory
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mediator release likely originates in cells of the reticuloendothelial
system [9], the leukocytes present in peripheral blood are also acti-
vated, and importantly, are available for sampling with minimal
invasiveness.

In order to study the underlying complexity of the dynamics of
inflammation and to establish quantifiable relationships among
the various components of the inflammatory response, model-
based approaches have been proposed [10-12]. A number of excel-
lent prior studies [11,13-17] have placed significant emphasis on
simulating inflammation based on the kinetics of well-defined fea-
tures of the overall response. One of the key characteristics of these
models is the a priori postulation of certain components that are
consistent with prior biological knowledge and are known to play
a major role in triggering the inflammatory response. The compu-
tational integration of such components can provide us with signif-
icant insight of how such elements behave over time empowering
their translational application as predictive controls in clinical
settings.

However, one of the big challenges is the systematic identifica-
tion of such representative biological features that can adequately
represent the complex dynamics of a host undergoing an inflam-
matory response. This requires the decomposition of the non-lin-
ear dynamics of the response into an elementary set that can
serve as a surrogate for predicting the collective behavior of the
system. A possible answer to this can be identified through the
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analysis of gene expression data aimed at monitoring the dynamics
of the host response to an inflammatory agent, exploring the idea
that cellular responses correspond to dynamically converging
high-dimensional transcriptional trajectories [18].

Given the transcriptional profiling analysis of human blood leu-
kocytes we are driven by the premise that genes that are most
responsive to an external perturbation (endotoxin, LPS) are gov-
erned by a definite mechanism and have concerted changes in their
expression profile. Thus, we test the hypothesis that there exists a
representative set of ensuing responses that emerge from the dy-
namic evolution of the inflammatory response after exposure to
endotoxin (LPS). Such responses include the pro-inflammatory re-
sponse that consists of the early increased expression of cytokines
and chemokines; the anti-inflammatory response which serves as
the immunoregulatory arm of the host defense system and ulti-
mately the energetic response that involves the decreased expres-
sion of genes that participate in cellular bio-energetic processes. In
this paper we explore the development of a semi-mechanistic
model of endotoxin-induced human inflammation though the inte-
gration of transcriptional profiling and indirect response models.
Indirect response models have been widely used in pharmacoki-
netic/pharmacodynamic models simulating the physiological re-
sponse of a system exposed to an external signal or perturbation
[19-21]. The activation of the innate immune system in response
to the endotoxin stimulus involves the interaction between the
extracellular signal and critical receptors driving downstream sig-
nal transduction cascades that lead to transcriptional changes. Our
inability to precisely model the complex signaling events that
characterize system’s adaptation process to environmental
changes makes indirect response model (IDR) modeling appealing.
We opt therefore to explore the development of an in silico repre-
sentation that aims at coupling extracellular signals with the
essential transcriptional responses through a receptor mediates
indirect response model.

The dynamics of the system are described by eight (8) variables
and the proposed model is evaluated in a series of biological rele-
vant scenarios indicative of the non-linear behavior of inflamma-
tion. Such scenarios involve a self-limited response where the
inflammatory stimulus (endotoxin) is cleared successfully; a per-
sistent response where the inflammatory instigator is not elimi-
nated leading to an aberrant inflammatory response, and finally,
a persistent non-infectious inflammatory response that can be elic-
ited under an overload of the LPS; as such high dose of the inflam-
matory insult can disturb the dynamics of the host response
leading to an unconstrained inflammatory response. In this study
the terms endotoxin and inflammatory stimulus are used
interchangeably.

Finally, we demonstrate the potential of our model by analyzing
scenarios associated with endotoxin tolerance and potentiation ef-
fects. The pre-exposure of the host to controlled levels of inflam-
matory agents affects the eventual fate of the response. These
controlled perturbations aim at further deciphering the kinetics
and dynamics of the host response. It is therefore believed that
the dynamic response defining the fate of the host response is crit-
ically affected by the appropriate priming. We loosely connect such
responses with the emergence of memory effects in the sense that
preconditioning the system with low levels of endotoxin modu-
lates the host response dynamics causing either a tolerance or a
potentiation effect. It has been observed that repeated doses of
endotoxin insult might lead to a less vigorous innate immune re-
sponse [22]. Such an effect can reverse the lethal outcome of a high
dose of the inflammatory stimulus. That is to say, in spite of the po-
tent efficacy of LPS, if the system is pre-exposed to lower sub-lethal
doses of LPS then this induces an acquired state of resistance to a
subsequent endotoxin challenge [23]. Importantly, endotoxin tol-
erance or hypo-responsiveness is a multifactorial problem that

can be associated with receptor desensitization as well as with
the modulated activity of negative regulators that target intracellu-
lar or transcriptional events. On the other hand, the successive
administration of sublethal doses of endotoxin can potentiate the
system in that, because of the lack of an acquired state in the
dynamics of the system, such an insult may dysregulate the host
response dynamics leading to an exacerbated inflammation that
cannot resolve. Thus, based on our model we further explore the
behavior of the system when it is either pre-exposed to lower lev-
els of endotoxin for ‘adequate’ time as well as when the system has
not manifested its ‘dynamic memory’ to tolerate the second endo-
toxin challenge.

2. Materials and methods
2.1. Human endotoxin model and data collection

The data analyzed in this study were generated by the Inflam-
mation and Host Response to Injury Large Scale Collaborative Pro-
ject funded by the USPHS, U54 GM621119 [1,24]. In brief, human
subjects (n = 8) were injected intravenously with either endotoxin
(CC-RE, lot 2) at a dose of 2-ng/kg body weight or 0.9% sodium
chloride (placebo treated subjects). Blood samples were collected
before endotoxin infusion (0 h) and 2, 4, 6, 9 and 24 h after injec-
tion of endotoxin or saline. Cellular RNA was isolated from the leu-
kocyte pellets and a total of 44924 probe sets on the Hu133A and
Hu133B microarrays (Affymetrix) were hybridized and analyzed
thus generating the expression measurements of thousands of
genes that are activated/or repressed in response to endotoxin.
More details about the experimental design are presented in the
original analysis [1]. 5093 probe sets, characterized by 0.1% false
discovery rate (FDR) were considered statistically significant in
the context of showing meaningful variation during the time
course of the experiment using the SAM framework [25]. This set
of differentially expressed genes defines the basis for our analysis.
Based on this subset we are interested in extracting a critical sub-
set of distinct and coherent transcriptional profiles, which describe
the intrinsic dynamic progression of the perturbed biological sys-
tem. From a disease modeling point of view, the question will, of
course, be whether such a subset exists and whether it can be used
to define the basic responses of dynamic model. The data are pub-
licly available through the GEO Omnibus Database (http://
www.ncbi.nlm.nih.gov/geo/) under the Accession No. GSE3284.
The data have been appropriately de-identified, and appropriate
IRB approval and informed, written consent were obtained by the
glue grant investigators [26].

2.2. Identification of essential transcriptional responses

The administration of a low dose of endotoxin (LPS) to human
subjects elicits the complex dynamics of a transcriptional response
altering the expression level of numerous genes. We are interested
in unraveling a critical set of ‘informative’ temporal responses that
are characterized as the ‘blueprints’ of the orchestrated dynamics
of the perturbed biological system. In doing so we hypothesize that
there is a definite underlying mechanism that describes the emerg-
ing transcriptional dynamics of the inflammatory response [26].

Based on our prior work, we first apply a micro-clustering ap-
proach which transforms symbolically the expression time series
data and assigns a unique integer identifier (hash value) to each
expression motif [27]. Probe sets that are very similar in temporal
shape ‘hash’ to the same value forming an expression motif. Having
assigned the temporal expression profiles to distinct motifs, the
next task is to select expression motifs that would appear to be
highly non-random. Thus, the data are further processed by calcu-
lating a p-value based on the cluster size and filtering out those
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expression motifs that are highly likely to be generated by a ran-
dom model.

Having identified the statistically significant expression motifs
from the initial large set of micro-clusters we identify a discrimi-
nating set of critical temporal shapes that best characterizes the
intrinsic transcriptional dynamic response of the system. In doing
so, we explore the concept of Transcriptional State (TS) previously
introduced in [27]. We define the TS of the system as the overall
distribution of expression values at a specific time point by quan-
tifying the deviation of the system at each time point versus a
baseline distribution (t = 0 h) applying a Kolmogorov-Smirnov test
[28]. Therefore, we are interested in selecting a set of expression
motifs whose corresponding transcriptional state deviates maxi-
mally from the baseline (distribution of expression values at time
t=0h). This selection is a combinatorial optimization problem
for which we apply a stochastic optimization algorithm, based on
simulated annealing (SA) [29]. We run simulated annealing para-
metrically with respect to the number of expression motifs in order
to identify the minimum number of informative motifs.

The basic assumption is that due to an external disturbance, i.e.,
LPS administration, the system is perturbed from homeostasis and
eventually, once LPS is cleared and the inflammatory reaction is
eliminated, the host returns to the original state. Due to global nat-
ure of the transcriptional measurements and the fact that we do
not a priori select a limited set of responsive genes, the entirety
of the transcriptional response is expected to exhibited a rather
Gaussian type of response with no clear defining responses [30].
We have, however, previously demonstrated that through the
use of the concept of TS it is possible to ‘tease out’ the essential
components of the cellular response in response to an external
disturbance.

2.3. Functional characterization of essential responses

Having de-convoluted the inflammatory signal into its essential
components, it is hypothesized that genes whose transcriptional

signatures are highly correlated with the essential responses ac-
count for the maximum deviation of the system from its baseline
(homeostasis) and thus play a major role in the dynamic evolution
of the inflammatory process. The biological relevance of the intrin-
sic responses is identified by evaluating the enrichment of the cor-
responding subsets in inflammation-specific pathways using
ARRAYTRACK [31].

2.4. An indirect response model of inflammation

In our injury model, the inflammatory response is activated
when endotoxin is recognized by pathogen recognition receptors
[32]. The LPS-induced stimulation initiates a complex signaling
cascade that ultimately targets the transcription initiation of
pro-inflammatory cytokines [33]. During the recognition process
LPS binds to the LPS-binding protein in plasma and is delivered
to the surface receptor CD14. Subsequently, LPS is transferred to
the signaling receptor toll-like receptor 4 (TLR4) with the recruit-
ment of its essential accessory protein MD2 [34-36]. Downstream
of the receptor-ligand complex there are intermediate secondary
messages that involve both the amplification of the signaling
and its diversification in the cytoplasmic region so that ultimately
such a signal transduction cascade will activate critical signaling
modules that will subsequently lead to the translocation (activa-
tion) of pro-inflammatory transcription factors (e.g., NF-kB)
responsible for the transcription initiation of inflammatory genes.
Therefore LPS interacts with its signaling receptor (TLR4) in order
to induce the signal transduction cascade that triggers essential
signaling modules for the activation of pro-inflammatory tran-
scription factors. This cascade of events is eventually manifested
through the coordinated transcriptional changes measured via
high-throughput microarray analyses [26]. Due to our inability
to precisely model such a cascade of events using elementary ki-
netic steps we will assume that the effect of the extracellular
inflammatory signal (LPS) in initiating the transcriptional machin-
ery is indirect. Thus we propose to model such a transcriptional
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Fig. 1. Expression motifs of inflammatory transcriptional signatures of human blood leukocytes. 5093 probe sets are micro-clustered to 224 expression motifs.
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Fig. 2. Estimated p-value vs. expression motif sizes. Expression motifs with size
>58 correspnding to p-value <1/224 (total number of probe sets in informative
motifs).

event using the basic principles of an indirect response model
(IDR) widely used in developing pharmacodynamic and pharmac-
ogenomic models [37,38]. Despite the fact that an IDR model does
not take explicitly cross-talk interactions into account, the princi-
ples of IDR approach can be extended to describe transduction
processes and time dependent disease processes. This would lay
the foundation for gaining a more ‘mechanistic’ insight. The de-
tails of the components and structure of the model are discussed
extensively in Section 3.
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2.5. Design of in silico experiments

Of particular interest is computational tests performed to pre-
dict the possibility and extent of abnormal responses resulting
from various levels of inherent mechanistic dysregulation. In
the following we will demonstrate the ability of our model to
enable such ‘predictions’ and provide further evidence of the
appropriateness of the assumptions invoked in the development
of the model. We have notionally devised three levels of in silico
‘predictions’. Regarding these ‘predictions’ we should underline
that such a term is loosely used to demonstrate the potential
of our model to reproduce clinically relevant conditions. First,
we explore the implication of increasing levels of initial insult
since this would probably constitute the most obvious irrevers-
ible disturbance. Then we explore possible mechanistic dysregu-
lation which may reflect secondary effects that lead to potential
malfunction of the response leading to sustained inflammation.
Finally, we explore the emergence of ‘memory’ effects and eval-
uate the implication of priming the host with controlled level of
endotoxin stimulus as a prequel to the main inflammatory
stimulus.

2.5.1. Implications of increased insult

High concentrations of the inflammatory insult can be responsi-
ble for the amplification of the host immune response [39], fol-
lowed by a dysregulation in the host defense intrinsic dynamics
leading to a an unconstrained inflammatory response even after
the circulating levels of LPS have been cleared. In order to simulate
such a scenario we increase the initial condition of LPS at various
levels, i.e., LPS(t = 0 h) = (1,2,3,4) inferring in silico the progression
of the inflammatory trajectory.
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Fig. 3. Temporal profiles of statistically significant expression motifs: Normalized Signal Intensity of expression motifs with p-value <0.0045 vs. time.
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Fig. 4. Quantified transcriptional state of the system vs. number of expression
motifs. The maximum perturbation in the intrinsic dynamics of the system occurs
for three distinct expression motifs.

2.5.2. Modes of dysregulation of the inflammatory response

The dynamics of the host response to an inflammatory stim-
ulus are highly complex and non-linear, suggesting that a dys-
regulation in the dynamics of the inflammatory response in
restoring homeostasis can have multiple causes. One such possi-

bility is associated with a malfunction in the clearance rate of
endotoxin (which corresponds to a higher exposure of the host
response to the stimulus followed by persistence in the concen-
tration of LPS). Secondly, a dysregulation in the intracellular
dynamics can occur being responsible for an aberrant response,
given that improper regulations of TLR4 signaling might also
be involved in the inflammatory component of a disease like
sepsis [40]; such a mode of dysregulation separates the host re-
sponse dynamics from the insulting agent. The model was
probed by appropriately manipulating parameters that include:
(i) a reduction in the first order degradation rate of LPS and
(ii) a reduction in the degradation rate of the active signaling
complex.

2.5.3. ‘Rapid’ tolerance

Repeated doses of endotoxin stimulus in many instances is
considerably characterized by a less vigorous immune system
which is namely known as endotoxin tolerance [41]. Even
though the phenomenon of endotoxin tolerance involves the
administration of low, repeated doses of endotoxin over periods
of time ranging from one day to a week [42], herein, we opt to
investigate the response of the system being pre-exposed to low
dose of LPS for less than a day. This is because in our proposed
model all the interacting components do resolve within the first
24 h while the system has not acquired a reprogramming dy-
namic state. However, published studies [43,44] report that ‘ra-
pid’ endotoxin tolerance can be induced when the system is
pre-exposed to a low endotoxin challenge for between 3 and
6 h. Thus, we simulate such a scenario administering low dose
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Fig. 5. Essential transcriptional elements of the inflammatory response. (A) Pro-inflammatory response (P), (B) anti-inflammatory response (A) and (C) energetic response (E).
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Fig. 6. Qualitative structure of the indirect response model: LPS binds to the receptor (R) and forms the complex (LPSR) while it activates the signaling complex (DR’) which
indirectly stimulates the production rate Kj, p of the pro-inflammatory (P) response. The pro-inflammatory response indirectly stimulates the production rate of the energetic
(E) response (King) and the production rate of anti-inflammatory (A) response (Kin ). The energetic response will stimulate both pro-inflammation and anti-inflammation
whilst anti-inflammation will serve as the immunoregulatory component of the system restoring homeostasis intracellularly.

of LPS, i.e.,, LPS(t =0 h) = 0.5 followed at t =4 h by the main endo-
toxin insult, LPS(t=4h)=1.

2.5.4. ‘Protective’ tolerance

‘Protective’ tolerance is another extended paradigm for endo-
toxin hyporesponsiveness that involves the administration of a
sub-lethal dose of endotoxin followed by a high (lethal) one. Such
a pre-exposure ‘tolerizes’ the dynamics of the host reversing the
implications of a high inflammatory insult. Therefore, the magni-
tude of endotoxin doses plays a critical role in the underlying
dynamics of the host and we reproduce such a scenario infusing
low dose of LPS at t=0h, i.e., LPS(t=0h)=1 followed by the
administration of high endotoxin concentration, i.e.,
LPS(t=4h)=4.

2.5.5. Lethal potentiation

Not only the magnitude but also the timing of repeated doses of
endotoxin are key determinants for discriminating between endo-
toxin tolerance and potentiation. The successive administration of
low doses of LPS may perturb system’s homeostasis towards the
progression of an unresolved inflammatory response. From the
modeling standpoint, we simulate such a case administering at
t=0h low dose of endotoxin, i.e., LPS(t =0 h) =1 which is shortly

followed at t=0.5h by another ‘sub-lethal’ insult, i.e.,

LPS(t = 0.5 h) = 2.
3. Results and discussion
3.1. Transcriptional analysis and major response elements

The symbolic transformation of the expression motifs and the
subsequent assignment of hash values to each expression profile
[27] produces a distribution of motif values for all the available
probes, Fig. 1. In order to estimate a p-value for each expression
motif we generate random data with the same dimensions as the
original dataset (5093 probe sets and 6 time points). Genes that
hash to the same integer value for the random data are character-
ized by a distribution that approximately follows an exponential
decay and subsequently we can estimate the cumulative distribu-
tion for an exponential model. Thus, an appropriate p-value =1/
(total number of expression motifs) which equals 0.0045, is used
to evaluate highly non-random expression motifs (clusters),
Fig. 2. The analysis generates a sub-set of 16 transcriptional mo-
tifs which are considered to be statistically significant in terms of
their population size, Fig. 3. Therefore, this family of expression
motifs, and the associated probe sets, is most characteristic of
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Table 1
Mathematical representation of an indirect response model of endotoxin-induced
human inflammation
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the exposure of the host to LPS. In order to evaluate the essential
basis set, subsets of the 16 profiles that exhibit the largest devi-
ation from homeostasis, we solve the combinatorial selection
problem which predicts that the maximum deviation from

homeostasis would require three elementary motifs. As seen in
Fig. 4 the maximum deviation from homeostasis is observed for
three motifs, whereas further addition of motifs reduced the devi-
ation indicating the addition of less critical responses. Therefore,
this result illustrates the existence of distinct critical sets of tem-
poral responses that capture the intrinsic dynamics of the host re-
sponse to endotoxin administration, Fig. 5. The first response is
characterized by an early increase in the gene expression level
during the first 2 h after the endotoxin challenge, whereas the
second essential response shows an increase at the gene expres-
sion level at a later time event (4-6 h). The third response is char-
acterized by a downregulation during the time course of the
experiment and eventual return to baseline at 24 h. All responses
resolve, i.e.,, return to base line 24 h post-exposure, which is in
agreement with the overall design of the study and the reversible
nature of the elicited response. Upon identification of the probe
sets composing these three essential transcriptional responses
we identify significant localization in relevant biological
pathways.

The early up-regulation response, denoted as the pro-inflamma-
tory component (P), is enriched in genes involved in Cytokine-
Cytokine receptor interactions (C-X-C motifs and cytokines -
CXCL1, CXCL2, and CCL20) as well as in Toll like receptor signaling
pathway (CCL4, IL1B, IL8). Moreover, we identified genes (IL1A,
IL1B, IL1R1, IL1R2) which participate in MAPK signaling pathway
- crucial in activating transcription factors that act synergistically
with proinflammatory transcription factors such as members of
NFkB/RelA family. The late up-regulation response, denoted as
anti-inflammatory component (A), is enriched in genes function-
ally participating in the JAK — STAT cascade (IL10RB, JAK3, STAT2,
STAT5B) which is essential to regulate the expression of target
genes that counter-react the inflammatory response. In addition
to this, it is emphasized [45] that a STAT pathway from a receptor
signaling system is a major determinant of key regulatory systems
including feedback loops such as SOCS induction which subse-
quently suppresses the early induced cytokine signaling. Moreover,
in this class we capture the increased expression of the gene (SP1)
that encodes a protein which acts as an essential activator for IL10
signaling [46]. Moreover, we identified the late increased expres-
sion of IL10RB which is assumed to be indicative of the IL10 signal-
ing cascade. Finally, the down-regulation response, denoted as the
energetic component (E), is characterized by a set of genes, which
are mainly involved in the cellular bio-energetic processes. In addi-
tion we find genes essential to ribosome biogenesis and assembly
(RPL/RPS family) as well as genes participating in the protein syn-
thesis machinery, oxidative phosphorylation (ATP5A, COX11, NDU-
FA11) and pyruvate metabolism (PDHB, PDHX, MDH1). Endotoxin-
induced inflammation causes the dysregulation of leukocyte bio-
energetics and persistent decrease in mitochondrial activity can
lead to reduced cellular metabolism [47]. Organ function has been
associated with changes in bioenergetics and metabolic activity
[48]. These transcriptional responses effectively decompose the
overall dynamic and potentially define the constitutive elements
of the overall response thus defining the transcriptional signatures
in response to LPS administration. We will further explore the pos-

Table 2

Estimated values of the parameters based on self-limited response data

Parameter Value Parameter Value Parameter Value Parameter Value
Kips.1 4.500 k> 0.040 ka4 0.330 King 0.050
Kips2 6.790 k3 2.000 ke 3.000 Kout e 0.234
Keyn 0.020 KinmRNAR 13.467 Kinp 0.093 Kina 0.256
kq 3.000 Kout.mRNAR 0.211 Koutp 2.428 Kouta 0.860
Ky pre 15.717 Kok 25.191 Kap 0.022 Kag 2.291
Kep 3.644

The values for k; and k; are taken from [55].
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sibility of using the elementary responses as the surrogates for pre-
dicting the complex dynamic behavior of the system through an
appropriately constructed mathematical model.

In order to reproduce the experimental data we select the tran-
scriptional signature of specific genes representative of each essen-
tial response. IL1B is selected to serve as the representative ‘bio-
marker’ of the pro-inflammatory response. The gene transcript of
IL10RB is considered to be indicative of the immune-regulatory
signal of the anti-inflammatory response. Finally, a subunit of
NADH ubiquinone dehydrogenase complex (mitochondrial compo-
nent) NDUFC2 is considered as the proxy for the energetic compo-
nent. These essential transcriptional signatures are normalized by
taking the ratio of the measured mRNA level at each time point
with respect to the control time point (¢ = 0 h). Selecting any other
gene that belongs to the aforementioned essential inflammatory
responses can very well be used as a surrogate for a representative
of the response and will not alter the qualitative characteristic of
our semi-mechanistic mathematical model to be described in the
following section.

3.2. Elements of an indirect response model of human endotoxin-
induced inflammation

We consider each previously identified transcriptional motif
to be the manifestation of a process involving a synthesis and
a degradation term. In the most general case it is assumed that
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the synthesis, or production, follows zeroth order Kkinetics,
whereas the degradation follows 1st order kinetics [49]. The
underlying assumption of IDR models is that external signals af-
fect indirectly the synthesis and/or degradation term of the re-
sponse of interest, in our case the transcriptional dynamics. As
a result, the existence of such signals can either stimulate or in-
hibit the production and degradation rate of the response. There-
fore, we assume that the upstream activated ligand-receptor
signaling complex serves as the intracellular signal that indi-
rectly will stimulate the production rate of transcriptional effects
associated with the pro-inflammatory response as well as with
the transcriptional activation of the gene transcript of the recep-
tor (mRNAR).

The binding interaction between the endotoxin (LPS) and the
receptor (R) is assumed to be a standard ligand-receptor interac-
tion [50]. The activated ligand-receptor complex triggers an intra-
cellular signal (DR") which indirectly stimulates the production
rate of the pro-inflammatory response (P). This pro-inflammatory
response can be characterized as the ‘first-line’ transcriptional re-
sponse that is triggered upon the recognition of the extracellular
ligand (LPS) by the pattern recognition receptors (PRR, e.g., TLR4)
[51]. Pro-inflammation will serve as the signal that will further
stimulate the downregulation of genes that are associated with
the cellular energetic processes [52]. We hypothesize that the
pro-inflammatory response acts as the stimulatory factor for the
energetic response whilst a dysregulation in the cellular bio-ener-
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Fig. 7. Model building results: dynamic profiles of the elements that constitute the mechanistic model of endotoxin-induced inflammation. Experimentally measured
normalized mRNA transcript levels are denoted by symbols (e), solid lines (——) are the model predictions.
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Fig. 8. Temporal responses of critical inflammatory components for various initial conditions of the inflammatory stimulus. A high concentration of LPS can cause a
malfunction in the dynamics of the host response to infection described by an exacerbated inflammatory response (dashed line). Solid lines correspond to self-limited
responses, the dashed line represent a predicted unconstrained inflammatory response when the LPS concentration exceeds a critical value.

getics can serve as a positive feedback danger signal to the pro-
inflammatory response.

The anti-inflammatory response serves as the essential immu-
noregulatory signal that aims at restoring homeostasis in the host
defense system. Thus, it will be stimulated by the activation of the
inflammatory components which are the pro-inflammation and
the energetic response. Thus, it will serve as the inhibitory signal
on the production rate of the pro-inflammation and the energetic
response. We are assuming that it will negatively regulate the
TLR pathway [51] modeling it as inhibition of the activated intra-
cellular signal DR". The elements of the network of interactions
defining the indirect response model are shown in Fig. 6.

3.3. Developing an indirect response model’

The dynamics of the inflammatory stimulus (LPS) is described in
(a) as a convolution of two terms: a first order elimination with
rate kips 2 and a logistic-type function with growth rate kips ;. Effec-
tively despite the presence of various mediators that are activated
in response to LPS (e.g., LPS binds to LBP plasma protein during its
recognition from the host) we model a single compartment phar-
macodynamics model for LPS assuming a homogeneous circulating

! The quantitative model of endotoxin induced inflammation is succinctly
presented in Table 1. All equation numbers, denoted as a,b,c,d,efgh,ijklm refer
to Table 1.

blood compartment. The logistic function is usually used to model
a variety of physical situations in which a quantity’s growth is ‘self-
limited” which means that the initial growth is approximately
exponential and as saturation begins the growth stops [53]. There-
fore, depending on the relative magnitude of the two rate param-
eters of the clearance of LPS we can simulate situations where
the bacterial concentration is not fully eliminated. In human sub-
jects endotoxin is cleared within the first 2 h of post-LPS adminis-
tration with an approximate average half time 7y, ~8-15 min
[54]. The two parameters kjps1 and kips» have been independently
estimated so that the LPS profile decays within 2 h in the absence
of any complications.

The dynamics of the TLR4 receptor (R), (b), depend on the asso-
ciation/dissociation parameters of the ligand-receptor interaction
[50] whose the corresponding parameters k; and k,, are based on
the literature values [55] and the translation of its mRNA, to sur-
face protein (ksyn). The rate of translation ksy, of the mRNA to the
corresponding surface protein describes the dynamic evolution of
synthesis of new receptors; hence this parameter is estimated so
that the dynamic profile of the surface free receptor is down-regu-
lated based on the premise that under the inflammatory stimulus
the surface free receptors are occupied.

The dynamics of the gene transcript of the receptor, (c), is char-
acterized by a production rate (Ki,mrnag) and a degradation rate
(Koutmrnar) but is assumed to be indirectly stimulated by the con-
voluted activated DR’ signal as shown in Fig. 6. Experimentally, the
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transcript of the receptor is characterized by an up-regulation for
the first 4 h post-LPS administration and then returns to baseline
[56].

The dynamics of the equilibrium complex (LPSR) is character-
ized by the binding parameters ki, k; and the parameter ks
which characterizes the rate of formation of the activated signal-
ing complex, DR’, (d). The formation of the activated signaling
complex (DR") is proportional to the equilibrium complex with
a rate constant ks and it decays with rate k4 (e). However, we
assume that the essential anti-inflammatory component will
indirectly regulate the activated intracellular signaling complex.
Such a negative feedback serves the purpose of incorporating a
regulatory effect on the intracellular activated signaling complex
once the transcriptional response has been initiated. In addition
to this, the non-linear Hill type function serves the purpose of
modeling a bistable behavior of the system [57]. Such a bistabil-
ity is an essential characteristic of the non-linear dynamics of
inflammation as suggested from various animal studies [58-
62]. An increase in the dose of the inflammatory stimulus can
be responsible for an overwhelming inflammatory response.
We should emphasize that the exponent coefficient of the non-
linear function in (e) does not quantitatively correspond to a Hill
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coefficient; instead it can be characterized as an ultrasensitive
parameter which is associated with the bistable behavior of
the system. What is more, the functional form of the activated
signaling complex (DR") in (e) allows us to model an improper
(uncontrolled) TLR4 signaling even though the inflammatory
stimulus (LPS) has been completely eliminated from the system.
Given the role of TLRs in inducing strong inflammation improper
regulation of this signaling pathway may also be involved in
inflammatory diseases [40].

At the transcriptional response level the convoluted activated
signal complex (DR’) indirectly stimulates the production rate of
the essential pro-inflammatory response (P) which quantitatively
is expressed by the linear function (Hj; ), (f). We also assume that
the energetic response variable will be responsible for more pro-
nounced inflammation and thus stimulates the pro-inflammatory
response (Hpg). The anti-inflammatory signaling component is as-
sumed to inhibit the production rate of the pro-inflammatory tran-
scriptional signature.

The anti-inflammatory signal (A) is stimulated by the acti-
vated pro-inflammatory response (Hap) as well as by the ener-
getic response (Hag) and it decays with rate Koueacg. Finally,
the energetic response (E) is indirectly stimulated by the proin-
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Fig. 9. Temporal responses of inflammatory components in persistent infectious inflammatory response where the inflammatory stimulus cannot be eliminated responsible
for the observed persistence in the dynamic profiles of the inflammatory constituents. Reducing the degradation rate of LPS to half of its initial value the inflammatory

stimulus cannot be cleared.
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flammatory response (P) and the anti-inflammatory component
(A) indirectly counter-regulates both inflammatory components,
i.e., the pro-inflammation and the energetic response of the sys-
tem, (h). The parameters associated with the production and
degradation rate of each essential transcriptional signature are
estimated in order to best predict the essential responses with
their experimental measurements. Egs. i,j,kl,m denote the func-
tional forms of the indirect response. It is important to realize
that special effort was placed in order to avoid high non-linear-
ities in the system.

3.4. Estimation of relevant model parameters

A self-limited inflammatory response to the endotoxin stimu-
lus corresponds to resolved dynamic profiles for all the elements
that constitute our model. In our computational model the host
restores homeostasis without any external intervention. We
speculate that the initial normalized concentration of the inflam-
matory stimulus (LPS) quickly decays so that it completely clears
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within the first 2 h whereas the other essential components
should return to their baseline within the first 24 h after the
endotoxin administration (homeostasis) based on the design of
the experiment. Given the available experimental data [1] we
can, in principle, evaluate appropriate model parameters using
standard parameter estimation techniques. The relevant kinetic
parameters are depicted in Table 2, whereas the performance
of the model in reproducing the self-limited responses is shown
in Fig. 7.

3.5. Performing in silico experiments

Building a mathematical model that can predict relevant biolog-
ical implications to the host response to endotoxin allows us to
identify ways of both controlling and modulating such a complex
phenomenon. Thus, the correctness of the model will be tested
based on its ability to not only reproduce available data, but rather
to qualitatively predict uncontrolled responses to be discussed as it
follow.
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Fig. 10. Temporal profiles of persistent non-infectious inflammation. It is not the infection itself but rather the host response to infection that plays a determinant role in
controlling the outcome of an overwhelming inflammatory response. Manipulating the degradation rate of the activated intracellular signaling (e.g., reducing it by half of its

initial value) perturbs the homeostasis of the system.
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3.6. Implications of increased insult

In Fig. 8 we simulate the situation in which the initial levels
of LPS are increased. We observe that when the concentration of
the inflammatory stimulus exceeds a critical threshold, the
inflammatory response does not abate. In this case it is the host
response to endotoxin rather than the stimulus itself that yields
the progression of a systemic inflammatory response syndrome
that fails to resolve. Clinically, in a retrospective analysis of crit-
ically ill patients [63], a progression of septic shock characterized
a number of patients without documented infection. Namely, the
mortality rate of these patients was higher compared to infected
patients.

3.6.1. Malfunction in the clearance rate of LPS

In Fig. 9 we simulate the case of a persistent disease which
corresponds to an increased exposure of the host response to
the inflammatory stimulus. Such a case is simulated by manip-
ulating (decreasing) the parameter associated with the degrada-
tion rate of LPS. Although decreased degradation of LPS is not
associated with a distinct, defined clinical condition, it is possi-
ble that this phenomenon may exist. For example, it is known
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that triglyceride-rich lipoproteins bind to LPS and that these
complexes are cleared by binding to lipoprotein receptors. Fur-
thermore, these receptors are abundant in the liver which clears
~70% of lipoproteins from the circulation. Therefore, it can be
postulated that patients with liver dysfunction may have im-
paired clearance of LPS. But, even without this speculation, an-
other purpose for simulating ‘decreased LPS clearance’ was to
determine the response of the model to differing, but plausible,
perturbations [64]. Thus, as seen in Fig. 9 decreasing the degra-
dation rate to half of its initial value (self-limited response) we
observe that even small amounts of endotoxin might account
for an overwhelming inflammatory response. Such persistence
in the inflammatory stimulus leads to a sustained elevation of
the activated intracellular signaling complex (DR") which subse-
quently accounts for an uncompensated inflammatory response.
In particular, there is an overexcitation of both pro- and anti-
inflammatory mediators that are coupled with the uncontrolled
regulation of the energetic response which settles to an uncon-
trolled state (energetic depletion). Such a simulated clinical sce-
nario lies in agreement with experimental evidence about
persistent endotoxin activity in critically ill patients undergoing
Gram-negative sepsis [65].
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Fig. 11. Rapid endotoxin tolerance: pre-exposuring the system into a smaller inflammatory insult results in a reduction in the cell capacity to respond to the main endotoxin
challenge which is characterized as a short-time attenuation scenario. Solid line: LPS(t = 0 h) = 0.5 and LPS(t =4 h) = 1. Dashed line: LPS(t=0h)=0 and LPS(t=4 h)=1.
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3.6.2. Maladaption in the active intracellular signaling DR’

It is now generally accepted that the host response plays a
pivotal role in determining the outcome of an overwhelming
inflammatory response. Thus, our model allows us to explore an-
other mode of unconstrained inflammatory response that
emerges from a dysregulation in the intracellular dynamics
downstream of the ligand-receptor complex. In general, down-
stream of the activated LPSR complex, there are various kinases,
second messengers that are being activated in response to LPS
that are constituents of the signal transduction cascade. A dys-
regulation in the dynamics of the intracellular domain might
hamper the homeostatic control of its domain, accounting for a
persistent activated signaling that will over-excite the elemen-
tary inflammatory mediators, Fig. 10. We explore such a pertur-
bation in the dynamics of the system by decreasing the
degradation rate of the active signaling complex (DR") to a value
which is about half of its initial value which corresponds to a
self-limited inflammatory response. The unconstrained inflam-
matory effect occurs downstream of the activated signaling com-
plex and as result the rate of the formed complexes is not
affected by this perturbation given that the inflammatory stimu-
lus is completely eliminated from the system. However, a dys-
regulation in the intracellular homeostasis can lead to a
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cytokine ‘storm’ that is followed by a global disturbance in the
inflammatory control system followed by elevated/uncompen-
sated anti-inflammatory signaling as seen in Fig. 10. If the gene
transcript of the receptor is persistently elevated it will also lead
to an overproduction of protein receptors; therefore, the baseline
of total free receptors is dysregulated. Both cases correspond to
biological scenarios exploring different modes of dysregulation
in the inflammatory response which suggest that there is a crit-
ical time interval during which any therapeutic intervention may
restore homeostasis. In the drug discovery area there is empha-
sis on discovering endogenous mediators that can modulate the
inflammatory response but they are not clinically tractable in
terms of a broader therapeutic time window [66]; for example,
one reason for the failure of anti-TNF treatment for sepsis in
clinical settings may be due to its narrow therapeutic window
(very early release).

3.7. The emergence of memory effects
3.7.1. ‘Rapid’ tolerance
When the system is pre-exposed to a lower inflammatory

stimulus for about 4 h before the main endotoxin challenge
our model predicts a much less vigorous inflammatory response
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Fig. 12. Endotoxin hypo-responsiveness: Pre-existing infection might cause a profound hypo-responsiveness in system’s response to a lethal LPS challenge. Solid line:
LPS(t=0h)=1 and LPS(t =4 h) = 4. Dashed line: LPS(t=0h)=0 and LPS(t=4 h) = 4.
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as seen in Fig. 11. In particular such an event, which can be
characterized either as a short-time attenuation effect or else ra-
pid tolerance is experimentally observed by the decreased con-
centrations of various pro-inflammatory mediators, e.g., TNF-a,
IL1B in response to secondary ex vivo whole blood stimulation
with LPS [43]. In addition to this, in the experimental study
[44] concentrations of the particular pro-inflammatory mediator
(TNF-o) were decreased profoundly ex vivo at 3-6 h after in vivo
endotoxin administration. However, by 24 h the endotoxin toler-
ance had completely resolved. Such pre-conditioning results in
an attenuation of the inflammatory response characterized by a
less vigorous intracellular signaling coupled with the decreased
peak level of the pro-inflammatory response.

3.7.2. ‘Protective’ tolerance
The rapid tolerance scenario observed in Fig. 11 implies that

the emergence of controlled memory in the system, elicited after
the first dose of endotoxin is administered, plays a major role in
determining the modulated dynamics of the system in response
to the second dose. If the system is primarily exposed to a much
higher dose of endotoxin which is responsible for an overwhelm-
ing inflammatory response then the pre-exposure to lower non-
lethal dose of LPS can modulate its intracellular dynamics that
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reverses the lethal outcome of the main endotoxin dose,
Fig. 12. This is a response characteristic of endotoxin hypo-
responsiveness. As a result the system shows a reduced capacity
(hypo-responsiveness) in response to a high concentration of the
inflammatory stimulus which may be associated with decreased
TLR signaling by proteins that negatively regulate LPS-induced
inflammatory responses [67].

3.7.3. Lethal potentiation

Rapid tolerance and endotoxin hypo-responsiveness (or else
‘protective’ tolerance) are associated with an emergent acquired
dynamic state of the system that actually modulates the re-
sponse of the system not to respond rigorously to the primary
endotoxin challenge. However, such an emergence is highly time
dependent which implies that if the repeated doses are charac-
terized by a very short time interval it is possible the dynamics
of the system to result in an overwhelming inflammatory re-
sponse. Therefore, the successive administration of two inflam-
matory insults that individually account for constrained (‘self-
limited’) inflammatory responses might be determinant to the
outcome of sepsis (unresolved inflammatory response). Such an
event can occur because of the absence of a ‘protective’ memory
in the system so that the system has not elicited its regulatory

Pro - inflammation

10 0.5 80 16
l\\
A
I
I
[
I \
] \ »
I 1 JA}
1 \ I\
] \ 1\
P {0.25 P
°l = i8
1 \ A
| \ A
I T > ,' \
H \ 1 \
= | \ 1 \
5 H \ H \
c } \ 'l \
T 0b— —mamas 0 e 1
5 0o 4 8 16 24 0o 4 8 16 24
o
3 Anti-inflammation Energetic response
N 15 2.5 1w —=
T Y \ //’
E If\ ‘I //
S 1Y ! /
2 A : /
1 ‘\ \ 4
1 \ 1 /
I \ 1 !
1 \ ! /
1 \ /
I \ | /
1 \ 1 !
[ \ o5l b /
| \ ' \ ,/
1 \ \ V3
1 \‘ .’
! \ 1.5
5t 1 N\
/ \
1 \\
) \
I N
lI AN
y) \‘\_
1 1 1 1 —\—-1 O 1 1 I
0o 4 8 16 24 0o 4 8 16 24
Time (hr)

Fig. 13. Lethal potentiation: Successive administration of small doses of endotoxin can lead to an unresolved inflammatory response (due loss of ‘regulatory’ memory). Solid
line: LPS(t =0 h) =1 and LPS(t = 0.5 h) = 2. Dashed line: LPS(t =0 h) =0 and LPS(t = 0.5 h) = 2.
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mechanism to compensate for the cumulative result of two suc-
cessive doses. Such an abrupt insult might dysregulate the
dynamics of the host response to infection having a detrimental
effect in the physiological state of the system as seen in Fig. 13.

These results indicate that the cellular response is critically
affected by the mode of exposure, thus demonstrating the need
for an appropriate, quantifiable, model to account for, and inte-
grate the, various components constituting the response. Fur-
thermore, our results clearly indicate that the dynamics of the
response are definitely affected by the parameters defining the
exposure to the inflammatory agent.

In conclusion, the proposed receptor mediated indirect re-
sponse model of inflammation describes the sequence of inflam-
matory events connecting extracellular signals and
transcriptional dynamics. The mechanistic-based indirect re-
sponse model, allows us to identify possible critical targets
either upstream of the activated signaling, such as endotoxin
elimination rate, or downstream are associated with modulating
the Toll-like receptor signaling pathway. The temporal profiles of
the essential inflammatory components under an unresolved
inflammatory state highlight the potential importance of early
effective therapeutic interventions, e.g., (2-4 h) whilst after 4 h
the system seems to have lost any potential for attenuation. Fur-
thermore, we explored the possible effects of systemic perturba-
tions associated with repeated pre-exposure to endotoxin
(tolerance and potentiation scenarios) emphasizing timing and
dosing as the key determinants for endotoxin hypo-responsive-
ness or lethality. Such a modeling approach enables us to gain
a better understanding of the complexities of inflammation via
the development of a more mechanistically interpretable model
of human inflammation.
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