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Several molecules related to antigen presentation, including gamma interferon (IFN-�) and the major
histocompatibility complex (MHC), are encoded by polymorphic genes. Some polymorphisms were found to
affect susceptibility to tuberculosis (TB) when they were considered singly in epidemiological studies, but how
multiple polymorphisms interact to determine susceptibility to TB in an individual remains an open question.
We hypothesized that polymorphisms in some genes may counteract or intensify the effects of polymorphisms
in other genes. For example, an increase in IFN-� expression may counteract the weak binding that a
particular MHC variant displays for a peptide from Mycobacterium tuberculosis to establish the same T-cell
response as another, more strongly binding MHC variant. To test this hypothesis, we developed a mathematical
model of antigen presentation based on experimental data for the known effects of genetic polymorphisms and
simulated time courses when multiple polymorphisms were present. We found that polymorphisms in different
genes could affect antigen presentation to the same extent and therefore compensate for each other. Further-
more, we defined the conditions under which such relationships could exist. For example, increased IFN-�
expression compensated for decreased peptide-MHC affinity in the model only above a certain threshold of
expression. Below this threshold, changes in IFN-� expression were ineffectual compared to changes in
peptide-MHC affinity. The finding that polymorphisms exhibit such relationships could explain discrepancies
in the epidemiological literature, where some polymorphisms have been inconsistently associated with sus-
ceptibility to TB. Furthermore, the model allows polymorphisms to be ranked by effect, providing a new tool
for designing association studies.

Tuberculosis (TB) continues to be a global health problem.
An estimated one-third of the human population is infected
with the pathogen Mycobacterium tuberculosis, and approxi-
mately two million individuals succumb to the disease annually
(www.who.int/mediacenter/factsheets/fs104). However, the in-
fections in only a fraction of infected individuals ever progress
to disease (62). What distinguishes the people who are able to
control the infection from those who are not? In addition to
environmental factors, such as nutrition, human immunodefi-
ciency virus coinfection, and differences in bacterial strains,
host genetics are likely to play a role, and identifying polymor-
phisms that predispose individuals to TB continues to be an
area of active research (for reviews, see references 3, 15,
and 22).

Identification of polymorphisms that affect susceptibility to
TB is performed primarily on the basis of epidemiological data
from association studies (7). In such studies the frequencies of
alleles resulting from polymorphisms in patients and healthy
controls are compared. If an allele is found to be overrepre-
sented in patients, it can be hypothesized to encode a protein
variant that renders an individual more susceptible to TB.

Association studies do not always yield consistent results,
however, and an allele that is found to be correlated with TB
in one study may not be found to be correlated with TB in
another study (15). Several factors might account for this in-
consistency (2). Small sample sizes (i.e., an insufficient number
of subjects) may lead to unreliable detection of low-frequency
alleles. Also, indirect serological tests may fail to distinguish
between closely related alleles.

Even more difficult to account for is the problem of genetic
heterogeneity. Because the number of polymorphisms affecting
the immune function is vast and many polymorphisms have yet
to be discovered, epidemiological studies necessarily fail to
assay all polymorphisms. In most studies only a single poly-
morphism is assayed. Other polymorphisms may compound or
counteract the effect of a single polymorphism, and such in-
teractions may go undetected without further testing. For in-
stance, a polymorphism in gene X, X1, may render the human
host more susceptible to TB in the presence of one polymor-
phism in gene Y, Y1, but not in the presence of another poly-
morphism in Y, Y2. Such interactions underlie the difficulty in
comparing the results of studies done with different popula-
tions (2), even when the same allele is studied and the study
designs are identical.

Antigen presentation requires the contribution of several
genes, and many of these genes have polymorphisms that have
been associated with TB susceptibility (3, 15, 22) (see Table S1
in the supplemental material). During antigen presentation,
receptors known as major histocompatibility complex (MHC)
molecules bind peptides from pathogens, and the resulting
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peptide-MHC (pMHC) complexes are displayed on the sur-
faces of cells (Fig. 1a). Two classes of MHC molecules exist:
class I, primarily for peptides found in the cytoplasm, and class
II, primarily for peptides found in endosomal compartments.
Cells known as professional antigen-presenting cells (APCs)
express both classes of MHC molecules, enabling them to
display peptides from a variety of pathogens.

A T-cell response to antigen presentation begins when a T
cell scans the surface of an APC (Fig. 1a) (for a review, see
reference 58). If T-cell receptors (TCRs) expressed by a T cell
bind pMHC complexes on the APC surface with sufficient
affinity and costimulatory molecules, such as B7 and CD28, are
present, a signaling cascade is initiated, which ultimately re-
sults in T-cell activation. Within minutes of APC–T-cell con-
tact, the calcium level within the T cell rises and TCRs are
internalized from the T-cell surface. Within hours, T cells
produce cytokines, including interleukin-2 and gamma inter-
feron (IFN-�), which result in T-cell proliferation, as well as
activation of other cell types. Antigen presentation therefore
involves events occurring with timescales ranging from seconds
to hours at molecular, cellular, and multicellular scales.

Among the antigen presentation-specific polymorphisms as-

sociated with TB, perhaps the best studied are those occurring
in genes for human leukocyte antigen (HLA), the human form
of MHC. Of the two classes of HLA, HLA class II is particu-
larly relevant to TB because HLA class II molecules bind
peptides from antigens in endosomal compartments where M.
tuberculosis resides. Over 800 HLA class II alleles have been
identified, and several of them have been associated with in-
creased or decreased susceptibility to TB (3, 55). In particular,
the DRB1*1501 allele has been associated with increased sus-
ceptibility to TB in numerous studies (44, 53, 63, 66) (see Table
S1 in the supplemental material). Generally, polymorphisms in
HLA map to the peptide-binding regions of the molecule and
can therefore be assumed to affect function (52). However, a
general mechanism explaining how HLA polymorphisms affect
the immune response to pathogens such as M. tuberculosis has
not been established. Polymorphisms affecting HLA expres-
sion rather than the peptide-binding properties of HLA are
also known, but to our knowledge, none of these polymor-
phisms has been tested yet for TB association (11, 38).

Extracellular signals in the form of cytokines, such as IFN-�,
also affect MHC expression in APCs, and polymorphisms in
the IFN-� gene have been associated with TB. In particular,

FIG. 1. Schematic diagram of the multiscale model of antigen presentation. (a) Overview of antigen presentation by APCs and the T-cell
response. (b) APC model (input, IFN-�, exogenous antigen; output, surface pMHCs). (c) T-cell model (input, surface pMHCs from APC model;
outputs, activated TCRs and internalized TCRs). (d) Cytokine production model (input, activated TCRs; output, cytokines, particularly IFN-�).
Abbreviations: Ag, antigen; Pep, exogenous peptide; Self, self peptide; B with subscripts 0 through N, pMHC-TCR complexes in different stages
of activation; TF, transcription factor; IL-2, interleukin-2. Direct, mechanistic reactions in the model are indicated by solid arrows, while indirect,
regulatory interactions in the model are indicated by dashed arrows. The names of cellular compartments are italicized.
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the �874A allele has been found to be significantly overrep-
resented in TB patients, suggesting that �874A increases sus-
ceptibility to TB (34, 37, 56) (see Table S1 in the supplemental
material). Peripheral blood mononuclear cells (PBMCs),
which include APCs and T cells, from �874A individuals pro-
duce significantly less IFN-� than PBMCs from �874T indi-
viduals produce upon antigenic stimulation in vitro (37, 50).
IFN-� modulates a number of functions in addition to MHC
expression, including the activation of macrophages and NK
cells and the inhibition of the TH2 phenotype in T cells (40).
Exactly which function is undermined in �874A individuals
has not been determined yet.

Finally, polymorphisms affecting antigen processing (the
partial degradation of proteins into peptides) have also been
associated with susceptibility to TB, although thus far only in
genes affecting MHC class I-mediated antigen presentation.
The transporter associated with antigen processing (TAP)
translocates peptides from the cytoplasm into the endoplasmic
reticulum, where they can be bound by MHC class I molecules.
A polymorphism in TAP2, one subunit of TAP, has been found
to be overrepresented in TB patients (17, 51) (see Table S1 in
the supplemental material). Other enzymes (namely, the ca-
thepsin proteases) perform analogous functions for the MHC
class II-mediated pathway, and although polymorphisms in the
genes encoding these enzymes are known, to our knowledge
none has been tested for TB association (64).

How polymorphisms in HLA, IFN-�, and other genes inter-
act to ultimately determine genetic susceptibility to TB re-
mains an open question. Mathematical modeling can help pro-
vide a unifying framework with which to consider these
polymorphisms. A model would ideally have an immunologi-
cally relevant readout, such as cytokine production, and allow
the effects of different polymorphisms to be simulated and
observed, both singly and in combination. Several questions
could then be approached using this framework. For example,
could a polymorphism that up-regulates IFN-� expression
compensate for a polymorphism that results in deficient
HLA-M. tuberculosis peptide binding? How might the T-cell
response differ among individuals with different combinations
of polymorphisms?

To approach these questions, we developed a multiscale
mathematical model for antigen presentation that includes
both APCs and T cells and tracks events from the molecular
scale to the cellular and multicellular scales. Particular atten-
tion was paid to pathways involving MHC and IFN-�, and
experimental data from a variety of sources were used to pro-
vide parameter values. Polymorphisms affecting both pathways
were then simulated. The extent to which a polymorphism in
one gene compounded or counteracted a polymorphism in
another gene could be observed, allowing us to determine
whether the presence of multiple polymorphisms could be a
confounding factor in TB association studies.

MATERIALS AND METHODS

The multiscale model comprises three models that were developed separately
(Fig. 1): an APC model representing the events leading to the appearance of
pMHC on the APC surface, a T-cell model representing the events leading to
TCR internalization, and an intracellular T-cell signaling model representing the
events leading to cytokine (IFN-�) production. We provide an overview of the
three models below.

APC model. Details of the APC model are described elsewhere (1, 8, 59, 60).
Briefly, we represented the major events leading to antigen presentation by
MHC class II molecules on APCs (e.g., macrophages) using ordinary differential
equations (ODEs). These events include de novo synthesis of MHC, the up-
regulating effect of IFN-� on MHC synthesis, uptake and processing of extra-
cellular antigens, formation of pMHC complexes, and trafficking of the pMHC to
and from the APC surface (Fig. 1b). Equations are provided in the supplemental
material, and parameters are shown in Tables S2 and S3 in the supplemental
material.

T-cell model. To represent the T-cell response to antigen presentation, we
developed a T-cell model, which was then linked to the APC model. The T-cell
model was based on a model described previously by Coombs et al. (10) and
Gonzalez et al. (18) which represents two important features of T-cell signaling,
namely, kinetic proofreading (i.e., the requirement for pMHC-TCR engagement
to persist for a certain duration before it results in TCR activation) and serial
triggering (i.e., the ability of one pMHC to engage multiple TCRs). In the model
of Coombs et al., as well as in our model, the following events were represented:
engagement of pMHCs by TCRs, progression of pMHC-TCR complexes
through various states of activation, and finally internalization of fully activated
TCRs as a marker of T-cell activation (Fig. 1c). Parameter values for the model
were derived from experiments using T-cell clones or T-cell hybridomas; there-
fore, the model most closely describes the stimulation of effector T cells (10).
CD28 costimulatory molecules, such as B7, ICAM-1, and LFA-1, were assumed
to be present in nonlimiting quantities. In order to be internalized, TCRs in the
model were required to be fully activated in either free or pMHC-bound forms.
The contribution of constitutive recycling of TCRs to the pool of internalized
TCRs was not included. Only the contact zone between the APC and the T cell
was considered, and the degree of TCR internalization occurring in the contact
zone was assumed to be representative of the degree of TCR internalization
occurring elsewhere on the T-cell surface (24, 67). The T-cell model comprises
a set of ODEs separate from the ODEs of the APC model (equations are
provided in the supplemental material, and parameters are shown in Tables S4
and S5 in the supplemental material).

Cytokine production model. To provide an additional, longer-term readout of
T-cell activation, we extended the T-cell model to include signaling events fol-
lowing TCR activation that culminate in the production of cytokines, such as
IFN-�. These events include the recruitment of kinases, such as Lck and ZAP-70,
the activation of intermediate signaling molecules, such as phospholipase C and
calcineurin, and ultimately the activation of transcription factors NF-AT, NF-�B,
and AP-1 (for a review, see reference 36). We developed a simplified model of
these events representing transcription factor activation, cytokine gene expres-
sion, and cytokine production (Fig. 1d). More detailed features of the T-cell
activation pathway, such as intracellular signaling pathways or synthesis and
breakdown of transcription factor intermediates, were assumed to have a negli-
gible effect on long-term (�12-h) responses and therefore were not considered
in our model. Such features are considered explicitly in other models (16, 23, 30).
The cytokine production model comprises a third set of ODEs in addition to the
ODEs constituting the APC and T-cell models (equations are provided in
the supplemental material, and parameters are shown in Tables S4 and S5 in the
supplemental material).

Empirical data for MHC polymorphisms. Data sets for peptides binding
various MHC alleles and their affinities were downloaded from the Immune
Epitope Database (IEDB) (http://www.immuneepitope.org) (49). Affinities were
generally provided as the 50% inhibitory concentration, the concentration of
peptide required to displace 50% of a reporter peptide bound to a given MHC
molecule. The 50% inhibitory concentration provides an approximation of the
equilibrium dissociation constant (KD) (9). Altogether, four data sets from IEDB
were considered, the data sets for the MHC alleles HLA-DR1, -DR2, -DR3, and
-DR4. These data sets provided an approximation of the range that could be
expected for one parameter in the model, the rate constant for dissociation of the
peptide from pMHC.

Solving the multiscale model. Together, the three models constitute the mul-
tiscale model of antigen presentation. The models were run sequentially, as
follows: (i) exposure of APCs to IFN-� in the absence of exogenous antigen for
24 h (APC model alone); (ii) exposure of APCs to exogenous antigen in the
absence of IFN-� for 4 h (APC model alone); and (iii) exposure of APCs to T
cells for 24 h (T-cell model and cytokine production model). Information was
passed between the APC and T-cell models in the form of the number of pMHCs
on the APC surface appearing 4 h after exposure of APCs to antigen (i.e., in a
feed-forward manner). Feedback from T cells to APCs, in the form of IFN-� that
could increase MHC expression, was assumed to be negligible for the timescales
simulated (�24 h) and therefore were not represented; such feedback can easily
be accommodated by the model when longer timescales are investigated. The

VOL. 76, 2008 MULTIPLE POLYMORPHISMS AND HOST SUSCEPTIBILITY TO TB 3223



three variables serving as outputs were the number of pMHC complexes on the
APC surface 4 h after exposure to exogenous antigen (APC model), the fraction
of TCRs internalized 5 h after APC—T-cell contact (T-cell model), and the
concentration of the cytokine IFN-� produced 24 h after APC—T-cell contact
(cytokine production model), which we considered short-, medium-, and long-
term responses, respectively. These outputs have been considered intermediate
indicators of the cellular response in the experimental literature and have been
quantified (21, 24, 67). Upon exposure to antigen, APCs typically express tens to
thousands of pMHC molecules on the surface; a minimum of approximately 200
to 350 pMHC molecules have been found to be necessary to elicit a T-cell
response (13, 19). Within hours of APC contact T cells internalize 10 to 90% of
the TCRs from the surface depending on the amount of antigen initially present
(24, 67). No threshold level of TCR internalization for T-cell activation has been
determined, although a correlation with other responses, such as T-cell prolif-
eration, has been observed (24). The amount of the cytokine IFN-� produced by
T cells in response to antigenic stimulation varies over several logs; typically,
picomolar amounts are observed in vitro (21, 32, 35). The model was solved using
the NDSolve function in Mathematica 4.2 (Wolfram Research, Inc.) and default
options, and the outputs were compared to available dose-response data (21, 24,
67). Note that these data are independent of those used to build the model.

Analysis of the sensitivity of the multiscale model. We used sampling-based
sensitivity analysis to determine how variability in processes represented in the
model affected model outputs. Briefly, we varied the values for different param-
eters in the model, generated an output for each set of parameter values, and
then determined the degree of correlation between each parameter and the
output. A particular parameter was varied if a genetic polymorphism was known
to affect the corresponding process or to ensure that each of three constituent
models was represented by approximately the same number of varying parame-
ters during the analysis; a total of 16 parameters were varied (see Table S6 in the
supplemental material). Parameters were assigned log-uniform distributions;
that is, minimum and maximum values were assigned to each parameter, and
sampling was done uniformly for a range defined by the log transform of these
values. When several biological values were available in the literature, the ap-
proximate ranges of the values used were as follows: for the pMHC off-rate
constant, 10�6 to 10�2 s�1 (42, 57); for the pMHC-TCR off-rate constant, 10�3

to 100 s�1 (12); for the IFN-� dose, 10�12 to 10�6 M (33); and for the antigen
dose, 10�9 to 10�4 M. In all other cases, a range of 1 order of magnitude above
the baseline value to 1 order of magnitude below the baseline value was used (see
the supplemental material). Five hundred values for each parameter were gen-
erated by a Latin hypercube sampling scheme (5, 20), resulting in 500 sets of
parameter values. An equivalent number of output values were then derived, and
correlations between output values and parameter values were quantified using
partial rank correlation coefficients (5). Significance was assigned based on a
Bonferroni-corrected � value of 0.05 (4).

Experimental scenarios simulated. Using the multiscale model of antigen
presentation, we were able to simulate in vitro protocols intended to test the
responsiveness of host cells to particular antigens (for an example of such a
protocol, see reference 28). In such protocols PBMCs are isolated from patient
blood, stimulated by antigens, such as purified protein derivative from M. tuber-
culosis, and then assayed for the response either indirectly (e.g., by measuring
tritiated thymidine uptake as a marker of proliferation) or directly (by an en-
zyme-linked immunosorbent assay for a cytokine). Because monocytes, which are
precursors of macrophages, serve as APCs in PBMCs and significant quantities
of IFN-� are unlikely to be present in the blood, the model simulates PBMC
protocols when the amount of IFN-� initially present is set to zero. The model
can also simulate an in vivo scenario of antigen presentation at a site of infection
when macrophages and activated T cells are present; in this case, the amount of
IFN-� initially present in the model is set at a nonzero value. Both of these
scenarios were examined during sensitivity analysis.

Trade-off plots. In addition to performing a sensitivity analysis using various
multiple parameters concurrently, we also examined the relationship between
model processes in a pairwise manner by varying two parameters at a time. Pairs
of parameter values that yielded approximately the same target output value
were compiled and plotted. Because such plots show how a change in one
parameter is able to compensate for a change in another parameter, we refer to
such plots as trade-off plots. When values for both parameters are first log
transformed and then plotted, regions in which the curves are diagonal (slope,
approximately 1 or �1) indicate that there is a compensatory relationship; that
is, a 1-log change in one parameter is able to compensate for a 1-log change in
another parameter to maintain a given output value. In contrast, regions in which
the curves are horizontal or vertical identify conditions under which one param-
eter has a dominant effect on the output of the other parameter. In such regions
the output is relatively insensitive to changes in one parameter, the parameter

represented on the axis parallel to the curve. To generate trade-off plots, pa-
rameters were chosen from either the same-scale submodel (the intramodel
case) or different-scale submodels (the intermodel case). A sufficiently wide
range of values was assigned to each parameter during the generation of each
trade-off plot to capture the full range of behaviors in each curve. Biologically
realistic values were then overlaid on each plot as boxes whose edges represented
the range of values observed experimentally, usually in vitro. When in vitro
measurements were not available, a range of 1 order of magnitude above the
baseline value to 1 order of magnitude below the baseline value was indicated
(see Tables S2 to S5 in the supplemental material). When pMHC or pMHC-
TCR off-rate constants were varied, parameter values were plotted as the KD

values, assuming invariant on-rate constants (27). We chose different values for
the three outputs to serve as target output values, generally accepting pairs of
parameter values that resulted in values between 80 and 120% of the target
output values. The target output values were 100, 500, or 1,000 pMHCs on the
APC surface; 10, 40, or 80% internalization of the total TCRs; and production
of 0.1, 1, or 5 pM IFN-�, corresponding to �2, �20, and �200 pg/ml IFN-�. To
assist visualization of plots, curve fitting was done using the SplineFit function
(Bezier option) of the NumericalMath library in Mathematica 4.2 (Wolfram
Research, Inc.), except in cases where more than one y value mapped to the same
x value (as in the plots of pMHC-TCR affinity versus pMHC affinity and the plots
of TCR internalization versus pMHC affinity); in these cases, curves were drawn
by hand.

RESULTS

To relate genetic polymorphisms to changes in APC and
T-cell responses, we developed a multiscale model of antigen
presentation that traverses several biological and temporal
scales (from molecular to multicellular and from seconds to
hours) (Fig. 1). This model represents different immunological
processes that may vary due to genetic polymorphisms and
allows us to examine the effect of multiple polymorphisms
occurring simultaneously.

Empirical data quantify effects of genetic polymorphisms on
pMHC binding involving M. tuberculosis peptides. Data from a
variety of previous studies were used to obtain values for pa-
rameters in the multiscale model, as described in the supple-
mental material. In some cases, the effects of genetic variability
could be observed directly. For example, variability within
MHC sequences results in MHC molecules that have different
affinities for the same peptide (e.g., peptides from M. tubercu-
losis proteins), as well as for a broad range of peptides; these
affinities in turn inform pMHC on- and off-rate constants in the
model. Many of these affinities are usually measured at equi-
librium binding, the concentration at which binding is inhibited
by 50% (which approximates KD), have been measured and
compiled in databases, such as the IEDB (Fig. 2a). Using the
IEDB, we found that MHC molecules exhibit affinities (KD)
for peptides that vary greatly, from 10�9 to 10�4 M (Fig. 2a;
see Fig. S1 in the supplemental material), with the majority of
affinities less than 10�6 M. In these data are the affinities of
different MHC molecules for an identical set of M. tuberculosis
peptides (Fig. 2b). This subset of the data shows that the range
of affinities that different MHC molecules exhibit for a given
peptide is approximately the same as the range of affinities that
a given MHC molecule exhibits for different peptides. For
example, different MHC molecules bind the P2 peptide from
the M. tuberculosis protein MCE2A with affinities that vary
from 10�5 to 10�8 M (Fig. 2b), which is approximately the
same as the range described above.

Output from the multiscale model agrees with experimental
data. Initially, we tested the model by comparing three model
outputs to behaviors expected from experimental data; these
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data were independent from those used to develop the model.
As a negative control we checked baseline results of the model.
In the absence of exogenous antigen, no exogenous pMHC
complexes were formed, no TCRs were internalized, and no
IFN-� was produced (data not shown). As a positive control,
we examined outputs of the model when exogenous antigen
was present. The dynamics of pMHC display, TCR internal-
ization, and IFN-� production approximated experimentally
observed time courses (Fig. 3a to c). Specifically, the number of
pMHCs on the APC surface peaked within 4 h after antigen
exposure (Fig. 3a) (19); the majority of TCR internalization
occurred within the first 2 h of exposure of T cells to APCs
(Fig. 3b) (67); and IFN-� production continued to increase
during the first 24 h of exposure of T cells to APCs (Fig. 3c)
(35). The model also recapitulated dose-response data avail-
able for the various outputs (Fig. 3d to f).

T-cell response is sensitive to multiple genetically variable
processes. To determine how biological variability due to ge-
netic polymorphisms might affect APC and T-cell responses,
we simulated variability in the multiscale model and correlated
changes in output to changes in input parameters (Table 1).
The outputs occurred either in the same submodel as the
parameters being varied (the intramodel case) or in different
submodels (the intermodel case). Two scenarios were simu-
lated, the absence and presence of IFN-� initially, which rep-
resented antigen presentation during PBMC protocols and at
the site of infection, respectively.

Multiple parameters were found to correlate significantly
with model outputs, identifying biological processes that may
positively or negatively govern antigen presentation and the

FIG. 2. Experimentally quantified effects of MHC polymorphisms
on peptide-binding affinities. (a) Survey of pMHC affinities involving
HLA-DR1 as found in the IEDB (49). n, number of peptides; x�, mean
value; s, standard deviation. (b) Affinities of different MHC molecules
for a common set of M. tuberculosis peptides. MCE 2a P1 and MCE 2a
P2 refer to M. tuberculosis MCE family protein MCE 2 peptides P1 and
P2 (47), respectively, and HSP 16p91-110 refers to a peptide compris-
ing amino acids 91 to 110 from M. tuberculosis heat shock protein 16.3
(26).

FIG. 3. Comparison of multiscale model predictions with experimental data. (a) Time course for the number of pMHCs on the APC surface
in the model. (b) Time course for TCR internalization in T cells in the model. (c) Time course for IFN-� production in the model. (d)
Dose-response curve for pMHCs as the antigen concentration is varied in the model, along with experimental data. (e) Dose-response curve for
TCR internalization as the number of pMHCs on the APC surface is varied in the model, along with experimental data. (f) Dose-response curve
for IFN-� production as the antigen concentration is varied in the model, along with experimental data. When more than one curve was available
from the experimental data (e and f), the highest and lowest nonzero experimental curves were selected and are shown. Model parameter values
are provided in the supplemental material. Ag, antigen.
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T-cell response (Table 1). Genetic variability in a number of
these processes is known to exist and in some cases has been
associated with susceptibility to TB. For example, the model
showed that pMHC affinity and IFN-� dose (which may vary in
humans due to polymorphisms in MHC and IFN-�) correlated
significantly with all three outputs: number of pMHC mole-
cules on the APC surface, the extent of TCR internalization,
and the level of cytokine production (Table 1). Other processes
in the model are associated with polymorphisms that are likely
functional but have not previously been associated with TB
susceptibility. For example, antigen processing, for which poly-
morphisms are also known (17, 51), correlated significantly
with all three outputs but more strongly at early time points
than at later time points (Table 1). Likewise, MHC expression
also correlated significantly with all three outputs more
strongly at early time points than at later time points. However,
this correlation was observed only in the absence of IFN-�, a
scenario resembling PBMC protocols rather than infection in
vivo, illustrating the overlapping effects of changes in IFN-�
expression and MHC expression (Table 1).

Most parameters displayed similar degrees of correlation
(either positive or negative) for the two T-cell responses, TCR
internalization and IFN-� production (Table 1). One exception
was the rate constant for the internalization of free, activated
TCR, which correlated positively with TCR internalization and
negatively with IFN-� production. In the model, internalized
TCRs are not capable of initiating signal transduction and do
not contribute to cytokine production. Internalization, there-
fore, decouples one indicator of T-cell activation (T-cell inter-
nalization) from another indicator (cytokine production), re-
sulting in the oppositely signed correlations observed during
this analysis.

Trade-off plots depict potentially confounding effects of mul-
tiple polymorphisms. Sensitivity analysis demonstrated that
multiple processes, including several processes that may vary
due to genetic polymorphisms, govern the dynamics of antigen
presentation and subsequent T-cell responses. To examine in-
teractions between polymorphisms in more detail, we varied
parameters in a pairwise manner and determined the extent to
which one parameter could compensate for another parameter
in governing subsequent dynamics in output variables.

(i) IFN-� expression and HLA binding polymorphisms can
be compensatory. The polymorphisms in the antigen presen-
tation pathway most commonly associated with TB suscepti-
bility affect the level of IFN-� expressed by T cells and pMHC
binding in APCs (3). The consequences of two polymorphisms
in different genes acting simultaneously on antigen presenta-
tion have not been examined either experimentally or theoret-
ically to our knowledge. To simulate these polymorphisms, we
varied parameters for IFN-� levels and pMHC binding affinity
in the APC model and plotted the pairs of parameter values
resulting in approximately the same values for our three out-
puts: number of pMHC molecules on the APC surface, TCR
internalization, and cytokine production (Fig. 4a to c). In the
case of the pMHC output, the minimum levels known to elicit
a T-cell response were chosen (13, 19).

In the trade-off plots, three distinct regions can be discerned
(described here for TCR internalization [Fig. 4b]). First, at low
IFN-� concentrations (�10�10 M), TCR internalization is de-
termined almost entirely by pMHC affinity and is invariant
when there are small changes in the IFN-� concentration,
which is apparent from the nearly vertical lines on the plots.
Under these conditions few of the IFN-� receptors are bound,
and small changes in IFN-� concentrations do not alter MHC

TABLE 1. Influence of various processes on APC and T-cell responses as quantified by using partial rank correlation coefficients generated
from sensitivity analysis of the multiscale modela

Biological process or factor
No IFN-� initially present IFN-� initially present

No. of pMHCsb No. of TCRsc Amt of IFN-�d No. of pMHCsb No. of TCRsc Amt of IFN-�d

IFN-� dosee NA NA NA 0.64 0.14 0.15
MHC expressionf 0.41 0.19 0.15 0.29 (0.07) (0.05)
pMHC affinityg �0.80 �0.44 �0.40 �0.65 �0.29 �0.28
Antigen dose 0.97 0.70 0.68 0.97 0.71 0.72
Antigen processingh 0.66 0.17 0.16 0.62 0.21 0.24
TCR expression NA 0.55 0.42 NA 0.55 0.34
pMHC-TCR affinityi NA �0.58 �0.60 NA �0.56 �0.60
pMHC-TCR activationj NA 0.51 0.49 NA 0.46 0.46
Activated free TCR internalizationk NA (0.08) �0.24 NA (0.07) �0.23
IFN-� signalingl NA NA 0.56 NA NA 0.66

a Results for 10 of 16 parameters that were varied are shown (see Table S6 in the supplemental material for a complete table). Parameters corresponding to processes
in which genetic polymorphisms have been observed are indicated by bold type (see Table S1 in the supplemental material and references therein). Nonsignificant
partial rank correlation coefficient values (� 	 0.05, Bonferroni adjusted) are in parentheses. NA indicates that the parameter for a process occurs subsequent to the
output of interest in the model and therefore does not affect the output value.

b Number of pMHCs on the APC surface 4 h after antigen exposure.
c Number of TCRs internalized by the T cell 5 h after APC—T-cell contact.
d Amount of IFN-� produced by the T cell 24 h after APC—T-cell contact.
e Amount of IFN-� to which APCs are exposed 24 h prior to antigen exposure.
f Number of MHC molecules initially expressed on an APC.
g Expressed as pMHC KD when the peptide-MHC dissociation rate constant was varied.
h Rate constant for antigen processing.
i Expressed as pMHC-TCR KD when the pMHC-TCR dissociation rate constant was varied.
j Rate constant for progressive activation of pMHC-TCR complexes.
k Rate constant for internalization of free, activated TCR.
l Rate constant for TCR-induced IFN-� transcription.
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expression. Second, at intermediate IFN-� concentrations (be-
tween 10�10 and 10�6 M), changes in IFN-� have an effect on
TCR internalization nearly equal to that of changes in pMHC
affinity, which is apparent from the diagonal curves on the
plots. In this region, for example, 80% TCR internalization can
be achieved by pairing either 10�9 M IFN-� and a pMHC
binding affinity (expressed as KD) of 10�9 M or 10�8 M IFN-�
and a pMHC binding affinity of 10�8 M. Finally, at high IFN-�
concentrations (�10�6 M), TCR internalization is again de-
termined almost entirely by pMHC affinity, which is apparent
from the nearly vertical curves on the plots. Under these con-
ditions most of the IFN-� receptors are bound, and small
changes in IFN-� concentrations do not affect near-maximal
increases in MHC expression.

Superimposing experimental data onto these plots allows
regions to be defined which encompass all possible two-poly-
morphism combinations in an individual and the effects that
these combinations have on APCs and the T-cell response. For

example, IFN-� expression in PBMCs from individuals with
the �874A and �874T alleles has been measured and found to
differ as much as threefold, in the range from 10�10 to 10�11 M
(37, 50; I. Aguilar-Delfin, unpublished data). A wider range of
IFN-� concentrations (between 10�9 and 10�12 M) is typically
applied in vitro (Fig. 4a to c). The affinities of different pMHC
class II complexes have also been measured and found to vary
greatly between 10�6 and 10�9 M (49, 57) (Fig. 2a; see Fig. S1
in the supplemental material). When these values are super-
imposed on the relevant trade-off plot, the plot shows that at
realistic levels of IFN-� expression, variability in pMHC affinity
has a stronger effect on all outputs, from the number of pMHCs
displayed by APCs to the amount of cytokine produced by T
cells (Fig. 4a to c).

(ii) HLA expression and HLA binding polymorphisms can
be compensatory. Although polymorphisms in HLA promoters
have been identified, no such polymorphism has yet been as-
sociated with susceptibility to TB (11, 38). One reason for this

FIG. 4. Trade-off plots showing that polymorphisms in different genes affecting APCs may compensate for deficiencies in pMHC binding to
maintain a given response. Values for pairs of parameters were varied, and pairs resulting in the same target output value were plotted. (a to c)
IFN-� expression (expressed as the amount initially available to APCs) versus pMHC binding. (d to f) MHC expression versus pMHC binding. (g
to i) Antigen processing versus pMHC binding. The target output values were 100, 500, or 1,000 pMHCs on the APC surface; 10, 40, or 80%
internalization of total TCRs; and production of 0.1, 1, or 5 pM IFN-�, corresponding to �2, �20, and �200 pg/ml IFN-�. Dashed boxes indicate
biologically plausible values (see Materials and Methods). Model parameter values are provided in the supplemental material.
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may be the difficulty involved in measuring the total level of
expression of a particular HLA class II variant both within an
APC and on the APC surface simultaneously. Another reason
may be the difficulty involved in attributing an association with
TB to the HLA promoter rather than the HLA coding se-
quence with which it is likely in linkage disequilibrium. In the
model, HLA expression and binding affinity are separate pa-
rameters and were found to have nearly equivalent effects on
output values (Fig. 4d to f). For instance, when 105 MHC
molecules were expressed by the APCs, a pMHC affinity of
10�9 M resulted in nearly the same degree of TCR internal-
ization (�80%) as a weaker pMHC affinity (10�8 M) when
more MHC molecules (106 molecules) were expressed (Fig.
4e). Tenfold differences in expression from different HLA pro-
moters have been observed previously (such as the differences
between HLA-DRB3 and HLA-DRB5 [38]). At lower levels of
MHC expression (�105 MHC molecules per APC), however,
pMHC affinity became more strongly determinative of the
T-cell response. The possibility that higher levels of expression
might compensate for lower binding affinity has been raised
previously in animal studies (29, 68).

(iii) Antigen processing and HLA binding polymorphisms
can be compensatory. Like polymorphisms affecting MHC ex-
pression, polymorphisms affecting antigen processing have
been identified, although none have been associated with sus-
ceptibility to TB yet (64). Polymorphisms affecting antigen
processing can be expected to either increase or decrease the
availability of antigenic peptides available to bind MHC and
thereby affect antigen presentation and subsequent T-cell re-
sponses. In the model, variability in antigen processing was

found to compensate for variability in pMHC affinity in a
nearly 1:1 manner (Fig. 4g to i). For example, to maintain 5 pM
IFN-� production from T cells, an increase in the rate constant
for antigen processing (from 100 to 101 h�1) could compensate
for a decrease in pMHC binding affinity (from 10�9 to 10�8 M)
(Fig. 4i). The extent to which polymorphisms affect the activity
of cathepsin proteases responsible for processing antigen for
MHC class II is not known (64), but within a 1-log range of the
level of activity observed in vitro, the trade-off plots show that
variability in cathepsin activity and subsequent antigen pro-
cessing may affect the T-cell response to the same extent as
variability in pMHC affinity. While the cathepsin proteases
generally exhibit a high degree of redundancy, in some cases a
particular cathepsin has been found to be necessary for pro-
cessing a particular antigen (e.g., cathepsin D for antigen 85B
from M. tuberculosis [61]). Polymorphisms are known to exist
in this cathepsin (e.g., �224T, which has been associated with
an increased risk of Alzheimer’s disease [48]), but no associa-
tion studies have been done yet with TB to our knowledge, nor
is the precise effect of these polymorphisms on enzymatic func-
tion known.

(iv) Optimal pMHC-TCR affinity affects TCR internaliza-
tion, but not IFN-� production. The binding affinity of the
pMHC-TCR trimolecular complex has been shown to be an
important quantity in determining the T-cell response (41). We
examined trade-offs between pMHC and pMHC-TCR affini-
ties in eliciting different responses (Fig. 5a to c). Because
pMHC-TCR binding occurs outside the scope of the APC
model, variability in pMHC-TCR affinity does not affect the
number of pMHCs. This lack of an effect is apparent from the

FIG. 5. Trade-off plots showing that polymorphisms in different genes affecting a T cell may compensate for deficiencies in pMHC binding to
maintain a given response. (a to c) Plots of pMHC-TCR affinity versus pMHC affinity, showing that an optimal value for one parameter (in this
case pMHC-TCR affinity) appears as a peak on such plots. (d to f) Plots of the internalization rate constant for free, activated TCRs versus pMHC
affinity, showing that parameters may affect two outputs differently, resulting in curves with different slopes. The target output values were 100, 500,
or 1,000 pMHCs on the APC surface; 10, 40, or 80% internalization of the total TCRs; and production of 0.1, 1, or 5 pM IFN-�, corresponding
to �2, �20, and �200 pg/ml IFN-�. Dashed boxes indicate biologically plausible values (see Materials and Methods). Model parameter values are
provided in the supplemental material.
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vertical lines on the trade-off plot for this output (Fig. 5a).
Coombs et al. (10) and Gonzalez et al. (18) showed that under
certain conditions there is an optimal half-life for pMHC-TCR
interaction, resulting in maximal TCR internalization. Because
our model of the T cell was based on the model of Coombs et
al. (10), it was not surprising to observe an optimal binding
affinity for pMHC-TCR on trade-off plots for which pMHC-
TCR affinity was varied and TCR internalization was selected
as the output (Fig. 5b). However, the peak representing the
optimal affinity was less prominent at lower pMHC affinities,
particularly when IFN-� production was the output (Fig. 5c).
Indeed, at biological values (pMHC KD, 10�9 to 10�6), pMHC
affinity was more determinative of the T-cell response than
pMHC-TCR affinity, which was apparent from vertical lines on
the plots (Fig. 5b and c).

(v) Internalization of activated TCR is inversely correlated
with different T-cell responses. We also examined trade-offs
between pMHC affinity and the rate constant for TCR inter-
nalization (Fig. 5d to f). While most parameters in the model
correlated consistently (either positively or negatively) with the
three different responses, the parameter for internalization of
free, activated TCR differed in that it was positively correlated
with one response, TCR internalization, and negatively corre-
lated with another response, IFN-� production (Fig. 5e to f and
Table 1). These correlations persisted up to a certain value for
the internalization rate constant (�1 h�1), above which other
processes, such as pMHC binding, became limiting (vertical
lines in Fig. 5e to f). These results were obtained under the
assumption that TCRs do not continue to signal after inter-
nalization, an assumption that has been challenged for TCRs,
as well as for other receptors (6, 39). If internalized TCRs were
assumed to continue signaling in the model, vertical trade-off
plots with pMHC affinity were observed and TCR internaliza-
tion had little effect on IFN-� production (data not shown).

DISCUSSION

A large body of epidemiological data links polymorphisms in
various host genes to increased susceptibility to TB (3, 15, 22).
However, there are no mechanistic explanations for how poly-
morphisms that have been identified increase susceptibility to
TB. We posed a fundamental question: How do polymor-
phisms in multiple genes acting simultaneously affect immune
functions, such as antigen presentation? For example, consid-
ering that IFN-� up-regulates MHC expression, could an allele
of IFN-� increase the number of MHC molecules per APC
enough to offset deficiencies exhibited by some HLA alleles in
binding epitopes from M. tuberculosis and elicit the same T-cell
response?

To examine these questions, we developed a multiscale
model of antigen presentation that links molecular and intra-
cellular events to cellular and multicellular outcomes. By vary-
ing parameters for IFN-� expression, pMHC binding, and
other processes, we were able to simulate changes in different
processes that result from genetic variation and to analyze the
sensitivity of antigen presentation and T-cell responses to these
changes. Sensitivity analysis showed that many of the processes
in the model had strong and comparable effects on the outputs.
For instance, both IFN-� expression (as represented by the
amount of IFN-� to which APCs were initially exposed) and

pMHC binding were found to significantly affect all outputs in
the model, both at the same spatial scale (i.e., intrascale, within
a single APC) and at different scales (i.e., interscale, at the
level of the T cell). These outputs included the number of
pMHC molecules appearing on the APC surface, the degree of
TCR internalization, and the amount of cytokine produced by
T cells (Table 1).

We then analyzed interactions between genetically variable
processes in more detail using trade-off plots which showed
how different pairs of values for two parameters may result in
the same output. We found that changes in some processes
may compensate for changes in other processes under certain
conditions that we were also able to determine from the trade-
off plots. For instance, within a certain range of concentrations
(10�10 to 10�6 M), variations in the amount of IFN-� to which
APCs were exposed exerted the same degree of influence as
variations in pMHC binding affinity in determining the T-cell
response (Fig. 4b and c). Outside this range, however, pMHC
affinity had a more dominant effect on the T-cell response,
minimizing the contribution of IFN-�. In primary cultures of
PBMCs restimulated with antigen, IFN-� has been detected at
concentrations of 10�11 to 10�10 M. At these concentrations
polymorphisms in MHC may mask the effect of polymorphisms
in IFN-�. This interaction may account for inconsistencies in
epidemiological studies that attempted to link IFN-� polymor-
phisms and TB susceptibility. In particular, the �874A poly-
morphism in the gene for IFN-� results in decreased IFN-�
expression (relative to the �874T variant) and has been asso-
ciated with susceptibility to TB in some but not all studies (45).
Could variability in peptide binding exhibited by different HLA
alleles mask the effect of IFN-� polymorphisms in such stud-
ies? Jepson et al. (25) found that variability in the immune
response to TB antigens was the result of variability in both
non-HLA genes (such as the IFN-� gene) and HLA genes.
Given the significant presence of HLA polymorphisms in hu-
man populations, our study suggests that the accuracy and
consistency of association studies could be increased by com-
paring the frequencies of concurrent pairs of polymorphisms
(such as IFN-� �874A/HLA-DRB1*1501) in TB patients
rather single polymorphisms alone. Thus, our analysis de-
scribed here provides a tool to not only rank the effects of
individual polymorphisms but also identify combinations of
polymorphisms of interest for association studies. For example,
one can construct, before genotyping, hypotheses about the
combined effects of specific polymorphisms.

We also found that polymorphisms need not affect the same
cell or even the same timescale (i.e., occur intrascale) to be
compensatory. Parameters affecting different scales (i.e., oc-
curring interscale) may be compensatory as well. For instance,
pMHC affinity and pMHC-TCR affinity exhibit a compensa-
tory relationship, although the former process affects APCs,
while the latter affects the interface between APCs and T cells.
Because TCRs are generated by somatic recombination, TCR
alleles do not exist in the human population, although an
individual can be expected to express a diverse set of TCRs,
each with a different affinity for a given pMHC ligand (12). The
importance of pMHC-TCR affinity in determining the T-cell
response has been demonstrated experimentally (41, 43). Pre-
vious models have suggested that an increase in pMHC-TCR
affinity can compensate for a decrease in pMHC affinity, but
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the conditions under which this relationship exists have not
been defined previously (1, 14). These conditions can be de-
fined using our plots, although verification of our results re-
quires experimental data that are more detailed than the data
currently available, namely, measurements of pMHC affinities,
pMHC-TCR affinities, and T-cell responses for the same set of
peptide, MHC, and TCR molecules.

In the future we hope to consider additional questions re-
garding genetic variability and the dynamic interplay between
host and pathogen. In addition to other polymorphisms in the
human host, including polymorphisms that may exist at larger
scales (e.g., polymorphisms affecting T-cell–dendritic cell con-
tact in the lymph node [31, 54]), the model may also be
amended to incorporate polymorphisms in M. tuberculosis
genes, a number of which have been observed (e.g., in the
PE-PGRS genes of M. tuberculosis, whose products are anti-
genic [65]). During the course of an infection, all of these
factors may play a role in determining whether the host is able
to respond successfully (for example, by displaying a sufficient
number of pMHCs to elicit a T-cell response) (13, 19). Plotting
all combinations of parameter values that result in this thresh-
old would yield a surface on a multidimensional trade-off plot
(shown on the conceptualized plot in Fig. 6 with two host-
specific parameters and one pathogen-specific parameter).
Above this surface all points would represent a successful im-
mune response (Fig. 6, point 1). During the course of an
infection, measurements could be obtained for these parame-
ters and then overlaid on the plot to reveal whether the host or
pathogen occupied a position of advantage. Given a series of
measurements, one possibility is that the host and the patho-
gen would appear to trade positions of advantage, similar to
what has been called a “cycle of antigen frustration” (46). Over
the course of such a cycle antigen production by M. tuberculosis

and antigen presentation by the human host are hypothesized
to expand and contract in response to each other. A series of
measurements would then trace a path on a multidimensional
trade-off plot, dipping above and below the threshold surface
(Fig. 6, points 2 and 3). In this way, models of the immune
response and trade-off plots made using these models, together
with experimental measurements of the relevant parameters
obtained during an infection, may help to test hypotheses re-
lated to TB, reveal the nature of latency, and suggest new
strategies for vaccine and therapy development. For example,
modulating two different steps during antigen presentation,
such as antigen processing and TCR expression, even by only
moderate amounts, may be sufficient to produce a dramatic
effect on T-cell activation.

In summary, the multiscale modeling approach taken here
offers a new means for both understanding the biology under-
lying genotype-phenotype associations and developing mecha-
nistic hypotheses for experimental validation. In addition, the
model provides a new method for ranking polymorphisms for
genotyping and for determining combinations of polymor-
phisms for genotyping in association studies.
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