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Quantitative Network Signal Combinations Downstream of
TCR Activation Can Predict IL-2 Production Response’

Melissa L. Kemp,>* Lucia Wille,”" Christina L. Lewis,* Lindsay B. Nicholson,*
and Douglas A. Lauffenburger>*"

Proximal signaling events activated by TCR-peptide/MHC (TCR-pMHC) binding have been the focus of intense ongoing study,
but understanding how the consequent downstream signaling networks integrate to govern ultimate avidity-appropriate TCR-
pPMHC T cell responses remains a crucial next challenge. We hypothesized that a quantitative combination of key downstream
network signals across multiple pathways must encode the information generated by TCR activation, providing the basis for a
quantitative model capable of interpreting and predicting T cell functional responses. To this end, we measured 11 protein nodes
across six downstream pathways, along five time points from 10 min to 4 h, in a 1B6 T cell hybridoma stimulated by a set of three
myelin proteolipid protein 139-151 altered peptide ligands. A multivariate regression model generated from this data compen-
dium successfully comprehends the various IL-2 production responses and moreover successfully predicts a priori the response
to an additional peptide treatment, demonstrating that TCR binding information is quantitatively encoded in the downstream
network. Individual node and/or time point measurements less effectively accounted for the IL-2 responses, indicating that signals
must be integrated dynamically across multiple pathways to adequately represent the encoded TCR signaling information. Of
further importance, the model also successfully predicted a priori direct experimental tests of the effects of individual and
combined inhibitors of the MEK/ERK and PI3K/Akt pathways on this T cell response. Together, our findings show how mul-
tipathway network signals downstream of TCR activation quantitatively integrate to translate pMHC stimuli into functional cell

responses.

ignaling through the TCR leading to cell decision pro-

cesses is determined in part by the affinity of the TCR for

its ligand. Affinities of TCR/ligand interactions can differ
by at least three orders of magnitude (1) and can correspondingly
elicit vastly different cellular responses. In mature T cells, high-
affinity TCR-peptide MHC (pMHC)* interactions can lead to T cell
activation, whereas low-affinity interactions are important for cel-
lular homeostasis and may be involved in antigenic signal ampli-
fication (2—4). Activation of T cells by altered peptide ligands
(APL) can also induce partial activation, hyperstimulation, and
anergy (5). Elucidating the complex molecular details underlying
ligand affinity discrimination by T cells is central to our under-
standing of both T cell-mediated immunity to pathogens and im-
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mune dysfunctions, such as and aberrant
immunosurveillance.

Cell fate responses to TCR ligation can vary with single residue
changes occurring on the peptide at the ligand-receptor interface.
Upon TCR engagement, changes in the ITAM phosphorylation
patterns (6, 7) activate multiple interconnected signaling pathways
(8, 9) (illustrated in Fig. 1A). Propagation of stimuli from the re-
ceptor results in T cell activation and nuclear localization of AP-1,
NFAT, NF-«kB, and Oct-1 transcription factors. One early marker
of T cell activation is IL-2 production. AP-1, NFAT, NF-«kB, and
Oct-1 transcription factors are all known to bind to the IL-2 pro-
moter region (10).

A growing body of work has focused on proximal TCR signal-
ing events to individual downstream pathways to elucidate mech-
anisms of ligand affinity discrimination (3). However, there exists
little understanding about how the dynamic state of the multipath-
way network activated by TCR signaling, as well as by costimu-
latory cues, may explicitly encode the information crucial for the
ultimate cell behavioral responses governed discriminatorily by
TCR ligation events. It is worth noting that recent studies in other
areas of cell biology have ascertained that quantitative combina-
tions of nodes in multiple downstream pathways across a signaling
network distal to initiating receptor activation integratively repre-
sent the receptor-mediated information governing cell phenotypic
behavior (11-13). In this study, we propose that in the context of
TCR stimulation, activation states quantitatively encoded by the
signaling network define regulatory aspects for a T cell cytokine
production response.

To test this hypothesis, a T cell hybridoma line was stimulated
with APL and a quantitative data set of both signaling dynamics
and cellular response data was generated across the full set of APL
treatments. IL-2 production was chosen as a relevant cell func-
tional response, and signaling network nodes were defined on the
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FIGURE 1. T cell hybridoma system with APL elicits hierarchical cel-
lular responses. A, Schematic of major signals involved in transduction of
ligand binding events at the TCR resulting in transcription factor activa-
tion. Proteins measured in the data set by phospho-specific Western blot-
ting are colored in gray (Akt, JNK, p38, ERK), proteins measured by
kinase activity assays are shown in pink (MK2, IKK«p), and NFAT de-
phosphorylation and nuclear translocation as measured by pan-NFATc2
Western blotting in purple. B, Percentage of dead cells as quantified by
propidium iodide exclusion 24 h poststimulation with control (black sym-
bols), Q144 peptide at 4 ug/ml (blue), Y144 peptide at 4 wg/ml (green),
and L144 peptide at 0.4 and 4 ug/ml (red). C, Cumulative IL-2 levels
produced 4 h poststimulation as detected in culture medium under the same
conditions as B. Error bars represent SDs of triplicate ELISA measure-
ments on a single sample. Peptide stimulation conditions including the no
peptide and Q144 conditions were measured by triplicate experiments.

basis of prior literature knowledge. Because our integrative sys-
tems approach of quantitative measurement of multiple protein
signaling components across multiple cell treatment cue conditions
requires relatively large cell numbers, this initial proof-of-concept
study was conducted with a T cell hybridoma cell line. To gain
predictive capability and biological insights from this multivariate
data compendium, we used a high-level computational modeling
approach (14, 15), partial least squares regression (PLSR) analysis,
to understand the relationship between ligand avidity, downstream
signaling dynamics, and IL-2 production. PLSR analysis is a mul-
tivariate regression technique that can relate a data set of predictor
variables (signaling measurements) to a response variable (IL-2
production) without prior knowledge of—or assumptions about—
network structure. This method of linear multivariate statistical
modeling has been used successfully to understand signal-response
relationships in complex cell decision processes such as apoptosis
(12, 16, 17). In this study, we demonstrate through a model hy-
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bridoma system that this approach can be used successfully to
understand the relationship between the strength of ligand-receptor
interaction and consequent signaling pathways triggered by TCR
engagement.

Materials and Methods
Cell line

The 1B6 T cell hybridoma was generated in the laboratory of Vijay
Kuchroo by fusion of the 1B6 T cell clone (18) with the TCR-negative
fusion partner BW1100. Following fusion, positive hybrids were identified
by measuring growth inhibition in the presence APCs and L144 peptide vs
control peptide. Positive cells were subcloned using limiting dilution at
least twice.

Cell culture conditions

DAS and 1B6 hybridomas were cultured in RPMI 1640 with glutamine
(VWR), 10% FBS (HyClone), penicillin (100 U/ml), streptomycin (100
mg/ml), nonessential amino acids (1X), HEPES (10 mM), and sodium
pyruvate (1 mM) (all VWR).

Lysis preparation

DAS cells (B7.1-positive fibroblasts transfected with I-A®) (19) were
grown to confluence on Nunc-coated omni trays (Nunclon).
Q144 (HSLGKQLGHPDKF), Y144 (HSLGKYLGHPDKF), L144
(HSLGKLLGHPDKF) peptides (Anaspec) were added at concentrations
indicated to DAS medium 4—12 h before addition of T cells; 107 1B6
hybridoma cells were added to DAS plates, which were centrifuged at
1,000 rpm for 1 min, and incubated at 37°C. Supernatant was transferred to
4 vol of ice-cold PBS and centrifuged at 3,000 rpm for 1 min. The cells were
lysed in buffer (20) modified to 2% Triton X-100 on ice for 20 min. After
centrifuging at 14,000 rpm for 10 min at 4°C, the soluble fraction of lysate was
collected (cytosolic extract), and protein concentration was determined using a
MicroBCA protein assay kit (Pierce). The pellet was resuspended in 420 mM
NaCl, 20 mM HEPES (pH 7.9), | mM EGTA (pH 8.0), | mM EDTA (pH
8.0), 1 mM sodium orthovanadate, 1 mM DTT, 1 mM PMSF, 10 ug/ml
aprotinin, 10 pug/ml leupeptin, 1 ug/ml pepstatin, and 1 pg/ml microcystin LR.
The pellet was sonicated for 1 min followed by 3 min on ice, repeated 6 times,
followed by centrifugation at 14,000 rpm for 30 min at 4°C.

Inhibition

PD098059, LY294002 (DMSO stock; Calbiochem), cyclohexamide (EtOH
stock; Sigma-Aldrich) was diluted to working concentration in medium.
1B6 cells were preincubated in PD98059 and/or LY294002, and cyclohex-
amide for 30 min before stimulation with peptide-loaded DAS cells.

Real-time PCR

1B6 cells were stimulated for 0, 1, 2, 3, or 4 h with 4 wg/ml L144 peptide-
loaded DAS cells. Total RNA was isolated and purified using TRIzol re-
agent (Invitrogen Life Technologies) and RNeasy kit (Qiagen) according to
manufacturer’s instructions. cDNA was generated from 400 ng of DNase-
treated total RNA using random hexamer primers and Ominscript reverse
transcriptase (Qiagen). Real-time PCR was performed using a CHROMO4
detector (MJ Research) on 0.5 ul cDNA in 25 ul of reaction volume con-
taining SYBR Green universal PCR master mix (Qiagen) using primers for
IL-2 and B-actin (Operon Biotechnologies) and thermal cycling conditions
according to Aube et al. (21). To extrapolate Ct values, a manual threshold
was set in the Opticon Monitor 3 software package (MJ Research) and kept
consistent across all samples. Following real-time PCR, a melting curve
was performed from 50-90°C to insure the uniqueness for product and
absence of primer dimers. All samples are normalized to B-actin mRNA
levels within sample.

Quantitative Western blotting

For SDS-PAGE, lysates were diluted to either 2 mg/ml or 4 mg/ml, re-
ducing Laemmli-SDS sample buffer was added, and samples were boiled
for 10 min. Forty or 80 ug of lysate was loaded per well. Each sample was
loaded in triplicate wells and for normalization purposes, each gel con-
tained duplicate lanes of a positive control sample. After electrophoresis,
samples were transferred to polyvinylidene difluoride membrane and
blocked with 3% BSA in TBST. Blots were visualized and quantified
using a Kodak Image Station 1000. The net intensity of individual
bands was determined and normalized to the net intensity of the average
of the positive control bands. Triplicates were then averaged and fold
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Table I. IL-2 mRNA response in 1B6 cells stimulated with 4 wg/ml L144 peptide measured by

real-time PCR"

Time (h) 0 1
IL-2 mRNA 1.01 = 0.15 10.65 = 1.51

2 3 4
593 +1.27 10.04 = 1.80 9.86 = 1.99

“ Values were measured in triplicate and are normalized to the zero time point = SD.

activation determined by normalization to the zero time point. Anti-
phospho-p44/42  (Thr*°?/Tyr***), anti-phospho-SAPK/IJNK (Thr'®/
Tyr'®%), anti-phospho-p38 (Thr'®%/Tyr'®?), anti-phospho-Akt (Ser*’?)
were obtained from Cell Signaling Technologies, and anti-rabbit HRP was
purchased from Santa Cruz Biotechnology.

Kinase activity assays

MK?2 and IkB kinase (IKK)af activities were determined by a custom
multiplex kinase assay (20) with the following modifications: For the MK2
assay, protein A microtiter strips (Pierce) were coated with anti-MK2
(StressGen Biotechnologies), and the reaction was allowed to proceed for
1 h. For the IKKaf assay, 500 ug of total lysate protein was incubated in
the Ab-coated wells overnight. Data were normalized by the value quan-
tified for the zero time point for fold activity.

NFAT Westerns

NFAT phosphorylation and localization was measured by resolving 22 ug
of sample protein (boiled for 10 min in sample buffer) on 5% polyacryl-
amide gel, alternating cytosolic and nuclear fractions in the lanes. Mem-
branes were blocked with 3% BSA in TBST followed by incubation with
NFATc2 Ab (Santa Cruz Biotechnology) at a 1/500 dilution. Ratios of
dephosphorylated bands to phosphorylated bands in each lane were
determined.

IL-2 ELISA

Supernatant was collected after 4 h and analyzed using quantitative sand-
wich ELISA for mouse IL-2 (BD Biosciences).

Data processing and modeling

The compiled data matrix was transformed by the equation y = log10(x +
1) where x is a measured value, to account for a skewed distribution of
experimentally measured values. The column transformed data were then
mean-centered and scaled by unit variance. PLSR analysis was performed
in SIMCA-P (Umetrics). The data set was divided into two matrices: Y €
R'>*! consisting of IL-2 measurements, and X € R'>**” denoting the mea-
sured protein signals. The PLSR algorithm successively finds linear com-
binations of the predictor variables that have maximum covariance with the
response variables, so that each linear function is uncorrelated with previ-
ous ones (22). PLSR can accommodate data sets that are not fully complete
(i.e., yielding matrices that are not of full rank), provided the missing
values are randomly distributed. For more detailed description on PLSR
modeling we refer to a previous explication (22).

Results

Peptide avidity defines cellular response

In T cells containing the 1B6 TCR, the three altered peptides we
use have been shown to affect proliferation, cytokine production,
and anergy hierarchically (18, 23, 24). The APLs are based on the
autoantigen myelin proteolipid protein peptide 139-151 with a
single amino acid substitution at position 144 from tryptophan to
glutamine, tyrosine or leucine. All three peptides bind MHC class
II with equivalent affinities (18). We assayed apoptosis induced by
different concentrations and avidities of APLs in T cell hybridomas
(25) that express the 1B6 TCR. DAS APCs were pulsed with pro-
teolipid protein APLs Q144, Y144, and L144 for 4-12 h before
addition of 1B6 cells. After 24 h, apoptosis of 1B6 cells was mea-
sured via propidium iodide incorporation (Fig. 1B). Prior experi-
ments with annexin V and propidium iodide double staining con-
firmed that cell death through peptide stimulation occurs by
apoptosis (data not shown). 1B6 cells stimulated with L144 pep-
tide showed >85% cell death at both peptide concentrations mea-

sured, the Y144 peptide induced 53% cell death at 4 ug/ml,
whereas the Q144 peptide at 4 ug/ml induced cell death at levels
similar to the no peptide control (Fig. 1B).

IL-2 secretion has been previously reported in the literature to
serve as an appropriate marker of T cell activation in T cell hy-
bridoma lines; this response is specific to TCR stimulation, with
quantitative differences in IL-2 levels observed with different pep-
tide binding (26, 27). In the 1B6 hybridoma cells, the levels of IL-2
production from stimulation with the various peptides correlated
with the apoptotic responses (Fig. 1C). IL-2 production was mea-
sured after 4 h of peptide stimulation. High levels of IL-2 were
present in the medium of 1B6 cells stimulated with L.144 peptide
and low levels of IL-2 were present in the medium of cells stim-
ulated with Y144. IL-2 in the supernatant was below the detection
limit in cells stimulated with Q144 peptide.

To determine whether IL-2 production is transcriptionally reg-
ulated following peptide stimulation, IL-2 mRNA levels were
measured using quantitative RT-PCR (Table I). 1B6 hybridomas
stimulated with L144 peptide showed increased levels of IL-2
mRNA after 1 h of stimulation and remained elevated for the du-
ration of the experiment. To determine whether IL-2 production is
regulated at the level of protein translation following peptide stim-
ulation, 1B6 cells were stimulated with L144 peptide in the pres-
ence of cyclohexamide (Table II). IL-2 production in cyclohex-
amide-treated samples is reduced to levels comparable to no-
stimulation controls. These results are consistent with IL-2
production in 1B6 hybridomas being regulated at the level of both
transcription and translation following peptide stimulation.

Peptide avidity determines activation dynamics of downstream
multipathway signaling network

To learn how the avidity of the TCR for the pMHC might be
encoded within these signaling pathways, we measured the acti-
vation levels of key signaling molecules known to be important for
IL-2 production in T cells (highlighted molecules in Fig. 14). Of
the IL-2 promoter elements, we measured the nuclear translocation
of one directly (NFAT), and measured activation/phosphorylation
of kinases upstream of others (IKK«f for NF-kB, JINK, ERK1/2,
and p38/MK2 as activators of AP-1). To generate a self-consistent,
multivariate data set (17, 20), all protein activation measurements
(Fig. 1A) were obtained from a single lysate containing in excess
of 40 X 10° cells per stimulation condition and time point. Lysates
generated from the APCs after coculture with the 1B6 T cells show
no change in the activation state of signaling molecules measured

Table II. IL-2 ELISA of supernatant 1B6 cells stimulated with 4 p.g/ml
L144 peptide in the presence of cyclohexamide”

IL-2 (ng/ml)

Without cyclohexamide With cyclohexamide

No peptide

L144 (4 mg/ml) 0.810 = 0.305 0.007 = 0.001

“ No peptide conditions resulted in IL-2 values below the level of detection. Val-
ues = SD of quadruplicate measurements.
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(data not shown), confirming that the dynamic time courses rep-
resent changes in T cell signaling states. The end point cellular
response measurement was the level of IL-2 production in the
supernatant collected from the plate at 4 h. In total, we measured
five peptide stimulation conditions and one no peptide control con-
dition for 11 predictor signals at six time points, and one response
variable (IL-2) at the final 4-h time point. To account for biological
variation within the data set, each stimulation condition was rep-
licated on three different days and triplicate experiments were en-
tered into the model as separate observations (Fig. 2A). In a few
cases, we were unable to accurately quantify signals on a lysate
(Fig. 2A, gray squares). These data points were not excluded for
statistical reasons, rather the bands on the membrane were unquan-
tifiable for technical reasons. The final data matrix contained
~1,200 independent measurements. To our knowledge, this is
the first time that such a broadly distributed array of signals
across multiple pathways has been analyzed systematically and
concurrently for a clonal TCR line activated by peptide ligand
stimulation.

Two illustrative examples of the dynamic time courses of these
signaling measurements are shown in Fig. 2B. The replicate time
course measurements for ERK2 and Akt are each compared across
the three different peptides all at a concentration of 4 ug/ml. The
curves in these plots follow similar dynamics for the various pep-
tide conditions, differentiated mainly by quantitative magnitudes
of the various peaks. Perusal of the other signaling nodes in Fig.
2A indicates that the left-to-right time courses for a given node
seem to be at least roughly similar in profile going down the cor-
responding peptide treatment column. Thus, within the context of
this experimental system, the effects of the various APL appear to
be mainly on the relative magnitudes of the dynamic activation
profiles of the signaling nodes sampled here. This finding may
reflect in explicit, quantitative fashion the fact that the signaling
measurements examined here largely represent nodes downstream
of the TCR triggering processes. Qualitatively different signatures
of membrane-proximal signaling markers have been observed
upon T cell stimulation by APLs; e.g., differences in patterns of
TCR {-chain phosphorylation have been found (28). Such differ-
ences could be expected to be less prominent for downstream sig-
naling nodes if the APLs considered all stimulate membrane-prox-
imal signaling that exceeds a threshold.

<O pErk2  —@— p-Akt

Information content of signaling network data compendium
accounts for IL-2 production responses across APL set

Our objective in this work was to explore the hypothesis that the
strength of the TCR stimulus is encoded within the signaling dy-
namics of the network downstream of TCR activation. If the levels
of IL-2 production are indeed encoded within the signaling dy-
namics then it is feasible to construct a model capable of predicting
the IL-2 production data in Fig. 2A from quantitative combinations
of the signaling data. PLSR analysis is particularly useful for the
analysis of biological data because it can handle noisy, collinear,
and incomplete variables (16). This technique permits determina-
tion of the dependence of response variables (IL-2 production) on
quantitative combinations of a key subset of predictor variables
(the dynamic signals). These combinations are termed principal
components and can be thought of as “weighted” signals, whereas
the predicted response is made in terms of “loadings” applied to
the principal components.

A PLSR model built on the above described signaling measure-
ments and response variables converged at two principal compo-
nents. The two-principal component model is capable of fitting
IL-2 concentrations from the input data with a line y = 1.19x +
0.06 and a regression coefficient (defined as R?Y; see Materials
and Methods) of 0.97. As mentioned, these principal components
are linear combinations of predictor variables, posing a potential
challenge for highly connected biological pathways where nonlin-
earities may be present in the system. We examined the potential
benefit of including nonlinear terms to the model, as described
previously (16), but found that these additional terms did not en-
hance the model’s ability to explain data variance; in fact, they
decreased the regression coefficient by amplifying noise in the data
matrix (data not shown). This suggests that a linear PLSR model
can describe the highly nonlinear TCR pathway, from the activa-
tion state of signaling molecules to an IL-2 output. A linear PLSR
model has previously been shown to describe the apoptotic re-
sponse network (12, 16, 17).

To determine how individual samples (defined as all measure-
ments for a replicate of a given stimulation condition) influence the
model’s IL-2 prediction, samples from different experimental con-
ditions can be mapped onto the two principal components via their
scores. Individual samples that fall close to the IL-2 response are
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FIGURE 3. PLSR modeling distinguishes cues and signals associated
with IL-2 production through a reduction in dimensionality. A, The scores
plot of the contributions of individual experiments to the trained model
separates experimental conditions that produce IL-2 from those that do not.
Symbol colors are control (black symbols), Q144 peptide at 4 pg/ml (blue),
Y144 peptide at 4 pg/ml (green), and L144 peptide at 0.4 and 4 pg/ml
(red). B and C, The loading scatterplot of weights projects the response
variable, IL-2 (large red diamond), on the same plot as the contributions of
a subset of predictor variables: ERK1, ERK2 signals (B); Akt signals (C).
A complete mapping showing the full set of variable weights can be ob-
tained from the corresponding author.

more heavily weighted by the model for IL-2 prediction and sam-
ples that cluster together have similar information content. When
individual samples of the TCR response data set are mapped onto
the two principal components via their scores, IL-2 producers can
be discriminated from non-IL-2 producers on the first principal
component (Fig. 34). L144 conditions, the substantive IL-2 pro-
ducers, scored almost exclusively positive on the first principal
component while non-IL-2 producers scored negative on the first
principal component; this discrimination was found to be highly
significant (p < 0.001) by a two-tailed Welch’s  test (df = 13). In
contrast, the second principal component loadings are not statisti-
cally different between these two groups, so we can infer that the
quantitative combination of signals captured within the first prin-
cipal component represents an integrative “on-off switch” predom-
inantly governing IL-2 production. At the same time, the second
principal component was found necessary for generating an op-
timal model, suggesting that additional information does reside
within this component—perhaps “fine-tuning” the magnitude of
IL-2 production. Thus, although both principal components one
and two work together to specify IL-2 production levels, Fig.
3A shows a nontrivial distinction between their respective
contributions.

In a manner analogous to determining the influence of an indi-
vidual sample on the PLSR model, one can determine the influence
of individual predictor signaling variables on IL-2 prediction. For
instance, “Akt at 30 min” defines one such variable. Signals that
map close to the IL-2 response position are more highly correlated
with IL-2 than are signals that are close to the origin. Signals with
large values on either axis are heavily weighted in the respective

NETWORK SIGNALS PREDICT IL-2 RESPONSE

principal component. To determine how individual predictor sig-
naling variables influence the IL-2 prediction, these variable
weights were plotted onto the two principal components based on
their contributions to the principal component (Fig. 3, B and C).
Signals with large weighted contributions influenced the model to
a greater extent than signals that were close to the origin, whereas
signals with negative values were inversely related to the response
variable (Fig. 3, B and C; the complete mapping can be obtained
by contacting the corresponding author). Both ERK1 and ERK2
were heavily weighted at multiple time points (Fig. 3B). This is
consistent with expectations, because ERK is thought to be a major
contributor to cellular outcome in response to TCR signaling.
More surprisingly, Akt also emerged as even more strongly pos-
itively weighted on both the first and the second principal com-
ponents (Fig. 3C). Although Akt has been shown to be activated
downstream of the TCR and is known to contribute to costimula-
tion, a precise functional role for Akt in TCR signaling has not
been reported. Because of the unexpected influence of Akt on both
components in the model, we asked whether costimulation signif-
icantly contributed to activation of the sampled signaling mole-
cules. We found that the 1B6 cell line does not exhibit noticeable
changes in IL-2 when potential CD28/CTLA-4 interactions are
blocked with a CTLA-4/Fc fusion protein, nor are changes in anti-
CD3-induced apoptosis observed in the presence of anti-CD28
(data not shown), suggesting that the observed influence of Akt in
the model is due to primary TCR signaling.

Finally, the weighting of JNK was found to be distributed
widely and relatively mildly across both principal components;
moreover, its relationship to IL-2 production appeared to roughly
colocalize with that of the dephosphorylation-to-phosphorylation
ratio of cytosolic and nuclear NFAT (data not shown). This colo-
calization may reflect an established molecular mechanism that
JNK can directly activate NFAT-driven transcription (29), and the
widely distributed weighting may correspond to the complex mod-
ulation of IL-2 production by the dynamic shuttling of NFAT be-
tween cytosolic and nuclear compartments.

Information content of signaling network model is sufficient for
a priori IL-2 predictions—additional TCR stimulation condition

We sought to determine whether the biological information cap-
tured in the model is capable of predicting IL-2 production for a
new stimulation condition. 1B6 T cells were treated with a new
condition, 0.04 wg/ml L144 peptide, and the protein signaling vari-
ables were input into the model (Fig. 4A). The model was then
used to predict IL-2 production based upon the signal/response
relationships derived from the trained model. Fig. 4B shows the
linear regression fit between experimentally measured IL-2 values
and the fitted model IL-2 values for the trained model described by
Fig. 3A (black, blue, green, and red symbols). On the same graph,
the experimentally measured IL-2 values vs the predicted IL-2
values (yellow symbols) are plotted for the data in Fig. 4A. The
model performs very successfully for two of the samples, predict-
ing IL-2 concentrations within 2% and 18% of the experimentally
measured values. For the third sample, model performance was
less tight but nonetheless predicted IL-2 concentration to within a
factor of 2.

To investigate whether a model trained on measurements of a
single signaling protein (with full time course; Fig. 5, A and B) or
at a single time point (across the full set of proteins; Fig. 5, C and
D) could adequately predict IL-2 production, we constructed dif-
ferent models from restricted subsets of our data. We evaluated the
quality of each model by three metrics: the fit to IL-2 (R*Y; a value
near 1 is desired), the fraction of variation in IL-2 measured by
cross validation (Q?Y; a value near 1 is also desired), and the sum
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FIGURE 4. A priori prediction of a new
stimulation condition using previously trained
model. A, Heat map of the signals from new ob-
servations used for prediction. Color scale and B
data processing is identical to Fig. 2A. B, Fitted
vs measured IL-2 production for the trained data
(black, blue, green, and red symbols represent-
ing control, Q144, Y144, and L144 peptide, re-
spectively) and predicted data (yellow symbols).
Error bars represent SE of the predicted values
as calculated by the sum of squares of the resid-
uals of the training data divided by the number
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of errors in the three a priori predictions (XDmodY; a value near
zero is desired).

The optimal full model exhibited a value of 0.94 for R%Y, 0.57
for Q%Y. and 2.04 for DmodY. By comparison, the best-perform-
ing single-component model arose from that constructed on ERK2,
with slightly improved Q®Y and ZDModY of 0.6 and 1.58, re-
spectively, but a far less optimal R?Y of 0.81 (Fig. 5, A and B). All
other single-protein models performed worse than the ERK2
model. Although Akt had been found to be a primary informer in
the full model, an Akt-only model performed poorly by itself, pro-
ducing an R?Y of 0.62. We can conclude then that a satisfactory
model relating signals downstream of TCR activation to IL-2 pro-
duction requires a quantitative combination of measurements
across multiple pathways. This conclusion is reasonable in light of
the necessity for multiple transcription factors regulated by the
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FIGURE 5. Iterations of modeling using subsets of X variables indicate

that no model outperforms others for all descriptors. A and C, Regression
coefficients (R?Y) and cumulative fraction of the total variation in IL-2
(Q%Y). B and D, Deviation from regression line as calculated by the root
square distance summed across the three a priori observations. A and B,
Single protein models across all time points. C and D, Single time point
models across all proteins measured.

diverse pathways to bind in combinatorial fashion to the IL-2 pro-
moter region.

To address the inclusion of time course data, models were also
constructed across the signaling proteins at a single time point
(Fig. 5, C and D). The large number of + = 30-min variables
identified to be heavily weighted in the full model suggested that
a model using only 30-min measurements of the 11 signaling pro-
teins might perform well. An R*Y = 0.90 was indeed found for a
model containing only 30-min predictor variables, but the predic-
tive ability of the model was low as evidenced by the large value
of XDmodY = 7.5. Models built using other single time points
performed better than the ¢ = 30-min model for XDmodY but at
the expense of a lower R?Y. As with the single protein models,
inclusion of measurements at multiple time points was required for
optimal model prediction. These simulation results indicate that
predictive information encoded in the various signaling pathways
may differ temporally in kinetic rates of propagation of informa-
tion relevant to IL-2 production. Therefore, we conclude that to
most effectively capture the critical features of network operation,
dynamic measurements and measurements across multiple signal-
ing pathways are required.

Information content of signaling network model is sufficient for
a priori IL-2 predictions—effects of MEK/ERK and PI3K/Akt
pathways, individually and in combination

We have so far demonstrated that a univariate model (i.e., one in
which only a single signal, such as ERK or Akt, is included by
itself) cannot effectively predict the IL-2 response. But, because
most typically therapeutic agents are aimed at individual signaling
components, we can ask whether our multivariate model (in which
the full complement of multiple pathway information is included)
can successfully predict the net effect of a single-target (e.g., ERK
or Akt) inhibitory drug on the ultimate cell response. Because ERK
has a well-established role in propagating TCR signals and is
heavily weighted on the first principal component, we examined
the predicted effect of inhibiting ERK on IL-2 production. In ad-
dition, we examined the predicted effect of inhibiting Akt on IL-2
production because the optimal model relied especially heavily on
Akt in both the first and the second principal components. Simu-
lated time courses were generated by computationally reducing the
levels of either ERK or Akt phosphorylation by 25, 50, or 75%
across all time points while keeping all other predictor variables
unchanged. We modified four signaling time courses: two L144 4
mg/ml observations used in the training set and two L144 0.04
ng/ml observations used in the a priori prediction. The PLSR
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FIGURE 6. Successful a priori model prediction of effects of inhibitors
of MEK/ERK and PI3K/Akt pathways on IL-2 production. A, Model slope
is generated by simulated inhibition of Akt signals to 75, 50, and 25% of
the original values. Experimental slope of decreased IL-2 in response to
L144 4 pg/ml peptide in the presence of 25, 50, and 75% phospho-Akt
inhibitory concentrations of LY294002, normalized to control. Error bars
represent = SD of triplicate experiments. B, The model slope of ERK1/2
simulated reduction on IL-2 and experimental slope for IL-2 reduction as
in A for the MEK/ERK inhibitor PD98059. C, Negative slopes of model
predictions compared with experimentally determined slopes for ERK,
Akt, and ERK in combination with Akt.

model was then used to predict IL-2 production for the new ob-
servation based upon the altered ERK or Akt signals (Fig. 6, A and
B). Reduced IL-2 production levels were predicted to be tightly
correlated with both reduced ERK and reduced Akt phosphoryla-
tion. The predictions indicate that Akt inhibition will affect IL-2
production levels to a greater extent than ERK inhibition. The
effect on IL-2 production of ERK inhibition can be described by a
slope of —0.28, and Akt inhibition can be described by a slope of
—0.83. Furthermore, the model predicted an unanticipated nega-
tive synergy between the ERK and Akt contributions to governing
IL-2 production: reducing ERK and Akt levels by the same de-
grees simultaneously is predicted to yield a smaller effect on IL-2
than the sum of the individual ERK and Akt reductions (Fig. 6C).

To test these a priori model predictions directly, we experimen-
tally measured IL-2 levels under conditions of ERK and Akt in-
hibition using small molecule inhibitors and compared these val-
ues to the corresponding PLSR model predictions. An
experimental dose-response curve was created for inhibition of
MEK/ERK by PD98059 and PI3K/Akt by LY294002 (data not
shown). 1B6 cells were preincubated with either PD98059,
LY294002, or a combination of the two, followed by a 30-min
stimulation with 4 wg/ml L144 peptide. Cell lysates were analyzed
for phosphorylation state of the inhibition target. PD98059 was
found to inhibit ERK phosphorylation with an ICs, of 0.7 uM for
ERK1 and 3.1 uM for ERK2. Akt phosphorylation was inhibited
by LY294002 with an ICs, of 1.3 uM. To assess the effect of
reduced ERK activity on IL-2 production, we inhibited ERK phos-
phorylation levels by concentrations 0.6, 1.7, and 5 uM based
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FIGURE 7. Example comparison of alternative models for prediction of
MEK/ERK pathway inhibitor effect on IL-2 production. Experimental data
of IL-2 production in response to L.144 4 ug/ml peptide in the presence of
25, 50, and 75% phospho-ERK inhibitory concentrations of PD98059,
compared with predictions (with simulated inhibition conditions as de-
scribed for Fig. 6) from the full multivariate model and alternative models
comprising ERK1/2 alone, Akt alone, or only ERK1/2 and Akt together.

upon the above determined dose response and measured 4 h IL-2
production under these conditions (Fig. 6, A and B). As antici-
pated, we observed a tight correlation between measured IL-2 lev-
els and ERK inhibition levels, described by a slope of —0.58.
Similar experiments using the Akt inhibitor LY294002 at 25, 50,
and 75% inhibition (0.5, 1.3, and 5.2 uM, respectively) validated
the model-predicted dependence of IL-2 production on Akt phos-
phorylation levels, with an experimental slope of —1.22. More-
over, as predicted by the model, the slope of Akt inhibition is
steeper than that of ERK inhibition. Also as predicted, the decrease
in IL-2 due to the combination of ERK and Akt inhibitors was less
than the sum of individual inhibitions (Fig. 6C). Finally, we note
that analogous but univariate models based on only an individual
signal such as ERK or Akt, as statistically characterized in Fig. 5,
are not as effective as the full multivariate model in predicting
these drug inhibition effects on IL-2 (see Fig. 7).

Discussion
By examining the relationship between the activation state of the
multipathway signaling network downstream of TCR-pMHC en-
gagement and associated levels of IL-2 production, for APL pos-
sessing diverse TCR binding avidities, in an integrative systems
manner, we are able here to provide new insights concerning net-
work-wide information processing from TCR/ligand binding to ul-
timate cell functional responses. Previous work on TCR ligand
discrimination has focused on molecules proximal to the TCR; by
moving distal from the receptor we have gained a better under-
standing of how the consequent dynamic state of the TCR signal-
ing network integrates molecular activation dynamics to govern an
important T cell phenotypic response. Capturing the multiple ac-
tivation states generated by a signaling network through an appro-
priate computational model has been recently shown to be an es-
pecially effective approach to understanding complex biological
information processing in other cell biology contexts (11-13).
We chose a TCR/APL system that is well suited to probe the
relationship between peptide ligand strength and signaling dynam-
ics due to a multiple-ligand repertoire that can alter the magnitude
of an IL-2 response. Another interesting question would have been
to compare the signaling difference between agonist and antagonist
peptides. However, with the 1B6 system we were limited to study-
ing agonist peptides because antagonist peptides for this system
have not been identified. The cytokine output was selected because
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of the well-defined IL-2 promoter region and the detailed knowl-
edge of its transcription factor recruitment. An attractive next step
would be to determine how primary cells integrate signals from
costimulatory molecules to regulate IL-2 production and other fac-
ets of T cell activation. A limitation of the current study is the use
of a hybridoma system capable of an IL-2 production response in
the absence of costimulatory signals, but we believe that our suc-
cessful proof-of-concept study strongly motivates a next attempt to
move our approach into primary cell studies. Another beckoning
line of inquiry is understanding how the more well-understood
TCR-proximal events propagate to quantitatively determine the
consequent downstream dynamic signaling network state, which
integratively governs T cell functional responses.

Our findings tangibly illustrate the crucial requirement for quan-
titative and dynamic integration of multiple dynamic signaling
pathway activities downstream of TCR triggering for operational
translation of membrane-proximal ligand affinity effects into cell
functional responses such as IL-2 production. We were motivated
to measure time courses by previous reports indicating the impor-
tance of ERK dynamics in cell decision processes (30) including T
cell development and function (31, 32). Our modeling iterations
demonstrate the information gain by inclusion of multiple time
points. Furthermore, the biological significance of multiple tran-
scription factors converging at the IL-2 promoter is reflected by the
enhanced predictive power of a model consisting of multiple path-
ways simultaneously compared with a single molecule model. This
suggests a productive avenue for exploring potentially increased
efficiency of multitarget modulation of IL-2 for anti-inflammatory
therapeutics and graft rejection.

Our study successfully used a multivariate linear regression
model to relate signaling measurements to IL-2 production. The
success of the linear regression in our study may reflect the lack of
qualitative differences for downstream pathway activation by the
different agonist peptides. However, previous work using PLSR
has been successful in other receptor signaling pathways in which
different ligands elicit binary phenotypic responses (11), suggest-
ing that the lack of a threshold response in our system is not a key
determinant for the success of linear regression modeling. It may
be that the most dramatic nonlinearities will be seen in the cue-
signal facet of the overall cue-signal-response paradigm, whereas
the signal-response facet is more linear (15-17). Cue-signal rela-
tionships may need to be nonlinear because the upstream stimu-
latory cue effects typically “fan out” across multiple pathways. The
signal-response relationships can be effectively approximated in
terms of multilinear models because the downstream signals are
integrating information across these pathways to cell phenotypic
operations (17). We note that our studies involve cell population-
averaged measurements, so a quantitative projection to similar net-
work integration of receptor/ligand cues in individual cells remains
uncertain; however, previous results in another system have shown
that relationships of signals to responses can translate satisfactorily
at least to behaviorally distinct subpopulations (12).

Although Akt is not presently known to directly activate the
known IL-2 transcription factors, through our computational mod-
eling the novel finding emerged that Akt phosphorylation levels
played a leading role in accurate prediction of an IL-2 response, in
context of the other key principal component signals, in a manner
similar to a well-established IL-2 regulator, ERK. Prior work has
noted association of costimulation-dependent IL.-2 production with
Akt activation (33); this may explain our observation where a
strong agonist overcomes the requirement for costimulation by ac-
tivating Akt, resulting in IL-2 production. Significantly, the model
was able to predict a nonadditive effect between MEK/ERK and
PI3K/Akt that diminished further reduction of IL-2 production by
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the combinatorial inhibition of both pathways. It is possible that
our results in which Akt emerged as a major indicator of TCR-
induced IL-2 production are due to the concerted influence of
PI3K/Akt on NF-kB, NFAT, and AP-1 activation (33-39), con-
sistent with our findings that combinatorial contributions of sig-
naling pathways determine a cellular decision process.
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