








that first cluster genes across a set of experiments and then analyze
these refined subsets for functional enrichment, TF activity, etc.
(16, 34, 35). It also differs from the straightforward approach of
treating each time point independently, because the entire time
series is used to determine the point of initial upregulation.

Transcriptional regulators. The activation of the antiviral response
is complex and involvesmany viral and cellular determinants. Due to
the high level of correlation we found between samples and the
careful temporal progression it implied, we analyzed the underlying
regulatory controls in a temporal succession. Starting from the 1351
upregulated genes, we considered sets of genes that were first dif-
ferentially expressed at each time point separately and attempted to
infer the TFs involved in regulating them. Transcriptional regulators
for each time slice were identified by testing for statistical enrich-
ment of their putative targets (as described in Materials and
Methods). That is, if among the set of upregulated genes an un-
usually high number contain binding sites for a particular TF, that
factor is likely involved in regulating the genes under consideration.
Statistical significance was assessed using the hypergeometric dis-
tribution to measure the degree to which a given regulator’s set of
targets is overrepresented in the sample of genes under consider-
ation compared with a representative background set.
Using information from the TRANSFAC database (29), we

identified 80 TF binding matrices (motifs) annotated to human TF

genes that were upregulated during at least one point in our micro-
array time series.We restricted the TRANSFAC database in this way
because we were only interested in those TFs most likely to partic-
ipate in the regulatory program as conduits of the transcriptional
signals (16, 34, 35), implying differential-expression at the mRNA
level. Although it would be conceptually simple to extend the
analysis to all TFs included in TRANSFAC, computing the p value
for all TRANSFAC matrices would also greatly reduce statistical
power as a result of the multiple hypothesis correction. For each of
these 80 matrices, we determined the set of putative target genes by
scanning the promoter regions and requiring that potential binding
sites be conserved in chimp and mouse (Materials and Methods).
This kind of phylogenetic footprinting has been shown to decrease
the number of false-positive binding sites (36).
Our enrichment analysis found a total of 30 matrices whose

targets were significantly over-represented during at least one time-
point (false discovery rate, q , 0.05). We generated a temporal
enrichment profile for each of these matrices by identifying the
different time points during which their targets were over-
represented. As seen in Fig. 3B, the activity of most of the matrices,
and by implication the TFs they represent, spans several hours.
Moreover, we observed multiple temporal phases in the response,
each driven by distinct groups of TFs. In agreement with many
previous studies of the innate antiviral response (6), IRF-based

FIGURE 2. The anti-NDV response is highly correlated across samples and donors. The initial upregulation times were estimated for a set of genes known

to be involved in pathogen responses using a model-based analysis. Upregulation times for individual genes (points) were compared across samples from the

same donor (upper row) and between donors for the same sample (bottom row). The extent of conservation was determined using orthogonal least-squares

linear regression (solid lines). The correlations for each comparison were, starting at the top left corner and moving clockwise: 0.85, 0.88, 0.81, and 0.87.
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activation was evident in the initial wave of transcriptional upre-
gulation. In our analysis, this initial wave begins 4 h postinfection,
somewhat later than expected. This is likely because genes are
assigned to time points somewhat later than their actual upregu-
lation due to the stringent differential-expression criteria used in
this study. Similarly, STAT activity was apparent by 4–6 h post-
infection and peaked at 14 h postinfection. The middle phase of the
response was driven by a variety of TFs, many of which have not
been previously implicated in antiviral responses (see DC antiviral
transcriptional network). Overall, the inferred enrichment profiles
strongly suggested a cascade of TFs that drive different temporal
phases of the response (Fig. 3B).

Distributed overlap and redundancy of transcription target genes.
Having determined the individual regulators of the response, we
focused on their target genes to determine the extent of cooperative
regulation and redundancy. It is quite clear that there is a great
amount of redundancy between the targets of the different matrices.
Of the 30 TRANSFAC matrices implicated, none has .∼10%
unique targets (and many have less). Moreover, most individual
genes are targeted by .1 matrix. This can arise when a single
TRANSFAC matrix is associated with multiple genes (e.g., the
association of V$IRF_Q6 with several IRFs) or when the TFs are
members of a complex that is represented by multiple matrices
(e.g., NFKB1, NFKB2, REL, and RELA). In other cases, a high
overlap of target genes could indicate cooperative regulation. To
identify these potential interactions, we quantified the extent of
overlap in the target gene sets for all of the TRANSFAC matrices
implicated in the anti-NDV response (Fig. 3C). As expected, the
most significant overlap of target genes occurred for matrices that
describe members of the same TF family or complex. These are
readily apparent in the dark red blocks along the diagonal in Fig.
3C. However, in a few cases, significant overlap was observed
between different TF families. The most striking example involves
the matrices encoding the STATs, ALX1, FOXO3, and FOXC1,
whose targets overlap ∼30% on average (Fig. 3C, black box).
Within this group of core TFs, the highest pairwise overlap of target

genes occurs for ALX1 and FOXO3, and we hypothesize that these
two TFs may be part of a single cis-regulatory module. In general,
we predicted that most genes would be regulated by multiple TFs,
with only 150 genes containing binding sites corresponding to
a single matrix.

Causal linkage generates unified regulatory cascade

We sought to generate a transcriptional regulatory network that
could connect the TFs associated with each phase of the response
into a coherent linked cascade. This kind of representation required
us to shift our focus from TRANSFACmatrices, which can each be
annotated to multiple TFs, to a framework that considers individual
TF activity over time.

DC antiviral transcriptional network.We generated an initial set of
network links by identifying all pairs of TFs in which one was
a putative regulator of the other. To reduce the potential for false-
positive regulatory relationships, we limited the time frame during
which a TF could be implicated as having an important role in
regulating a potential target. This was accomplished by defining an
activity window for each TF (Materials and Methods). We re-
moved all network links where the initial upregulation of the
target gene occurred outside the activity window of the regulator.
This pruning removed 37 links, producing a final network that
consisted of 24 TFs and 133 regulatory links. To visualize the
resulting network (Fig. 4), each TF was placed at the time its
mRNA was first upregulated in the response. We also considered
the placement of TFs based on their activity, but ruled this out for
two main reasons. First, many of the TRANSFAC matrices were
enriched at multiple time points, making the choice of placement
somewhat arbitrary. Second, this scheme does not allow for dif-
ferentiation between TFs that are annotated to the same
TRANSFAC matrix. Placing genes at the time of their first dif-
ferential expression provides TF-specific information and, in
combination with the activity heatmap (Fig. 3B), leads to a clearer
view of the temporal progression of the network. This placement
scheme is also consistent with our view of the biological process

FIGURE 3. Dynamic activity profiles and target overlap for TFs in the NDV response network. A, The number of genes first upregulated at each time

point, split by TF (white bar) and non-TF (black bar) genes. B, Heat map showing the overrepresentation of targets associated with each of the TRANSFAC

matrices in the network (rows) over time (columns). The colors are row normalized2log (p values). Darker red indicates greater inferred activity of the TF.

The temporal activity window of each TF matrix (d—p) was inferred from the union of the activity of all of the individual TFs represented by that matrix.

C, Heat map quantifying the extent of overlap between predicted targets of each TRANSFAC matrix (rows and columns). Colors indicate2log (p values) of

the hypergeometric test. The threshold for statistical significance assuming a Bonferroni-corrected p value of 0.05 is indicated by the dashed line on the

color bar. Matrices that could be individually removed without any loss of coverage are marked with an asterisk (p). The black box indicates a region of

high overlap between TFs from different families, suggesting possible cooperativity.
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as a stepwise cascade where the upregulation of the TF is tied to
its activity. To provide additional resolution, genes appearing
within the same time slice were ordered based on the upregulation
time estimated by our model-based analysis (see Timing of gene
expression is highly conserved). To interpret the network visual-
ization in Fig. 4, it is helpful to keep in mind that links connect
regulators to targets and arrowtails indicate upregulation of the
regulator, whereas arrowheads indicate activity of the regulator.
The resulting network of 24 TFs spans virtually the entire time

period analyzed. The TFs in this network are predicted to regulate
779 of 1351 (58%) upregulated genes. As mentioned above, the

transcriptional cascade we have discovered includes many TFs al-
ready associated with the interferon response (e.g., IRFs, STATs,
NF-kB) (6). It additionally includes ATF3 and TGIF1, which were
previously implicated by other systems biology analyses (16, 35).
In all, 18 of 24 TFs implicated in the transcriptional cascade con-
trolling the antiviral response appear in the known general pathogen
response signature (31) or the core DC response signature (1) (Fig.
5). Clearly, our approach is effective at capturing the known biology
of the system.
Thenetworkcontainsboth feedforward links,whichpropagate the

transcriptional signal through time, as well as feedback links, where
TFs may influence the activity of targets that have previously been
upregulated (Fig. 4). Feedback links, although serving as potential
conduits of regulatory activity, do not neatly fit into our idealized
view of a regulatory cascade where upregulation of TFs at the

Table I. Novel TFs predicted by the network analysis

Gene symbol TRANSFAC Matrix
TRANSFAC

Motif
First

Expressed (h)

ALX1 V$CART1_01 10
FOXC1 V$FREAC3_01 8
FOXO3 V$FOXO3_01a 14
MAX V$MYCMAX_02a 8
RUNX3 V$AML_Q6a 8
ZEB1 V$AREB6_01 14

Factors listed in boldface were experimentally tested using EMSA.
aMultiple TRANSFAC matrices are significant; only the one with the most sig-

nificant p value is indicated.

FIGURE 4. Transcription regulatory network for the

uninhibited antiviral response. Each node represents

a TF with inferred activity in the anti-NDV response.

Edges connect regulators to targets so that arrowtails

indicate upregulation of the regulator, whereas arrow-

heads indicate activity of the regulator on the target.

Regulatory relationships can be feedforward (green

links), feedback (red links), or reciprocal (black links).

Time in the figure progresses vertically down, with

nodes placed in the time slice during which the gene is

first differentially expressed. Within each time slice,

TFs are ordered using the model-based analysis

wherever possible. Node color reflects importance

measured by number of outgoing links to all gene

targets (i.e., total number of genes, not just TFs, tar-

geted by the node in question), with darker colors

corresponding to more highly connected nodes. Rect-

angular nodes indicate TFs with no predicted regu-

lators.

FIGURE 5. Comparison of the anti-NDV transcriptional response with

other pathogen responses. TFs defined by the inferred network were

compared with TFs from two published gene signatures: the general

pathogen response defined in Ref. 31 and the core DC response defined in

Ref. 1. TFs in these signatures were identified by their annotation in Ref.

37 or linkage to a vertebrate TRANSFAC matrix (Materials and Methods).
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mRNAlevel drives the nextwave of transcriptional changes. Thus, it
is important to note that excluding these links only disconnects
a single TF (STAT5A) from our network. We chose to visualize
these links to present potentially important information on candi-
date feedback circuits. To understand whether the inferred network
architecture was effective in capturing the underlying transcrip-
tional cascade, we reasoned that true regulatory interactions would
link genes that appeared close together in time. To test this hy-
pothesis, we compared the average link length (i.e., the absolute
difference in upregulation time between the regulator and target) in
the inferred network with that found in a set of random networks. To
generate each random network, all upregulated genes were ran-
domly assigned an initial differential expression time, and TFs were
randomly assigned an activity window from the set of observed

profiles. Networks were inferred from these randomized data using
the same method as the observed data, including the determination
of enriched TRANSFAC matrices, etc. We found that the average
link length in the real network (3.2 h) was significantly shorter than
those of the random networks (p , 0.002 for 1000 random net-
works). A similar result was obtained when the link lengths were
computed over all the target genes and not just the TFs appearing in
Fig. 4 (p, 0.005 for 1000 random networks). We conclude that our
network is effective in capturing the underlying biology and pro-
duces a pattern that is consistent with a stepwise transcriptional
signal propagation.
Experimental validation of regulatory links. The network impli-
cated six novel TFs in the antiviral response (Fig. 5). We applied
multiple criteria for selecting the most promising of these factors

FIGURE 6. GO analysis of TF targets. Each row

corresponds to a GO term that was significantly en-

riched (p , 0.001) for the targets of at least one TF.

The colors indicate absolute p values (darker for in-

creased significance) computed using the conditional

test in the GOstats package in Bioconductor. Hierar-

chical clustering of the columns was carried out using

the Euclidean distance metric and Ward’s linkage.
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along with a set of their predicted regulators and targets for ex-
perimental validation by EMSA. First, we looked for a robust
upregulation pattern in the TF mRNA expression and focused
particularly on those upregulated in the middle phase of the re-
sponse. Second, we eliminated TFs with nonspecific binding
signatures so that the true sites would be easier to identify (Table
I). Finally, we selected TFs with targets either in the constructed
network or in the known pathogen response gene set, additionally
selecting targets with very good matches to the TF’s binding
signature. To ensure the reliability of the EMSA validation, we
verified that such targets did not overlap with predicted binding
sites for any other matrixes annotated to TFs associated with
pathogen responses (1, 31) or appearing in our network. Our set of
chosen TFs included ALX1, FOXC1, and RUNX3. Of these,
ALX1 and FOXC1 were of particular interest, because they be-
longed to the group of TFs with evidence for a significant overlap
among their target sets (see Distributed overlap and redundancy of
transcription target genes; Fig. 3C). As a group, these TFs had at
least one binding site in 70% of all the network targets, suggesting
they are critical factors driving the observed upregulation pattern.
We sought to place these TFs in a functional context by per-
forming a GO analysis of their predicted target genes. FOXC1,
RUNX3, and ALX1 targets share many of the same functions;
however, they have distinct profiles (Fig. 6). The targets of
RUNX3 include genes related to the T cell response, and the
factor appears functionally similar to known players ATF3 and
CREM. In contrast, ALX1 and FOXC1 both cluster together with
several STATs, although FOXC1 targets more genes related to
development.
To validate the chosen target sites associated with our three novel

TFs, we performed EMSAs with NDV-infected whole cell extract
using 32P-labeled oligonucleotides. EMSA probes were designed
to include core target sites flanked with the endogenous genomic
sequence (Table II). In comparing uninfected whole cell extract to
extract derived from 4, 6, and 8 h postinfection, we were able to
verify four uncharacterized virus-inducible elements (Fig. 7). TF
binding assays using a characterized ISRE element of ISG15 and
a putative IRF7 site upstream of the ALX1 TSS both demonstrated
virus-inducible binding that was evident at 4 h postinfection and
was sustained for the duration of the sampling (Fig. 7A, 7B).
Furthermore, a putative ALX1 target element also demonstrated
virus-inducible occupancy during infection (Fig. 7C). This ele-
ment upstream of the PLA1A gene mediated the assembly of
a single DNA-binding complex estimated to be 75–150 kDa.
Moreover, binding of the ALX1 promoter element in PLA1A
appeared to be dynamic, as a second faster migrating complex was

visible by 8 h postinfection, suggesting a time-dependent change
in the composition of this complex (Fig. 7C). These results place
ALX1 within a well-known network motif (38) (Fig. 8). Two
additional non-ISRE binding sites were also verified by EMSA,
including putative binding sites for FOXC1and RUNX3 (Fig. 7D,
7E). Taken together, these data corroborate both microarray data
and computational analyses, suggesting a complex transcriptional
regulatory network that may depend on the cooperative activities
of multiple TFs.

Discussion
The activation of viral pattern sensors combined with cytokine
signaling initiates a genetic program in DCs that is critical to
controlling infection.We have found that the timing of this program
is highly conserved. To deduce the underlying regulatory archi-
tecture, we developed an integrative method to reverse engineer the
transcriptional network and its progression through time. Using
genome-wide transcriptional profiling data covering the first 18 h
postinfection, our approach identified a single regulatory network
composed of 24 TFs that accounts for the upregulation of a majority
of genes (Fig. 4). This network captures and connects through time
many known elements of the antiviral response, including IRFs,
STATs, and NF-kB. The cascading pattern of TF activity (Fig. 3B)
and the interconnectedness of the network (Fig. 4) combined with
the tight conservation of target upregulation times (Fig. 2), all
indicate an integrated control as opposed to an underlying parallel
architecture. It is important to carefully interpret the network
structure and ordering of events defined by the predicted regula-
tory network because the overall genetic program results from the
integration of multiple signals that may arrive at different times.
The NDV infection was performed using a multiplicity of in-
fection of 0.5 so that only approximately half the cells are infected
and thus many cells are simply responding to the IFN and
other cytokines secreted by infected cells, rather than directly to
the virus. Although this implies that the gene expression meas-
urements reflect the operation of two distinct signaling pathways,
the inferred network structure suggests that both rapidly converge
on an overlapping set of downstream transcriptional regulators.
Nevertheless, this could explain why NF-kB activity follows
STAT activity in our network. We conclude that the uninhibited
antiviral response is the result of a single transcriptional cascade
with a convergent architecture and is not implemented as a series
of independent transcriptional events.
Six TFs whose involvement in the network was predicted by our

methodarenotpartof thegeneralpathogenresponsesignature (31)or
theDC core response (1). These represent potentially novel antiviral

Table II. Probe sequences used in EMSA experiments

Gene symbol
Specific TRANSFAC

Matrix
TF/Target

Site Probe Sequence (59–39)

ISG15 (control)a ISRE GATCGGAAAGGGAAACCGAAACTGAAGCC
ALX1a V$IRF7_01 IRF7 AGTTCTAATGAATATGAAAATAGGCGGGCG
PLA1Aa V$CART1_01 ALX1 GAGGCTAGTTAATGATTAGTGAAATCCACG
IFNA5 V$CART1_01 ALX1 ATTAAAATTTAATGGGATTTTTAGTTAGAA
IFNA7 V$CART1_01 ALX1 TGAACATACTAATTTCCATTTTCTAAATGC
FOXC1 V$STAT1_01 STAT1 GGGCTCCGCTGCCCGGAAAAAAGTGTAACT
IFNA14a V$FREAC3_01 FOXC1 GTGCATAGGTCTTAAATAAGGAACATAC
CREM V$FREAC3_01 FOXC1 CAAATGGCTCAGCAAATAAAAATGTTAA
CXCL9 V$FREAC3_01 FOXC1 GAAATGAATATCCTAAATAAATATGATCCC
PELI1 V$FREAC3_01 FOXC1 CCTTATTAAACTGCAAATAAAATGCTGTGA
RUNX3 V$CREB_Q4_01 CREM CACCTGGGCCGTGATGTCACGGCCTTTTA
RUNX3a V$AML_Q6 RUNX3 CACCTGGGCCGTGATGTCACGGCCTTTTA
CCL3 V$AML_Q6 RUNX3 TATCCTGAGCCCCTGTGGTCACCAGGGACC

aValidated by EMSA.
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TFs: ALX1, FOXC1, FOXO3, MAX, RUNX3, and ZEB1. To val-
idate the transcriptional network, we attempted to experimentally
validate the regulatory connections for three of these novel TFs
(ALX1, FOXC1, and RUNX3).We considered both incoming links,
testing regulation of the novel TF, and outgoing links, testing the
ability of the novel TF to regulate other genes. Using EMSA, we
validated 4 out of the 12 regulatory relationships tested, indicating
an antiviral role for all of the TFs tested. Moreover, this success rate
likely represents a lower bound for the specificity of our method in
determining regulatory relationships for twomain reasons. First, we
did not include the many well-known players in our experimental
validation. Second, a negative EMSA result may simply reflect
suboptimal binding conditions or be indicative of a relatively un-
stable complex. Furthermore, although the temporal activation of
PLA1A, IFNA14, and RUNX3 does not necessarily correlate to the
binding kinetics of ALX1, FOXC1, and RUNX3 putative binding
sites, respectively, this is likely a reflection of their individual

transcriptional potentials or ability to recruit DNA modifying en-
zymes. In the case of the putative FOXC1 binding site, this element
represents the first documented example of a non-IRF controlling
the transcription of this genetic cluster. Although this site was found
to overlap the TATA-box, it has also been observed that FOX pro-
teins can regulate genes through direct binding to TATA-boxes (39).
Further experiments will be needed to verify the true impact of this
site and the cause for the FOXC1 binding site we have found.
ALX1 had the highest number of experimentally validated links.

Based on the occupancy of the IRF7 binding site upstream of the
ALX1 TSS, it would appear that transcription is, in part, mediated
directly by type I IFN signaling (Fig. 7B). In the network, ALX1 is
predicted to cooperate with IRFs in the regulation of downstream
genes as part of a feed-forward loop (Fig. 8). ALX1 encodes
CART1, a paired-class homeodomain protein that is necessary for
survival of the forebrain mesenchyme in rodents (40). Although
the binding site preferences for CART1 have been characterized
(41), the function of this protein in humans is not known. A GO
analysis of ALX1-predicted targets suggests that this factor is
functionally similar to STAT1 and FOXO3 (Fig. 6). ALX1 target
genes are involved in a variety of functions, but the most enriched
GO category predicts that this factor is most likely involved in the
negative regulation of macromolecule biosynthetic processes
(GO:0010558; Fig. 6). Our network analysis places ALX1 within
a well-known network motif (38), supporting a critical role for this
TF in coordinating the antiviral response (Fig. 8). Our experi-
mental results also appear to indicate the workings of such
a feedforward control element of PLA1A by ALX1 and another
virus-activated TF. Looking at our EMSA results, we see that
following the assembly of a single DNA-binding complex at 4 h,
a second faster migrating complex was visible by 8 h postinfection
(Fig. 7B). These results suggest the exciting possibility that
ALX1, and other novel TFs identified in this study, may cooperate
both with each other, or with known virus activated factors such as
IRF3, IRF7, STAT1, and/or NF-kB.
Combinatorial regulation can play an important role in mam-

malian gene regulation but is not specifically incorporated in our
approach.However,multiple regulators are predicted formost target
genes, and thepotential for combinatorial control canbe investigated
indirectly by analysis of TF target overlap (Fig. 3C). Consistent with
our idea of cascading control, we found that most of the implicated
TFs do not exhibit statistically significant pairwise overlap of target
genes. However, a cluster of high overlap, including ALX1 (men-
tioned above) and also FOXO3, FOXC1, and STAT, was identified
and may also reflect cooperative activity (Fig. 3C, black box).
Together, these TFs account for ∼70% of the genes controlled by
the network. The cooperative nature of the network is further evi-
denced by the fact that only ∼19% of genes controlled by the
network are targeted by a single matrix. Thus, although TFs pass
along the baton in an orderly fashion, individual genes may be
controlled by multiple TFs at various points in the cascade, and the
network as a whole is the minimal unit of control.
The network-building approach developed in this study is gen-

erally applicable to transcriptional profiling time series. It differs
from most current analyses in several important ways. First, we
grouped genes according to their initial time of upregulation. Sec-
ond, instead of simply identifying the controlling TFs,we connected
these togethermechanistically togenerate acomplete transcriptional
cascade. In cases where the time resolution of microarray sampling
may not be sufficiently dense to isolate genes with common cis-
regulatory logic, we suggest that the model-based analysis might be
generalized to estimate upregulation times on a finer scale. Several
assumptions underlying our network reconstruction method are
important to keep in mind. The analysis is limited to TFs whose

FIGURE 8. Network motif involving the putative antiviral TF ALX1. A,

The ALX1 gene is activated by IRF7. B, ALX1 activates other genes such

as PLA1A. The solid lines (A, B) represent EMSA-validated network

connections. The dashed lines, completing a feedforward loop (C) and

indicating autoregulation (D), were predicted computationally.

FIGURE 7. Experimental validation of TF network connections. EMSAs

were performed at 0, 4, 6, and 8 h postinfection to test for virus-inducible

binding at predicted binding sites. A, Positive control demonstrating virus-

inducible binding to an ISRE element in the promoter of ISG15. As

validation of the TF network connections, virus-inducible binding was

demonstrated for predicted binding sites of IRF7 (B), ALX1 (C), FOXC1

(D), and RUNX3 (E). The probe sequences (detailed in Table II) encompass

predicted binding sites found in the promoters of ALX1 (B), PLA1A (C),

IFNA14 (D), and RUNX3 (E) as specified in Materials and Methods. TF-

probe complexes are indicated with arrows.
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binding preferences are known and are included in the TRANSFAC
database. Nevertheless, as we have demonstrated, it is possible to
implicate factors with previously unknown functions such as
ALX1. Our method is also restricted to TFs that are differentially
expressed at the mRNA level. Consequently, it will miss factors that
are posttranscriptionally regulated, which may be particularly im-
portant in the earliest stages of the response. Furthermore, because
only upregulated genes are included, the analysis will also not
identify transcriptional repressors. Although it is conceptually
possible to extend the network reconstruction procedure to down-
regulated genes, the lack of correlation among downregulation
times (Supplemental Fig. 1) suggested that a transcriptional cascade
may not be the best model for these data.
To study the highly dynamic processes involved in immune in-

teraction with pathogens requires a methodology that incorporates
time directly into the analysis rather than subsuming it. The method
presented in this study is a first step in the construction of such
a methodology. Using our time-centric promoter analysis methods,
we have elucidated the transcriptional network underlying an un-
inhibited antiviral response in human DCs. Our results indicate
a robust convergent design and stepwise execution of the antiviral
program. Although inherently limited to discovering regulation by
TFs whose binding preferences are known (and annotated in
TRANSFAC), the inferred network nonetheless accounts for a ma-
jority of upregulated genes and time points. The identification of key
transcriptional players in the antiviral response, along with
knowledge of their timing and regulatory architecture, provides
a framework to identify the specific mechanisms used by human
pathogens to subvert normal immune function.
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