R ES E A RC H | R E PO R TS

RE FE RENCES AND N OT ES

1. B. Dantzer et al., Science 340, 1215–1217 (2013).
2. R. A. Duckworth, V. Belloni, S. R. Anderson, Science 347,
875–877 (2015).
3. T. A. Mousseau, C. W. Fox, Trends Ecol. Evol. 13, 403–407
(1998).
4. C. Teplitsky, J. A. Mills, J. S. Alho, J. W. Yarrall, J. Merilä, Proc. Natl.
Acad. Sci. U.S.A. 105, 13492–13496 (2008).
5. O. Vedder, S. Bouwhuis, B. C. Sheldon, PLOS Biol. 11, e1001605
(2013).
6. J. M. Donelson, P. L. Munday, M. I. McCormick, C. R. Pitcher,
Nat. Clim. Chg. 2, 30–32 (2012).
7. F. R. Groeters, H. Dingle, J. Evol. Biol. 1, 317–333
(1988).
8. S. Salinas, S. B. Munch, Ecol. Lett. 15, 159–163
(2012).
9. D. B. Miller, G. Gottlieb, Anim. Behav. 26, 1178–1194
(1978).
10. D. Colombelli-Négrel et al., Curr. Biol. 22, 2155–2160
(2012).
11. D. Colombelli-Négrel, M. S. Webster, J. L. Dowling, M. E. Hauber,
S. Kleindorfer, Auk 133, 273–285 (2016).

814

19 AUGUST 2016 • VOL 353 ISSUE 6301

12. R. B. Brua, G. L. Nuechterlein, D. Buitron, Auk 113, 525–533
(1996).
13. G. Gottlieb, Science 147, 1596–1598 (1965).
14. N. K. Woolf, J. L. Bixby, R. R. Capranica, Science 194, 959–960
(1976).
15. R. M. Evans, A. Whitaker, M. O. Wiebe, Auk 111, 596–604
(1994).
16. J. J. Bolhuis, Biol. Rev. Camb. Philos. Soc. 66, 303–345
(1991).
17. R. Lickliter, T. B. Hellewell, Dev. Psychobiol. 25, 17–31
(1992).
18. T. Sanyal et al., PLOS ONE 8, e67347 (2013).
19. G. Boncoraglio, D. Rubolini, M. Romano, R. Martinelli, N. Saino,
Horm. Behav. 50, 442–447 (2006).
20. J. L. Lipar, E. D. Ketterson, Proc. Biol. Sci. 267, 2005–2010
(2000).
21. R. A. Zann, The Zebra Finch (Oxford Univ. Press, New York,
1996).
22. M. M. Mariette, S. C. Griffith, Ecology 94, 325–335
(2013).
23. M. M. Mariette, S. C. Griffith, Am. Nat. 185, 270–280
(2015).
24. Materials and methods are available as supplementary
materials on Science Online.
25. S. Kleindorfer, C. Evans, D. Colombelli-Négrel, Biol. Lett. 10,
20140046 (2014).
26. J. L. Gardner, A. Peters, M. R. Kearney, L. Joseph, R. Heinsohn,
Trends Ecol. Evol. 26, 285–291 (2011).
27. S. J. Cunningham, R. O. Martin, C. L. Hojem, P. A. R. Hockey,
PLOS ONE 8, e74613 (2013).
28. J. A. van Gils et al., Science 352, 819–821 (2016).

29. M. E. Hall, J. D. Blount, S. Forbes, N. J. Royle, Funct. Ecol. 24,
365–373 (2010).
30. C. Selman, J. D. Blount, D. H. Nussey, J. R. Speakman, Trends
Ecol. Evol. 27, 570–577 (2012).
31. M. J. Sheriff, O. P. Love, Ecol. Lett. 16, 271–280
(2013).
AC KNOWLED GME NTS

This project was supported by Australian Research Council
grants DP130100417 and LP140100691 and Future
Fellowship FT140100131 to K.L.B. and a research fellowship
from Deakin University to M.M.M. We have no conflict of
interest. We thank I. Goedegebuur, K. Pinch, B. Oliver, and
N. Wells for assistance with data collection and processing
and W. Buttemer, J. Endler, S. Kleindorfer, M. Klaassen,
M. Ramenofsky, J. Wingfield, the Centre for Integrative Ecology
discussion group, and three anonymous reviewers for
providing comments on the manuscript. Data have been
deposited in the Dryad Digital Repository (accession
number doi:10.5061/dryad.v8969).

SUPPLEMENTARY MATERIALS

www.sciencemag.org/content/353/6301/812/suppl/DC1
Materials and Methods
Figs. S1 and S2
Tables S1 to S3
References (32–40)
17 March 2016; accepted 14 July 2016
10.1126/science.aaf7049

GENE REGULATION

Integration of omic networks in a
developmental atlas of maize
Justin W. Walley,1,2* Ryan C. Sartor,1* Zhouxin Shen,1 Robert J. Schmitz,3,4†
Kevin J. Wu,1 Mark A. Urich,3,4 Joseph R. Nery,4 Laurie G. Smith,1 James C. Schnable,5
Joseph R. Ecker,3,4,6 Steven P. Briggs1‡
Coexpression networks and gene regulatory networks (GRNs) are emerging as important
tools for predicting functional roles of individual genes at a system-wide scale. To enable
network reconstructions, we built a large-scale gene expression atlas composed of 62,547
messenger RNAs (mRNAs), 17,862 nonmodified proteins, and 6227 phosphoproteins
harboring 31,595 phosphorylation sites quantified across maize development. Networks in
which nodes are genes connected on the basis of highly correlated expression patterns of
mRNAs were very different from networks that were based on coexpression of proteins.
Roughly 85% of highly interconnected hubs were not conserved in expression between
RNA and protein networks. However, networks from either data type were enriched in
similar ontological categories and were effective in predicting known regulatory
relationships. Integration of mRNA, protein, and phosphoprotein data sets greatly
improved the predictive power of GRNs.

P

redicting the functional roles of individual genes at a system-wide scale is a complex challenge in biology. Transcriptome
data have been used to generate genomewide gene regulatory networks (GRNs)
(1–4) and coexpression networks (5–7), the design
of which was based on the presumption that
mRNA measurements are a proxy for protein
abundance measurements. However, genomewide correlations between the levels of proteins
and mRNAs are weakly positive (8–15), which
indicates that cellular networks built solely
on transcriptome data may be enhanced by

1

Division of Biological Sciences, University of California San
Diego, La Jolla, CA 92093, USA. 2Department of Plant
Pathology and Microbiology, Iowa State University, Ames, IA
50011, USA. 3Plant Biology Laboratory, The Salk Institute for
Biological Studies, La Jolla, CA 92037, USA. 4Genomic
Analysis Laboratory, The Salk Institute for Biological Studies,
La Jolla, CA 92037, USA. 5Department of Agronomy and
Horticulture, University of Nebraska, Lincoln, NE 68583,
USA. 6Howard Hughes Medical Institute, The Salk Institute for
Biological Studies, 10010 North Torrey Pines Road, La Jolla,
CA 92037, USA.

*These authors contributed equally to this work. †Present address:
Department of Genetics, Davison Life Sciences, 120 East Green
Street, Athens, GA 30602, USA. ‡Corresponding author. Email:
sbriggs@ucsd.edu

sciencemag.org SCIENCE

Downloaded from http://science.sciencemag.org/ on August 18, 2016

females (no additional effect of playback treatment: Z = 0.39, P = 0.69) after controlling for
female mass as adult (Z = 2.83, P = 0.005).
Furthermore, this fitness effect of early mass
and thermal conditions persisted in females’
second year of life despite repairing (GLM: Z =
–2.31, P = 0.021; repairing: Z = 1.17, P = 0.24;
adult mass: Z = 2.82, P = 0.005, n = 36 females,
including 25 with a new partner). Males followed a similar trend to females in their first
year [GLM with temperature in nest (i.e., ambient temperature + nest differential): Z = –1.97,
P = 0.049, n = 36 males] but not their second
year (GLM: Z = 1.65, P = 0.10, n = 38 males).
Last, the evolutionary advantage of maternal
effects has been questioned in unpredictable
environments, where environmental conditions
during development do not predict those encountered later in life (31). However, individuals
may partly compensate for this by seeking
microhabitats that best suit their phenotype.
Accordingly, treatment individuals exposed to
incubation calls in the egg went on to consistently breed in hotter nest boxes than control
birds, because control males used cooler boxes
and treatment males used warmer boxes than
expected by chance in the first and second
years, respectively (Fig. 4B) (Monte-Carlo simulations: first-year control males: P = 0.024, n =
22, and females: P = 0.075, n = 15; second-year
treatment males: P = 0.046, n = 10; all others:
P > 0.05) (24).
Overall, we have demonstrated experimentally that by acoustically signaling high ambient
temperatures to their embryos before hatching, zebra finch parents can program the developmental trajectories of their offspring in
response to this key environmental variable.
Our findings therefore provide both an adaptive function for prenatal communication and
a type of maternal effect where parental control over signal production can be unambiguously tested. By uncovering a mechanism for
a transgenerational effect of temperature on
development in endotherms, our study also advances our understanding of the acclimatization
capacities of organisms to rising temperatures.
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Fig. 1. Comparison of transcriptome and proteome data sets. (A) FPKM distribution of mRNA abundance (red). FPKM values of transcripts corresponding to quantified proteins (blue), phosphopeptides
(green), syntenic genes conserved between maize and sorghum (gray), and nonsyntenic genes (black)
are shown. Data are the average expression from the 23 tissues profiled. (B) Percentage of quantified
mRNA and proteins in the annotated filtered (high-confidence gene models) and working (all gene models)
gene sets. (C) Breakdown of detected mRNA and proteins, based on annotations. (D) Percentages of all
annotated genes that are transcribed and percentages of all transcribed genes that are translated, for
both the syntenic and nonsyntenic gene sets.

integration with proteomics data. We generated
an integrated developmental atlas of the transcriptome, proteome, and phosphoproteome of
the model organism Zea mays (maize) and then
used these three different cellular descriptions
to generate transcriptome- and proteome-based
networks.
We profiled 23 tissues spanning vegetative
and reproductive stages of maize development
to generate a comprehensive and integrated gene
expression atlas. Specifically, transcriptome profiling by mRNA sequencing (mRNA-seq) (three
biological replicates, 23 tissues) was carried out
on a subset of the samples used for proteome
profiling (three to seven biological replicates,
33 tissues) by electrospray ionization tandem
mass spectrometry (14, 16–19) (tables S1 to
S3). We assessed reproducibility of the biological replicates by calculating Pearson correlations and found an average of 0.9, 0.84,
and 0.7 for the transcriptome, proteome, and
phosphoproteome data sets, respectively (table
S4). Transcripts were observed from 62,547 genes.
Proteins and phosphoproteins were observed
from 16,946 and 5587 genes, respectively. The
RNA-seq data were bimodal, as reported for
mouse and human (20, 21), with nearly all proteins and phosphoproteins arising from the
34,455 transcripts in the high-abundance population (right peak), with an average FPKM (fragments per kilobase of exon per million fragments
mapped) greater than 1 (Fig. 1A). Proteins were
SCIENCE sciencemag.org

observed from 46% of these transcripts (right
peak). To determine whether coverage of the
transcriptome by the proteome was constrained
by the diversity of tissues sampled, we generated
proteomics data from an additional 10 tissue
types yielding proteins from a total of 18,522
genes (proteins from 17,862 genes and phosphoproteins from 6185 genes), but this only increased
coverage of the high-abundance transcriptome
to 48%.
There are a variety of possible technical and
biological explanations for why we detect proteins from less than half of the high-abundance
transcript-producing genes and why we do not
observe corresponding mRNA for 245 quantified proteins. Previously, we found evidence
for multiple mechanisms that may explain the
detection of proteins but not mRNA. These
mechanisms include (i) differential stability of
mRNA and proteins; (ii) transport of proteins
between tissues; and (iii) diurnal, out-of-phase
accumulation of mRNAs and cognate proteins
(14). The heightened sensitivity of transcriptomics
relative to proteomics likely provides a partial
explanation for why we detect proteins corresponding to less than half of the transcriptproducing genes. Additionally, we observed a
greater percentage of proteins arising from
the annotated filtered gene set, which consists
of 39,656 high-confidence gene models that
exclude transposons, pseudogenes, and other
low-confidence members present in the work-

ing gene set (Fig. 1B). Furthermore, a higher
proportion of proteins than transcripts arise
from genes annotated as protein coding (Fig.
1C), which suggests that transcripts from many
genes may not produce proteins. Genes conserved at syntenic orthologous locations between
maize and sorghum exhibited a unimodal, highexpression pattern, in contrast to genes in nonsyntenic locales (Fig. 1A). Considering all genes
that expressed mRNAs, syntenic genes were nine
times more likely than nonsyntenic genes to
express proteins (Fig. 1D). To show that this
observation is not due to the higher average
transcript expression level of syntenic genes,
we examined a range of transcript abundance
cutoffs and obtained similar results, even when
looking at the highest-abundance syntenic and
nonsyntenic transcripts (fig. S1). A greater frequency of protein expression is a possible mechanistic explanation for the eightfold enrichment
of genes responsible for visible mutant phenotypes among syntenically conserved genes in
maize (22).
We next examined how genes and biological
processes change throughout development. Initially, we focused on transcription factors (TFs),
as they are key regulators of development, growth,
and cell fate. Of the 2732 annotated TFs and
transcriptional co-regulators, we detected 2627
as mRNA (23 tissues), 1026 as protein (33 tissues), and 559 as phosphoprotein (33 tissues).
We used hierarchical clustering to identify 712
(mRNA), 469 (protein), and 419 (phosphoprotein)
TFs that exhibited tissue-specific enrichment
(figs. S2 to S4 and table S5). We also examined
expression trends at the TF family level. First,
we used traditional overrepresentation analysis to identify TF families whose members are
detected in a given tissue at a greater frequency
than chance (figs. S5A, S6A, and S7A). To augment
the overrepresentation analysis, we also examined
TF family–level expression profiles by quantifying the total amount of each TF family’s mRNA,
protein, and/or phosphoprotein present in given
tissue (figs. S5B, S6B, and S7B). Taken together,
these data describe the spatiotemporal expression pattern of individual TFs and TF families
across development.
We expanded our analyses to examine the
patterns of all gene types across maize development. We used the weighted gene coexpression
network analysis (WGCNA) R package (23) to
group similarly expressed genes—detected as
mRNA (23 tissues), protein (33 tissues), or phosphoprotein (33 tissues) in at least four tissues—
into modules (clusters). This approach enabled
us to group 31,447 mRNAs, 13,175 proteins, and
4267 phosphoproteins into coexpression modules (fig. S8 and table S6). We next plotted the
eigengene profile for each module in order to
assign the tissue(s) in which each module is
highly expressed (figs. S9 to S12). We observed
that 36 well-characterized genes required for
maize development—including the homeobox
TFs Knotted1 [KN1, Maize Genetics and Genomics Database (MGGD) accession number
GRMZM2G017087] (24) and Rough Sheath 1 (RS1,
19 AUGUST 2016 • VOL 353 ISSUE 6301
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MGGD accession number GRMZM2G028041)
(25), as well as the transcriptional co-repressor
Ramosa1 Enhancer Locus2 (REL2, MGGD accession number GRMZM2G042992) (26) (table
S6)—are present in mRNA, protein, and phosphoprotein modules that correspond to dividing
and meristematic tissues. The phosphorylation pattern of these proteins is similar to their
mRNA profile and occurs in tissues known to
have altered developmental phenotypes in mutant plants, which suggests that phosphorylation of these proteins might positively regulate
their function. Finally, we determined overrepresentation of MapMan functional categories
in each module (table S6). As expected, we found
that genes involved in photosynthetic light reactions have mRNA and protein that are enriched predominantly in the mature leaf. We did
not detect an enrichment of light-reaction phosphoproteins in the mature leaf module, which
suggests that phosphorylation is not a major
regulator of the light reactions (fig. S11 and
table S6).
Biological networks can be constructed based
on many different types of data and serve to
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Fig. 2. Coexpression network analyses. (A) Hypothetical undirected coexpression subnetwork showing conserved (solid lines) and nonconserved (dotted
lines) coexpression edges between mRNA and protein networks. (B) Venn diagram depicting edge
conservation (solid lines in Fig. 2A) between the
two coexpression networks. (C) Number of edges
a given gene (node) has in the protein (x axis) and
mRNA (y axis) coexpression networks. Nodes above
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they are hubs in the protein (blue) or mRNA (red)
network or both (green). Black dots represent nonhub nodes.
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elucidate the structure underlying complex systems. Typically, transcript profiling data are
used to generate various types of gene expression networks. However, we observed a
weakly positive correlation between mRNA and
protein levels in our data set (supplementary
text, figs. S13 to S17, and table S7), in agreement with research done in a range of organisms (8–15). Although the modest correlation
between mRNA and protein levels is well documented, a major outstanding question is
whether transcriptome-based networks predict the same relationships as proteome-based
networks. Given our extensive developmental
gene expression atlas, we addressed this question by generating two different types of networks: coexpression networks and GRNs. We
first generated coexpression networks (table
S8), which are undirected networks where nodes
are genes connected on the basis of highly correlated expression patterns (Fig. 2A) (5–7). For
these network reconstructions, we used 10,979
genes that were detected as both transcripts
and proteins in at least 5 of the 23 developmental gene expression atlas tissues in which
we profiled both mRNA and protein. Pairwise
mRNA-to-mRNA and protein-to-protein coexpression networks were built with Spearman
correlations using WGCNA (fig. S18 and table S8).
The biweight midcorrelation yielded similar
results (figs. S19 and S20). To directly compare
the mRNA- and protein-based coexpression networks and compile a high-confidence coexpression
data set, each network was constrained to
include only edges with a correlation score >0.75
(top 1 million edges), which is a frequently
used correlation threshold for coexpression networks (table S8). As a measure of similarity, we
calculated edge conservation by dividing the set
intersect by the union (known as the Jaccard
index) and reported this as a percentage. We
found that 122,029 of the combined 2 million
edges (6.1%) were conserved in both networks
(Fig. 2B). Though this edge overlap is greater
than the 0.8% expected by chance (P value =
0), the majority of relationships between genes
were specific to each network, even when we
expanded the network size to 10 million edges
(fig. S20).
To examine whether the lack of edge overlap was due to experimental noise, we used
single biological replicates (three mRNA and
three protein networks) to create six new coexpression networks. Pairwise comparisons revealed a similar low level of edge conservation
(5%) between the mRNA and protein coexpression
networks. However, 46% of mRNA-to-mRNA
edges and 36% of protein-to-protein edges were
conserved between replicate coexpression networks (fig. S21). These data suggest that biological phenomena underpin the observed lack of
edge conservation between transcriptome- and
proteome-derived coexpression networks.
A key feature of scale-free networks is a small
number of highly interconnected hubs. Because
hubs are more likely than nonhubs to be required for network integrity and organism sur-

vival, the identification of so-called “hub genes”
is of interest (23, 27–30). We therefore determined
the highly interconnected hub genes in each coexpression network, which we categorized as
nodes in the top 10th percentile for most edges
(Fig. 2C and fig. S22A). When we compared the
hub genes from each network, we found that
the majority (85%) were not shared between the
mRNA and protein coexpression networks (Fig.
2C and fig. S22).
Groups of coexpressed genes (modules) were
derived from the two networks. Each module
was examined for over- or underrepresentation
of MapMan categories (table S9). The majority
of modules from each network (mRNA: 17 of 19;
protein: 18 of 25) showed significant enrichment
for one or more categories (adjusted P value <
0.05). Overall, we observed similar enrichment
of categories between the two coexpression networks (fig. S23). Whereas the overall degree of
enrichment was very similar for most categories
in both coexpression networks, the actual genes
that accounted for the significantly enriched
categories were mostly specific to one network
(35% protein-specific, 27% mRNA-specific, and
38% shared) (Fig. 3). Taken together, these results
demonstrate that transcript- and protein-based
coexpression networks yield differing predictions
of gene relatedness and function. Presumably,
the discrepancy between transcriptome and
proteome coexpression networks arises from
the limited correlation between mRNA and protein abundance, which has been attributed to a
range of factors that include differing stabilities
of mRNA and protein, translational control, and
protein movement from the tissue of synthesis
(8, 14, 31).
To further explore the regulatory patterns
of gene expression across maize development,
we generated GRNs, which are directed networks of TFs and their target genes (Fig. 4A)
(1). Unsupervised GRNs were created using
GENIE3, which takes advantage of the random forest machine learning algorithm and
was the top-performing method in the DREAM4
and -5 GRN reconstruction challenges (32, 33).
Three independent GRNs were generated from
the 23 tissues in which we profiled both mRNA
and protein. To construct these networks, we
varied whether the TFs (termed “regulators”)
were quantified as mRNAs (2200 TFs), proteins (545 TFs), or phosphopeptides (441 TFs)
and used a common set of 41,021 quantified
mRNAs (termed “target genes”) (table S10). We
evaluated the GRNs by using published data
for two classical maize TFs, the homeobox TF
KN1 and the bZIP TF Opaque2 (O2). These TFs
were chosen as benchmarks because they have
been the subject of high-quality RNA-seq and
chromatin immunoprecipitation (ChIP)–seq
studies in both wild-type and null mutant backgrounds, and they represent two distinct types
of TFs with key developmental roles (24, 34).
Target genes are bound by their TF in a ChIPseq assay, and their mRNA levels change when
their TF is knocked out. Using the published
direct targets of KN1 and O2, we generated
sciencemag.org SCIENCE
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receiver operating characteristic (ROC) and
precision-versus-recall curves, which are two
methods commonly used to evaluate the power
of a predictive model (35). These curves showed
that the overall qualities of all three GRNs were

similar (fig. S24). However, when we looked at
the top 500 scoring GENIE3 predictions for
KN1 and O2 in each GRN, we observed a performance advantage for the two protein-based
GRNs in accurately predicting target genes

Protein Network Only

Shared

60

Fig. 3. Categorical enrichment analysis of coexpression modules. Coexpression modules were determined by WGCNA and functionally annotated
using MapMan categories. Categories enriched (Benjamini-Hochberg adjusted P value ≤ 0.05) in one or more modules are represented by vertical bars
and labeled with the bin number and name. For each category, the genes accounting for the enrichment were extracted separately from mRNA and
protein modules. Only functional categories with at least 20 genes are shown. Colored bars represent the proportion of genes in each enriched category
that are specific to one network (mRNA, red; protein, blue) or shared between the networks (green).
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(Fig. 4B and fig. S25A). Specifically, the KN1
subnetworks accurately predicted 108 (mRNA),
129 (protein), and 125 (phosphopeptide) targets, with the O2 subnetworks performing similarly. Additionally, 44% (KN1) and 31% (O2) of

all correctly predicted targets were specific to a
single type of GRN (Fig. 4B and fig. S25A).
These results indicated that predictions made
by all three GRNs were largely complementary to each other.
We expanded our analyses to examine all
TFs in the three GRNs. Again, we found that
there was low edge conservation between the GRNs,
with the vast majority of edges being present in
a single GRN (fig. S26). Specifically, when considering one million edges, 93% were present in
a single GRN (Fig. 4C). This amount increased
to 96% for the 200,000 highest-confidence predictions, which we determined using KN1 precision data as the cutoff (fig. S25, B and C). This
finding illustrates that the different accumulation patterns of mRNA, protein, and phosphorylation for a given TF (fig. S27) result in
disparate GRN predictions.
The three preceding GRNs were constructed
using different-sized sets of TF regulators, which
complicated direct comparisons of networks
constructed using TF abundance measurements
at the mRNA or protein level. Therefore, we
used 539 TFs quantified as both mRNAs and
proteins to reconstruct GRNs. Evaluation of these
GRNs using the KN1 and O2 data indicated
quality and accuracy similar to those of the
full-sized networks (fig. S28). We still observed
a performance advantage for the protein GRN,
as well as limited edge conservation between
the mRNA- and protein-based GRNs, with only
6% of the top 200,000 edges being shared (figs.
S28 and S29). We examined several possible
features of the TF regulators to help further our
understanding of the limited overlap in TF
target predictions. The TFs connected by edges
that were present only in the transcript GRN
had lower and more variable protein abundance
than the TFs connected by edges that were
shared with or specific to the protein GRN (fig.
S30, A to D). As expected, the mRNA-to-protein
correlations were higher for targets of edges
present in both GRNs (fig. S30E).
To further validate GRN predictions and test
whether network relationships were consistent between different maize varieties, we
took advantage of natural variation in regulator
abundance arising from the natural genetic
variation present in another inbred line, Mo17.
Specifically, we compared mRNA and protein
abundance in primary roots of Mo17 to B73.
Whereas most TFs and target genes were expressed at similar levels in B73 and Mo17, we
identified 149 (mRNA), 26 (protein), and 16 (phosphopeptide) regulatory TFs that were expressed
at significantly different levels. We found, with
high confidence, that for many of these differentially expressed TFs, their GRN predicted
target groups were also significantly enriched
for differentially expressed transcripts (figs. S31
to S33). Thus, elements of the GRN structure
were preserved, and quantitative changes in
regulator abundance levels are associated with
altered network output and gene expression patterns. Additionally, these findings validated the
GRN approaches used in this study and dem818
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onstrated the utility of applying this method
to examine dynamics of gene regulation.
After analyzing separate mRNA- and proteinbased GRNs, we considered integrating the
data sets to determine whether the resulting
single GRN would have improved inference
over the individual GRNs. Specifically, we constructed four additional GRNs, each consisting of combinations of TF regulators quantified
as mRNA, protein, and/or phosphopeptides
(table S10). Details of how the combined mRNA,
protein, and phosphopeptide GRNs were made
are described in the supplementary materials.
We examined the performance of the resulting networks using the validation set of KN1
and O2 published targets (Fig. 4 and fig. S24).
All GRNs reconstructed with combinations of
TF regulators performed better than singleinput GRNs. This finding demonstrates that integrating readouts of gene expression quantified
at different levels results in improved GRN inference. Our use of TF mRNA levels to infer
TF activity had provided good GRN predictive
power. The area under the ROC curve (AUC)
was 0.657, compared with 0.500 for random
predictions. When the mRNA measurements
were combined with protein abundance and
phosphorylation levels to infer TF activity, the
AUC increased to 0.717. Thus, if an investigator wished to use network predictions with a
false-positive rate of 20%, the mRNA-only network would predict 40% of the true positives,
compared with 50% for the combined network
(Fig. 4D and fig. S24A). Likewise, examination
of Fig. 4E and fig. S24B reveals that if an investigator wished to use network predictions
with a precision of 0.021 (which is three times
higher than expected at random), then 16% of
the true positives would be recalled from the
mRNA-only network versus 41% for the combined network.
By quantitatively measuring mRNAs, proteins, and phosphoproteins in parallel in a
tissue-specific manner, we discovered unexpected relationships among these cellular readouts across maize development. In particular,
our comparison of transcriptome- to proteomebased dendrograms and coexpression networks
showed little overlap at the gene level, even
though the samples were classified similarly
and had similar ontological enrichments. The
discovery that most protein-expressing genes
are conserved and syntenic also was unexpected.
The coexpression networks and GRNs provide
a conceptual framework for future detailed
studies in a model organism that is central to
food security and bioenergy. Our findings highlight the importance of studying gene regulation at multiple levels.
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Integration of omic networks in a developmental atlas of maize
Justin W. Walley, Ryan C. Sartor, Zhouxin Shen, Robert J. Schmitz,
Kevin J. Wu, Mark A. Urich, Joseph R. Nery, Laurie G. Smith,
James C. Schnable, Joseph. R. Ecker and Steven P. Briggs (August
18, 2016)
Science 353 (6301), 814-818. [doi: 10.1126/science.aag1125]

Patterns of development regulation within tissues
Expression of a given gene at the RNA level does not always correlate with expression at the
protein level for many organisms. Walley et al. have built an integrated atlas of gene expression and
regulatory networks in developing maize, using the same tissue samples to measure the transcriptome,
proteome, and phosphoproteome. Coexpression networks from the transcriptome and proteome showed
little overlap with each other, even though they showed enrichment of similar pathways. Integration of
mRNA, protein, and phosphoprotein data sets improved the predictive power of the gene regulatory
networks.
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