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A multi-omics integrative network map  
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Fang Yang    1,2,9  & Lin Li    1,2,9 

Networks are powerful tools to uncover functional roles of genes in 
phenotypic variation at a system-wide scale. Here, we constructed a maize 
network map that contains the genomic, transcriptomic, translatomic 
and proteomic networks across maize development. This map comprises 
over 2.8 million edges in more than 1,400 functional subnetworks, 
demonstrating an extensive network divergence of duplicated genes. We 
applied this map to identify factors regulating flowering time and identified 
2,651 genes enriched in eight subnetworks. We validated the functions of 20 
genes, including 18 with previously unknown connections to flowering time 
in maize. Furthermore, we uncovered a flowering pathway involving histone 
modification. The multi-omics integrative network map illustrates the 
principles of how molecular networks connect different types of genes and 
potential pathways to map a genome-wide functional landscape in maize, 
which should be applicable in a wide range of species.

With the rise of modern biological technologies, especially sequencing 
techniques of increasing scale, life sciences have entered an era of big 
biological data as a means to grapple with the inherent complexity of 
cells and organisms1,2. Although thousands of high-quality genome 
sequences and many genotype–phenotype associations have been 
uncovered using advanced biological and genetic techniques3, our 
understanding of complex traits remains limited4.

Networks are excellent tools for the inference of regulatory rela-
tionships between functional elements in eukaroytes3. Many networks 
have been constructed for humans and model animals, but only a 

few have been generated for plants (http://www.pathguide.org/). In 
Arabidopsis, a genome-wide map of binary protein–protein inter-
actions (PPIs) was generated from approximately 6,200 highly reli-
able interactions between approximately 2,700 proteins, revealing 
dramatic divergence of protein function4. In addition, a quantitative 
atlas of the transcriptomes, proteomes and phosphoproteomes of 30 
Arabidopsis tissues was recently assembled5. A system-level map of the 
Arabidopsis phytohormone signaling network, which was constructed 
using a stringent yeast two-hybrid mapping pipeline demonstrated 
the pleiotropic functions of phytohormone proteins6. In addition, 
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developmental atlas in this plant species15. However, a large-scale 
network map from genome to transcriptome and extending to the 
proteome is still lacking in maize. In this study, we assembled an integra-
tive network map that contains genomic, transcriptomic, translatomic 
and proteomic networks across maize development. The network map 
demonstrates that potential functional divergence exists at different 
layers for duplicated genes. The integrative network map offers a 
potential panoramic functional map of maize, which provides a tool 
for predicting gene function, dissecting cross-regulating relationships 
and unraveling molecular mechanisms underlying complex traits. As a 
proof of concept, we performed a genome-wide scan based on our inte-
grative network map and identified 2,651 flowering time (FT)-related 
genes, 20 of which were functionally validated in maize. Taking these 
findings together, we provide an integrative network resource and 
propose a state-of-the-art guidance system for large-scale functional 
gene cloning and the systematic dissection of complex traits.

Results
A landscape of molecular networks of different elements
To assemble a large-scale network map of maize, we integrated genomic 
networks identified by chromatin interaction analysis (ChIA) with 
paired-end-tag sequencing (PET)16; networks for all elements detect-
able by coexpression analyses across 31 different tissues and stages; 
networks determined by translatomic coexpression analyses across 
21 tissues and stages; and protein–protein physical interactions (Zea 
mays PPIs (ZmPPIs), interactome) identified by the yeast two-hybrid 
method RLL-Y2H17,18 across the development of the maize inbred line 
B73 (Supplementary Information, Supplementary Figs. 1–6, Extended 
Data Figs. 1–4 and Supplementary Tables 1–7). Based on high-quality 
data, we conducted a series of multi-omic analyses to dissect networks 
of detectable functional elements and modules, in which functional ele-
ments with potentially similar roles were significantly enriched (Meth-
ods, Supplementary Information, Supplementary Figs. 1–6, Extended 

cofractionation mass spectrometry was used to identify protein com-
plexes in 13 plant species7.

Large-scale network maps that bring multi-omics information 
together in one map are needed to systematically decode the mecha-
nisms underlying complex phenotypic variation. By integrating frame-
works of plant responses to jasmonic acid, scientists demonstrated a 
cross-regulatory network between phytohormone and stress signal-
ing pathways8. Integration of genome, transcriptome and proteome 
data in humans enables the dissection of cellular functions for most 
physiological or pathological cellular contexts9. Multi-omics large 
datasets not only profile the quantitative atlas of functional elements 
but also and importantly illustrate the regulating networks of genes 
from a large-scale, integrative perspective. Although there are ample 
coexpression networks at the transcriptome and proteome levels, no 
high-throughput PPI map has been produced in a multi-omics integra-
tive network in plants.

Advances in artificial intelligence, machine learning and deep 
learning have been applied to mining big biological data, provid-
ing robust tools for the systematic dissection of molecular mecha-
nisms underlying phenotypic variation10. Recently, diseaseQUEST, 
a network-based machine learning framework, predicted candidate 
genes and deciphered the potential molecular mechanisms behind 
25 different human diseases and traits11. Machine learning based on 
genome-wide epigenetic markers, informed by transcriptome and 
proteome data, was successfully used for the functional annotation 
of the maize (Zea mays L.) genome12. Therefore, the integration of big 
biological data and machine learning algorithms provides an unprec-
edented chance for understanding the functions of all genes, also 
known as a panoramic functional map13.

Maize, an important crop worldwide and an ideal biological and 
genetic model, has been extensively explored for genotypic and phe-
notypic variation14. Recently, large datasets of mRNAs, proteins and 
phosphoproteins have been successfully integrated to construct a 
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Fig. 1 | Different layers of genome-wide landscapes of the multi-omics 
network map. a, Genome-wide landscape of interactions in the maize genome; 
the numbers in each panel (from top to bottom) represent the numbers of 
functional elements (nodes), interactions (edges) and modules, respectively. 
b, Genome-wide landscape of networks at the coexpression level. c, Genome-
wide landscape of networks at the cotranslation level. d, Genome-wide 
landscape of interactions at the interactome level. e, Number of overlapping 
hub genes (nodes above the 90th percentile for the shared number of edges) 
between the coexpression, cotranslation and interactome levels. The dots at 
the bottom represent the types of intersections among each network layer 

(green, interactome only; dark orange, coexpression only; blue, cotranslation 
only; yellow, coexpression and cotranslation; dark purple, cotranslation and 
interactome; pink, coexpression and interactome; magenta, coexpression, 
cotranslation and interactome). f, Genome-wide landscape of integrative 
networks based on multi-omics analysis. g, An example of an integrative omics 
network for the well-known gene TGA1 involving an lncRNA (long orange line), a 
circRNA (orange lariat), an sRNA (short orange line) and protein-coding mRNAs 
(orange ovals). In a–d,f, the numbers from top to bottom represent the numbers 
of functional elements (nodes), interactions (edges) and modules, respectively.
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Data Figs. 1–4 and Supplementary Tables 1–7). Approximately 30,000 
genes formed over 2.8 million network edges in 1,412 modules at the 
multi-omics levels (Fig. 1 and Supplementary Table 6). Notably, 15,476 
protein-coding genes generated 56,243 high-confidence ZmPPIs (a 
relative precision of 78%) filtered from over 360,000 PPIs (a relative 
precision rate of 41%) and formed 1,147 modules. Although the ZmPPI 
dataset is far from saturation (Supplementary Fig. 2), it is a large-scale 
PPI dataset obtained by wet lab experiments in plants.

The multi-omics functional networks exhibited markedly different 
topological hierarchies (Fig. 1a–d). Based on different confidence cut-
offs (Methods), we grouped the networks into low- and high-confidence 
versions, which showed similar trends (Supplementary Fig. 7). We used 
the high-confidence networks for subsequent analyses. Although a 
subset of hub nodes (functional elements) from different omics data 
overlapped (Fig. 1e and Supplementary Fig. 7), the overall transitivity 
coefficients were 0.254 in the three-dimensional networks, 0.501 in the 
coexpression network, 0.465 in the cotranslation network and 0.005 
in the interactome (Supplementary Table 6), highlighting the distinct 
topological structure of each regulating layer (Fig. 1a–e).

To circumvent the limitations of nonsaturation in our individual 
networks and obtain all possible interactions in a temporally and spa-
tially resolved manner, we integrated the networks from different 
layers. In all, we detected 407,721 functional elements and built an 
integrative interaction map with >2.8 million edges (Fig. 1f, Extended 
Data Fig. 1, Supplementary Fig. 8 and Supplementary Table 6). Diverse 
regulating elements (32,758 mRNAs, 4,013 long noncoding RNAs 
(lncRNAs), 152 microRNAs (miRNAs), 10 fusion RNAs and 183 circu-
lar RNAs (circRNAs) were involved in this network): for example, we 
detected coexpression between teosinte glume architecture1 (TGA1, 
Zm00001d049822) mRNA19 and one lncRNA (coexpression correla-
tion coefficient R = 0.851), one circRNA (R = 0.848) and one miRNA 
(R = 0.846) (Fig. 1g). We have developed a user-friendly website to 
host all the expression and network information (http://minterac-
tome.ncpgr.cn/). In summary, the integrative omics map provides a 
large-scale picture of a complex plant network.

Type and age of duplications related to network divergence
Evolution of gene function is often preceded by whole-genome dupli-
cation (WGD), tandem duplication (tandem), proximal duplication 
(proximal) or duplications mediated by transpositions (transposed) 
and duplications of dispersed origin (dispersed) (Fig. 2a)20,21. Network 
modules group genes that potentially participate in the same process. 
The shortest distance (SD; Methods) is a metric that represents the 
shortest path between a pair of nodes within a network. When applied to 
duplicated genes, a large SD suggests that the two genes are functionally 
different. All duplicated genes had a significantly higher probability 

of belonging to the same module (Fig. 2b) and had a lower SD (Fig. 2c) 
than non-paralogous genes. Tandem and proximal genes were most 
likely to be enriched in the same network modules, whereas transposed 
and dispersed genes were least likely. Gene pairs resulting from WGD, 
tandem and proximal duplications had the lowest SD values, indicating 
that they are the least functionally divergent, whereas those derived 
from transposed and dispersed duplications had the highest SD values, 
suggesting that they are the most functionally divergent (Fig. 2b,c).

To further explore the network divergence of duplicated gene 
pairs from an evolutionary perspective, we introduced two indices, the 
Simpson index (SAB) and the divergence index (DAB). The SAB evaluates 
the similarity between two nodes, while the DAB measures the network 
divergence of two genes, and these indices are collectively a good indi-
cator of functional divergence (Fig. 2d). Based on SAB and DAB values, we 
classified all duplicated genes into five divergence patterns (Methods), 
with a clear gradual decrease seen in the extent of network similarity 
between the two genes as differentiation increased from type I to type 
V (Fig. 2d). These five patterns potentially represent various types 
of functional evolution: conservation (type I), subfunctionalization 
(type II), neofunctionalization (types III and IV) and nonfunctionaliza-
tion/specialization (type V)22. Notably, overall the enrichment ratios 
gradually decreased from type I to type V compared to background, 
indicating that duplicated genes share a stronger network similarity 
than would be expected by chance (Fig. 2e). Different types of dupli-
cations, such as WGD and tandem, showed the same trend (Fig. 2f and 
Extended Data Fig. 5). Moreover, the proportions of different types of 
network divergence varied across genetic layers (Fig. 2g and Extended 
Data Fig. 5). Interestingly, we observed a dynamic rewiring of networks 
after gene duplication events from the coexpression to the cotransla-
tion to the interactome level. Our results indicate that approximately 
41% of the duplicates were consistent across different omics layer, 
while approximately 35% were associated with network divergence and 
approximately 24% were associated with network convergence (Supple-
mentary Fig. 9). For example, the duplicated genes Zm00001d049815 
and Zm00001d031611 displayed a progressive network rewiring from 
the coexpression to the cotranslation to the interactome level (Fig. 2h). 
Importantly, the proportions of duplicated genes originating at differ-
ent times in the past varied dramatically from type I to V, suggesting 
that nonfunctionalization, neofunctionalization and specialization are 
more likely to be associated with older duplications, whereas functional 
conservation is more likely for the most recent duplications (Fig. 2i). 
This relationship of network divergence to duplication age became 
clearer from the coexpression to the cotranslation to the interactome. 
Together, these results indicate that our integrative network map 
encompasses potentially evolutionary information relevant to the 
dissection of gene function in an evolutionary perspective.

Fig. 2 | Network similarity and divergence between duplicated genes 
across different omics layers. a, Schematic diagram showing the different 
gene duplication types. Duplications are classified into five major patterns: 
WGD, derived from whole-genome duplication; tandem, adjacent on the same 
chromosome; proximal, near each other but separated by ≤10 genes; transposed, 
arising through distantly transposed duplications; dispersed, other unknown 
duplication types. b, Percentage of different types of duplicated genes enriched 
within the same module across different networks. c, SD between different 
duplications across different networks. n = 154, 244, 1,907, 1,792, 3,600 and 2,970 
for tandem, proximal, WGD, transposed, dispersed and non-paralogous pairs of 
coexpression networks, respectively; n = 131, 179, 2,285, 2,233, 4,265 and 3,016 
for tandem, proximal, WGD, transposed, dispersed and non-paralogous pairs 
of cotranslation networks, respectively; n = 76, 121, 1,757, 1,623, 3,051 and 2,155 
for tandem, proximal, WGD, transposed, dispersed and non-paralogous pairs 
of interactomes, respectively. P values were calculated by two-sided Student’s 
t-test. The middle line represents the mean value and the width of the upper 
and lower lines represents the s.e. d, Five functional patterns were classified for 
duplicated genes according to the two indices DAB and SAB. Type I, 0 ≤ DAB < 0.5 
and 0.5 ≤ SAB ≤ 1; type II, 0.5 ≤ DAB ≤ 1 and 0.5 ≤ SAB ≤ 1; type III, 0 ≤ DAB < 0.5 and 

0 ≤ SAB < 0.5; Type IV, 0.5 ≤ DAB ≤ 1 and 0 ≤ SAB < 0.5; Type V: N(A) = 0 or N(B) = 0. 
Pairs of numbers (for example, 0.25 and 0.75) in black in the middle represent DAB 
and SAB values of the network. The numbers at the bottom of the panels represent 
the numbers of each divergence type at the coexpression (orange), cotranslation 
(blue) and interactome (green) levels. e, Relative enrichment and depletion of 
the five divergence patterns for all duplicated genes across different networks 
at the coexpression, cotranslation and interactome levels. The asterisks indicate 
significant enrichment. P values were calculated by chi-squared test (obs and 
exp indicate observed and expected values, respectively). f, Relative enrichment 
and depletion of the five divergence patterns for WGD duplicated genes. P values 
were calculated by chi-squared test. g, Trend changes of the five divergence types 
for WGD duplicated genes across three different networks at the coexpression, 
cotranslation and interactome levels. Different colors distinguish different 
divergence types of changes from the coexpression network to the interactome. 
h, An example of a network from a pair of duplicated genes, Zm00001d049815 
and Zm00001d031611 (in brown), changing across three different network 
levels; blue represents the shared nodes and gray represents unshared nodes. 
i, Distribution of different divergence patterns for duplicated genes that 
originated at different time periods.

http://www.nature.com/naturegenetics
http://minteractome.ncpgr.cn/
http://minteractome.ncpgr.cn/


Nature Genetics

Article https://doi.org/10.1038/s41588-022-01262-1

Variable network divergence of maize subgenomes
Maize is an allotetraploid species with distinct ancient subgenomes, 
designated here as maize1 and maize2, which exhibit asymmetric 

divergence in both gene content and expression levels23. Although 
maize1, the dominant subgenome, contains more orthologs and highly 
expressed genes than maize2, past studies did not find regulating bias, 
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probably because they only assessed this question at a single level23,24. 
Therefore, we dissected the regulating bias of the two subgenomes in 
more detail by classifying all subgenome genes into two groups: maize1 
genes with retained maize2 orthologs and maize2 genes with retained 
maize1 orthologs. We then compared the degree (a network attribute; 
the number of edges of a node) of genes from each group at different 
omics levels. To this end, we calculated the variation in the degree 
of genes from the two different groups. We detected no significant 
differences between the subgenomes at the coexpression level. The 
difference increased but was still not significant at the cotranslation 
level. However, we observed a significant difference at the interac-
tome level between the two subgenomes, as reflected by the degree 
values (Fig. 3a), which suggests the functional importance of genes and 
nodes25. Additionally, we quantified the overall difference of the degree 
of genes in a sliding window (100 genes) in the ancient maize subge-
nomes derived from the Sorghum genome as previously published23. 
We detected more dominant bins for the maize1 subgenome from the 
coexpression to the cotranslation to the interactome level, suggesting 
that differences in network connectivity of the subgenomes vary across 
the three network levels (Fig. 3b and Supplementary Figs. 10 and 11).

Functional networks of important genes
The integrative network map can reconstruct the functional connec-
tions of well-known genes and uncover new regulating genes with 
similar functions (Fig. 4). We explored a subnetwork involving three 
key tillering genes, teosinte branched 1 (Tb1, Zm00001d033673)26, 

grassy tillers 1 (Gt1, Zm00001d028129)27 and tassels replace upper ears 
1 (Tru1, Zm00001d042111)28–34. Loss-of-function mutations in any of 
these genes lead to the formation of more tillers, a characteristic of 
the maize ancestor teosinte. Tb1, Gt1 and Tru1 were all part of a coex-
pression network with ZmALOG1 (Zm00001d003057) and ZmALOG2 
(Zm00001d032696), two genes of unknown function belonging to the 
Arabidopsis LSH1 and Oryza G1 (ALOG) transcription factor family (Fig. 
4a). Notably, the loss-of-function mutations in ZmALOG1 and ZmALOG2 
obtained by CRISPR- or CRISPR–Cas9-mediated gene editing led to 
higher tillering, similar to the tb1, gt1 and tru1 mutants (Fig. 4b and 
Extended Data Fig. 6a). Moreover, yeast two-hybrid assays indicated 
that ZmALOG1 and ZmALOG2 can interact with TB1 (Fig. 4c). These 
results demonstrate that the network edges between known and 
unknown genes in subnetworks have potential biological meaning. 
Therefore, our maize network map can be used to generate hypoth-
eses about the functions of genes of interest, as well as their putative 
network pathways.

The integrative map contains functional subnetworks with molec-
ular relationships for genes of potentially similar genetic functions 
(Fig. 4d). CUP-SHAPED COTYLEDON (CUC) genes establish boundaries 
between organs in many plant species35. However, the roles of CUC 
genes in maize have not been well characterized. To test the suitabil-
ity of the maize network map for discovering the functions of genes 
of interest, we searched the subnetworks for the maize CUC genes 
(ZmCUC3, Zm00001d031463; ZmNAM1, Zm00001d035266; ZmNAM2, 
Zm00001d041791); these three genes interacted with tassel sheath1 
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30 cm. c, Protein interactions of ZmALOG1 and ZmALOG2 with TRU1 and TB1 
were confirmed by yeast two-hybrid assays (AD, active domain of GAL4 protein; 
BD means DNA-binding domian of GAL4 protein). d, Network showing that 
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weights. e, The CRISPR–Cas9-mediated knockout mutants of ZmNAM1 and 
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is 5.5 times. Scale bar, 5 cm. f, Construction of regulating networks that uncover 
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unknown function (Zm00001d003047) was identified in the newly constructed 
regulating network based on the multi-omics functional map of well-known 
kernel-related genes. h, The shrunken kernel phenotype of the knockout mutant 
of Zm00001d003047 cosegregates with the genotype and the distribution of 
phenotypes and genotypes fits a 3:1 segregation ratio. Scale bar, 1 cm.
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(Tsh1, Zm00001d039113), barren stalk1 (Ba1, Zm00001d042989) 
and pin-formed1 (ZmPIN1, Zm00001d044812) (Fig. 4d). The proteins 
encoded by these genes (or their homologs) function in lateral organ 
formation and development in maize or other species28–34. Thus, we 
reasoned that these maize CUC-like genes might have roles in lateral 
organ development. Indeed, loss-of-function zmnam1 and zmnam2 
single and double mutants generated by CRISPR–Cas9-mediated gene 
editing were defective in lateral bud formation (Fig. 4e and Extended 
Data Fig. 6b), confirming that the products of these genes have con-
served roles in lateral organ formation by establishing boundaries, 
which are required for proper lateral meristem initiation. The interac-
tions between the ZmCUC genes and other genes in the subnetwork, 
including Pin1, Tsh1 and the unknown genes basic helix-loop-helix 168 
(bHLH168, Zm00001d003806) and MADS36 (Zm00001d043589), are 
candidates for further research.

The integrative network map can also illustrate the molecular reg-
ulating relationships of genes that were cloned separately for complex 
traits. Maize kernel size and weight are important components of maize 
yield and have been investigated intensively. A total of 63 well-known 
kernel mutant genes have been functionally cloned (Supplementary 
Table 8). We identified 62 of these 63 genes in the integrative network 
map and randomly divided them into two groups. Of the 62 genes, we 
used 45 genes for the extraction of kernel-related subnetworks, while 
we retained the remaining 17 genes as a test set by assessing whether 
they were significantly enriched in the extracted kernel-related subnet-
works and thus validate the robustness of the kernel-related regulating 
networks extracted from our integrative network map. The subnet-
works obtained with the 45 randomly selected kernel genes (1,000 
simulations) successfully predicted an average of 52% of the validated 
kernel genes (up to 82%), a value significantly higher (P < 1.0 × 10−16) 
than that for control subnetworks constructed with randomly selected 
and functionally unrelated genes (Supplementary Fig. 12a). Notably, 
all 62 kernel genes were significantly (P < 1.0 × 10−16) assembled into 
one linked subnetwork (more than random) (Fig. 4f), which could be 
divided into six submodules. The genes in each submodule were sig-
nificantly enriched in the functional groups of embryo development, 
starch metabolic process, sugar-mediated signaling pathway and 
metabolic process. Among these genes, the mutation via CRISPR–Cas9 
gene editing of a previously unreported gene, Zm00001d003047, 
encoding a pentatricopeptide repeat-containing (PPR) protein, led 
to shrunken kernels (Fig. 4f–h and Supplementary Fig. 12b). Using 
the maize network map, we also successfully reconstructed regulat-
ing networks involved in the starch synthesis pathway36–39 and other 
established pathways (Extended Data Fig. 7 and Supplementary Tables 
9 and 10). Thus, the maize network map is a powerful tool for exploring 
and assembling gene regulating networks underlying complex traits.

Predicting novel functional genes for FT
FT is an important agronomic trait involved in the adaptation of maize 
to a wide range of climates worldwide40–42. Although many key FT genes 
in maize have been cloned (Supplementary Table 11), much remains 
to be learned about the genetic control and molecular mechanisms 
underlying this trait. To explore the potential regulating networks, 

we constructed a prediction model based on the integrative map and a 
machine learning method using known FT genes (functionally cloned 
FT genes in maize and maize homologs of FT genes cloned in other 
species) as the training dataset (Methods, Extended Data Fig. 8 and 
Supplementary Figs. 13 and 14). The model showed high prediction 
accuracy and different layers of the interaction map had variable predic-
tion power, with area under the curve (AUC) values ranging from 0.67 to 
0.93 (Fig. 5a and Supplementary Fig. 14). We predicted that 2,651 genes 
are associated with FT (Supplementary Table 12), reflecting the highly 
complex molecular mechanism underling FT in maize. We assessed the 
SD between each known validated FT gene and all predicted FT genes. 
The predicted FT genes had significantly lower SD values (to well-known 
FT genes) compared to those obtained against background genes (Fig. 
5b). Compared to background genes, the predicted FT genes were sig-
nificantly enriched both in the Arabidopsis homology dataset and in a 
genome-wide association study of single-nucleotide polymorphisms43 
associated with FT(Extended Data Fig. 9a).

Furthermore, based on a previous gene regulatory model44 and 
our integrative network, we identified eight molecular subnetworks 
associated with FT in maize: the light transduction pathway, circadian 
clock, the photoperiod pathway, the autonomous pathway, the gib-
berellin (GA) pathway, a pathway for the maintenance of inflorescence 
meristem identity (integrator), the floral transition pathway and an 
unknown pathway including genes with different predicted functions 
(Fig. 5c, Extended Data Fig. 9b and Supplementary Table 13). As a test, 
we knocked out one gene, Zm00001d021291 (ZmPRR95a, a homolog 
of the Arabidopsis circadian clock component PSEUDO-RESPONSE 
REGULATOR 9 (PRR9, AT2G46790))45, via CRISPR–Cas9-mediated gene 
editing (Fig. 5d, Extended Data Fig. 9 and Supplementary Fig. 15). We 
evaluated the mutants in the field for three FT-related traits (DTA, days 
to anthesis; DTT, days to tasseling; DTS, days to silking). Mutant lines 
carrying either of two edited alleles displayed a significant delay in their 
FT in Yunnan in the summer of 2018 and in Jilin in the summer of 2019 
compared to their wild-type (WT) siblings (Fig. 5e and Supplementary 
Table 13). We also generated a knockout for Zm00001d006918, encod-
ing a MYST histone acetyl transferase46, from an unknown FT pathway, 
via CRISPR–Cas9-mediated gene editing. We determined that two inde-
pendent knockout lines flowered later than their WT siblings (Fig. 5f–h).

In total, we confirmed 20 genes (of which 7 predicted FT genes 
were completely new genes without evidence for a function in FT in any 
plant species, 11 predicted FT genes were not validated genes in maize 
but had homologs in other species affecting FT and 2 were well-known 
FT maize genes associated with FT when comparing the FT of their 
respective mutant and WT lines either in two or more field environ-
ments or with an extremely significant difference in one environment) 
(Fig. 5d–h, Supplementary Figs. 15–33 and Supplementary Tables 
13 and 14). Together, the results of all these knockout mutagenesis 
experiments suggest a high robustness for the prediction of FT genes 
by machine learning using our integrative network map.

The 20 validated genes provided an ideal gene resource to advance 
our understanding of the regulating network underlying maize FT by 
exploiting our integrative network map (Fig. 5d–h, Extended Data 
Fig. 9 and Supplementary Figs. 15–33). For example, five genes were 

Fig. 5 | The integrative functional map facilitates systematic dissection of 
the molecular mechanisms underlying FT in maize. a, Distribution of the AUC 
values (n = 20) for different layers of the network map, obtained using machine 
learning to predict FT-related genes. The middle dot represents the mean value 
and the width of the left and right lines represents the s.d. b, Distribution of SD 
values for predicted FT genes and background genes to well-known FT genes. 
c, Validated FT genes (including well-known genes and those newly validated in 
this study) and their interacting genes could be classified into eight pathways. 
d,e, Validation of the function of Zm00001d021291 by CRISPR–Cas9-mediated 
gene editing. d, Two knockout alleles were obtained and tested. e, Mutants 
in Zm00001d021291 delay FT compared to WT plants. f–h, Validation of the 

function of Zm00001d006918 by CRISPR–Cas9-mediated gene editing.  
f, Schematic diagram of the gene model and mutations identified in two alleles. 
g, The Zm00001d006918-2 mutant shows delayed FT (in DTA) compared to the 
WT line. Scale bar, 5 cm. h, Two mutant alleles in Zm00001d006918 significantly 
delayed FT compared to WT plants. e,h, P values were calculated by one-sided, 
equal variance Student’s t-test. The box middle line represents the median, the 
box edges represent the 25th and 75th percentiles and the whiskers represent 
values that do not exceed more than 1.5 times the interquartile range; further 
outliers were marked individually. n indicates the total number of plants 
examined. JL: Gongzhuling, Jilin, China; YN: Xishuangbanna, Yunnan, China;  
HN: Sanya, Hainan, China. C, spring; X, summer; D, winter.
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associated with the circadian clock, including Zm00001d006198 
(encoding a B-box zinc finger protein; Supplementary Fig. 16), a gene 
that had not been identified in previous studies. Interestingly, we also 

uncovered an unknown FT pathway consisting of eight genes, includ-
ing Zm00001d006918 (encoding a histone acetyl transferase MYST 
family 101 member; Fig. 5f–h, Extended Data Fig. 9 and Supplementary  
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Fig. 15b), Zm00001d028173 (FRIGIDA-like protein 1) and others 
(Extended Data Fig. 9 and Supplementary Figs. 17–21). Homologs of 
these genes in Arabidopsis regulate the vernalization response gene 
FLOWERING LOCUS C (FLC, AT5G10140) via epigenetic modification 
(H4K5ace47; antisense RNA synthesis48) and nuclear complex forma-
tion49. Although vernalization does not occur in maize, maize genes 
whose homologs in Arabidopsis function in vernalization showed 
evidence of function in maize FT pathways. The unexpected discovery 
of this unknown complex FT pathway in maize lays the foundation for 
studying the relationship between FT and vernalization during maize 
domestication in the future24,40.

Given that we systematically uncovered and validated a series of 
molecular pathways underlying FT in maize, we asked whether genes 
from these pathways might contribute to FT in a consistent fashion. 
Loss-of-function mutants of FT genes grown in the same environment 
(Shandong, China in the summer of 2020) exhibited a wide range of 
significant effects on the timing of flowering (Supplementary Fig. 34 
and Supplementary Table 13). Interestingly, loss-of-function mutations 
of genes from the same pathway had inconsistent genetic effects on FT 
(Supplementary Fig. 34), suggesting a complex regulatory mechanism 
influencing FT in maize.

Discussion
Genetic information is transferred from the genome to the transcrip-
tome, the translatome and finally the proteome. This flow of informa-
tion is regulated at multiple levels simultaneously2. Dissecting these 
regulating networks at multiple omics levels is a highly efficient way 
to explore highly dynamic and complex functional genomics2. In con-
trast to existing regulatory network maps (the relationships between 
transcription factors and downstream target genes) in plants4,15, our 
maize multi-omics network map involves different layers of genetic 
information flow, representing a valuable large-scale network in plants. 
However, the network is far from saturated, especially for the interac-
tome. To examine binary PPIs, we screened only 7,623 bait proteins 
against 21,964 prey proteins, thus representing only 10% of all possible 
PPIs. Furthermore, the current interactome describes only intra-omic 
interactions and not inter-omic interactions, such as protein–DNA or 
protein–RNA interactions, which will be valuable research for improv-
ing the integrative omics map.

Our integrative multi-omics network map allows us to compare the 
effects of mutations at different genetic levels at a larger evolutionary 
scale from the Eukaryota to the Zea linage stage. The transcriptome 
is the first step of genetic information, which can rapidly respond to 
changes in the environment50. A single perturbation in the transcrip-
tome is usually violent; however, it only results in marginal effects on 
function due to several buffering mechanisms, such as the compensa-
tion effect from duplicated genes51. Gene translation is directly associ-
ated with protein abundance. Variation in the translatome is usually 
also quantitative, as with the transcriptome. Nevertheless, mutations 
affecting proteins could lead to a different scenario given that proteins 
are the direct players of gene function. Mutations in protein-coding 
sequences are risky and can lead to amino acid changes or turbulent 
protein structure50, as demonstrated by the greater divergence at the 
interactome level compared to the coexpression and cotranslation 
levels (Figs. 2 and 3). Perhaps variation of the promoter sequence 
may explain the regulatory divergence, while the accumulation of 
mutations in the protein-coding region may explain the divergence 
in the interactome.

Previous studies have used coexpression and PPI networks to 
identify candidate genes associated with a specific pathway or other 
well-known genes52,53. However, those methods were usually based on 
a single network layer, making them relatively inaccurate. Here, we 
showed that our multi-omics interaction map combining machine 
learning classifiers can facilitate the prediction of gene function 
and help elucidate the molecular mechanisms underlying complex 

phenotypes. In this study, we not only globally predicted functional 
genes for FT that have been functionally validated by multiple mutants 
and mutagenesis approaches, but we also dissected the complex molec-
ular networks underlying FT in maize. Thus, our integrative network 
map paves the way for the systematic prediction of novel genes con-
trolling agronomic traits. Coupled with genome editing technologies 
and machine learning, the multi-omics network map can guide the 
systematic engineering of agronomically important traits in the future.
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Methods
Plant materials
Thirty-one tissues or stages (Supplementary Table 1) were sampled 
from B73 maize plants grown in a greenhouse. The plants were grown 
under a 12-h light–12-h dark photoperiod at 25 °C. Two biological repli-
cates were collected per tissue. Total RNA was extracted from 5–10 indi-
vidual plants per replicate. Two biological replicates were separately 
used for sequencing. Notably, the transcriptomic and translatomic 
datasets of five tissues (Root-14DAS, Seedling-14DAS, Stem-14DAS, 
Leaf-14DAS, Tassel-V12) were generated in our previous study54 (see 
‘Data availability’). Detailed bioinformatics scripts and the resulting 
data have been deposited in GitHub (https://github.com/hanlinqian/
IntegrativeNetworkMap) and a bioinformatics analysis flowchart can 
be found in Extended Data Fig. 10.

RNA-sequencing analysis
RNA isolation, library construction and sequencing. The processes 
of RNA isolation, library construction and sequencing are described 
in the Supplementary Information.

Quality control of raw data. BGI used SOAPnuke2.1.6 (ref. 55) to pro-
cess the raw RNA-sequencing (RNA-seq) and circRNA-seq data with 
the parameters -n 0.1 -q 0.5 -l 12. Low-quality raw sRNA-seq reads were 
filtered and adaptors were removed using cutadapt v.1.9.1 (https://
cutadapt.readthedocs.io/en/stable/) with the parameters -q 20,20 
and -a AGTCGGAGGCCAAGCGGTCTTAGGAA.

Identification and quantification of total RNA. Clean RNA-seq reads 
from the 31 tissues or stages were mapped to unique locations in the 
B73 AGPv4 reference genome using the default parameters of HISAT2 
(2.1.0)56. The mapping and quantification of the transcriptome were 
conducted using StringTie (v.1.3.0-foss-2016b)57 with the parameter 
-G -e -A.

Identification and quantification of lncRNAs. The improved version 
of LncRNA_Finder58 was used to identify lncRNAs from total RNA. 
Transcripts longer than >300 nucleotides were removed because 
>95% of the protein-coding genes encode proteins with >100 amino 
acids59. The remaining transcripts were used as an input for CPC2 (ref. 
60), which rapidly and accurately assesses the coding ability of RNAs 
to discriminate and remove potential protein-coding transcripts. To 
remove housekeeping RNAs, including tRNAs (http://gtrnadb.ucsc.
edu/), rRNAs (http://maize.jcvi.org/), snRNAs and snoRNAs (http://
noncode.org/); the remaining transcripts were compared to the listed 
housekeeping RNA databases. The remaining transcripts were consid-
ered to be lncRNAs. StringTie57 was used to quantify lncRNA expression 
levels with the parameters -G -e --A.

Identification and quantification of fusion RNAs. Mapsplice 
(v.2.1.8)61 was used to identify fusion RNAs from total RNA-seq data 
from each tissue. The following filtering steps were performed to 
obtain high-confidence fusion RNAs. First, poly(A) sequences were 
removed using the following criteria: the proportion of As and Ts was 
taken as 40% and the proportion of As and Ts was taken as >80%. Sec-
ond, to remove fusion RNAs formed by homologous genes, the two 
parental genes (overlapping sequences of >50 bp) that formed the 
fusion RNA were identified, and the similarity between the parental 
genes was monitored. If no corresponding parental genes were found 
(overlapping sequences of <50 bp), the sequences were extended 
500 bp upstream and downstream of the splicing site, and the extended 
sequences were aligned to the maize AGPv4 reference genome to iden-
tify the parental genes. The remaining fusion RNAs were compared to 
the genome with BLAST (v.2.2.18)62, and the number of bases overlap-
ping the splicing site was manually checked. Only fusion RNAs with <7 
overlapping bases were retained. Third, because some fusion RNAs 

with high sequence identity might be the same fusion RNAs, BLAST62 
analysis was performed to divide the highly similar fusion RNAs into 
groups and the fusion RNAs with the highest number of reads in each 
group were retained. Fourth, to validate the identified fusion RNAs, 
their sequences were compared to their original sequences using 
TopHat (v.2.1.1)63, and RNAs that matched at least six bases and had a 
read coverage of at least three at the junction site were retained. The 
normalized expression levels of fusion RNAs were calculated by the 
number of reads mapped to a fusion junction locus from a given tissue 
divided by all the reads mapped.

circRNA identification and quantification. To obtain clean reads 
from circRNA-seq, FastUniq (v.1.0)64 was used to remove duplicates 
introduced by PCR amplification during high-throughput sequencing. 
CIRCexplorer2 (v.2.0.1)65 was used to align and quantify the expression 
levels of the circRNAs. The mean counts of junction reads per mapped 
billion reads (CPM) values were calculated as the normalized expres-
sion level of each transcript. The CPM formula for circRNAs is as follows:

CPMc =
Readsj × 106

Readsm

where Readsj is the number of junction reads and Readsm is the number 
of mapped reads.

sRNA identification and quantification. sRNAs were identified and 
quantified as described by Wang et al.66 with slight modifications. 
After removing low-quality reads and eliminating those matching 
tRNAs, rRNAs, snRNAs and snoRNAs, the retained clean reads from 21 
tissues or stages that were 18–26 nucleotides in size were mapped to the 
maize AGPv4 reference genome using Bowtie (v.1.1.2) with parameters 
of unique location and no mismatch67–70. All samples were merged 
and the read number was calculated using SAMtools (v.1.5)71; only 
sRNAs with more than 6× coverage were retained. Given that sRNAs 
are distributed in clusters throughout the maize genome and that gap 
distance is defined as the distance between two neighboring clusters, 
we compared the coverage of chromosomes between two neighboring 
sRNA clusters using different gap distances and selected a coverage of 
6× and a 300-bp gap distance as the thresholds for identifying sRNAs. 
For each sample, the number of sRNA reads in each sRNA cluster was 
calculated and reconstructed as a matrix, with each row representing 
an sRNA cluster and each column representing a sample. Read abun-
dances were normalized based on library size by scaling to transcript 
per million (TPM) to allow direct comparisons across libraries.

Ribo-sequencing: preparation, sequencing and analysis
The methods for ribosome profiling and sequencing are described in 
the Supplementary Information. Two high-quality biological replicates 
of 21 tissues or stages were subjected to Ribo-sequencing (Ribo-seq) 
in our study. After removal of adaptors and quality control by SOAP-
nuke (v.2.1.6)55, the Ribo-seq reads were aligned to the rRNA reference 
sequence from the NCBI using Bowtie (1.1.2)72 to remove reads derived 
from rRNAs. Then, cleaned Ribo-seq reads were mapped to the maize 
AGPv4 reference genome68. Expression levels were measured with 
HISAT and StringTie56,57,67. Only reads that mapped to unique coding 
sequences were used to calculate translational abundance.

PPIs
PCR amplification. Total RNA was extracted from 20 tissues separately 
using a Direct-zol RNA Miniprep kit (cat. no. R2061, Zymo Research). 
Total RNA was divided into eight groups (Supplementary Table 2) based 
on tissue type. Equal amounts of RNA from each group were pooled. 
Approximately 2 μg pooled RNA was used to generate first-strand com-
plementary DNA (cDNA) using Clontech’s SMART technology73 accord-
ing to Clontech’s Make Your Own Mate & Plate Library System User 
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Manual (protocol no. PT4085-1) with modified primers. These modified 
primers were applied to modified pGADT7 (mAD) or modified pGBKT7 
(mBD) vectors from a previously reported recombination-based library 
versus a library high-throughput yeast two-hybrid (RLL-Y2H) screening 
system17 and included modified SMART III oligonucleotide primers 
(Supplementary Table 15) and modified oligo(dT) primers (Supplemen-
tary Table 15). The first-strand cDNA was amplified to obtain full-length 
double-stranded cDNA using a KAPA HiFi HotStart ReadyMix PCR kit 
(cat. no. KK2631, KAPA) with specific primers (for mAD: mAD-F and 
mAD-R; for mBD: mBD-F and mBD-R; Supplementary Table 15). Next, 
the abundance of full-length double-stranded cDNA was normalized 
as described previously74 and 10 μg of normalized cDNA was used for 
each yeast transformation.

Yeast library construction. Modified mAD and mBD vectors were 
used to construct a maize cDNA yeast library according to the Clon-
tech Y2H transformation method. The mAD and mBD vectors were 
digested with the restriction enzymes BamHI and NdeI. Each 10 μg of 
PCR-amplified cDNA fragment was mixed with 5 μg of linearized mAD 
or mBD vector and used to cotransform 6 ml of Y187 or Y2H competent 
yeast cells, respectively, with the Yeastmaker Yeast Transformation 
System (cat. nos. 630439, 630489 and 630490, Clontech) according 
to the manufacturer’s protocol. The cells were plated onto synthetic 
defined medium without leucine (mAD clones) or synthetic defined 
medium without tryptophan + X-α-galactose (mBD clones) and grown 
for 3–4 d at 30 °C. All blue clones (generated by self-activation) in the 
BD library were removed.

Yeast mating, plasmid isolation and PPI sequencing. The processes 
of yeast mating, plasmid isolation and PPI sequencing are described in 
the Supplementary Information.

Removal of auto-activators in the Y2H screens. We also performed 
yeast mating between a yeast strain harboring the empty AD vector 
and yeast strains containing cDNA libraries (with each clone fused 
to the GAL4 DNA-binding domain). A few surviving clones on syn-
thetic defined medium without tryptophan, leucine, histidine and 
adenine were obtained and collected for PacBio sequencing. The genes 
corresponding to these clones were considered as auto-activators. 
Any PPIs involving these auto-activators were removed from our 
high-confidence ZmPPI dataset.

Bimolecular fluorescence complementation assays
Details of these assays are described in the Supplementary Information.

PPI analysis
The libraries were sequenced on the PacBio platform, and circular 
consensus sequencing (CCS) reads were called using SMRTLink 
(v.5.1.0.26412) (https://www.pacb.com/support/software-downloads/). 
The following analysis was performed to obtain PPIs. First, reads in 
FASTA format were extracted from BAM files using SAMtools (v.1.9)71. 
Next, because ten barcoded samples were combined to generate each 
sequencing library, reads were demultiplexed into individual libraries 
based on their barcode sequences using cutadapt (v.1.9.1)75. The param-
eters -e and -m for running read separation were 0.3 and 200, respec-
tively. The reads were aligned to the coding sequence data from the 
maize AGPv4 reference genome to identify candidate PPI genes using 
BLAST+ (v.2.7.1)62. Only PPI genes with a BLAST e-value <1.0 × 10−4 that 
matched two genes were retained. Lastly, the mAD-primer, mBD-primer 
and recombination sequence (Supplementary Table 15) were aligned 
to the retained CCS reads using needle (http://biopython.org/DIST/
docs/tutorial/Tutorial.html#htoc86). If a CCS contained sequences 
from two different genes, and the primer and recombination sequences 
were aligned consistently, the proteins encoded by the two genes were 
considered to be interacting proteins.

The PPIs were divided into three confidence groups based on the 
probability of self-activation. Low-confidence PPIs indicate interac-
tion edges detected using offline data. Because the mating of yeast 
prey libraries with empty bait (BD) vector generated interaction sig-
nals (self-activation), to remove the edges caused by self-activation, 
all PPIs involving eight empty BD libraries were removed to obtain 
medium-confidence PPIs. To further remove false PPIs introduced by 
self-activation, PPIs identified using empty vectors were used as the 
positive training data, true PPIs confirmed by bimolecular fluorescence 
complementation were used as the negative training data and the fre-
quencies of each gene in the AD and BD libraries were used as training 
features to estimate the self-activating genes using the M5P machine 
learning classification algorithm (https://cran.r-project.org/web/pack-
ages/RWeka/index.html). Edges for genes producing self-activation in 
the BD library were removed, and the remaining PPIs were considered to 
be high-confidence PPIs. The saturation detection in each library used 
the nls function from the R package, with the parameters Vm = 30,000, 
K = 30′ (Supplementary Fig. 2).

Construction of coexpression networks
An expression matrix of 37,180 elements (31,294 genes, 5,427 lncR-
NAs, 12 fusion RNAs, 289 circRNAs and 158 miRNAs) detected in 
more than 10 distinct tissues or stages was used to construct a tran-
scriptome coexpression network. WGCNA (v.1.70-3)76 was used to 
construct the coexpression networks with default parameters. Slim 
coexpression networks were constructed using 30,963 annotated 
protein-coding genes, and a slim coexpression network was used in 
all functional analyses.

Construction of an integrative omics database
Four omic datasets were used to construct an integrative multi-omics 
database including all possible interactions: ChIA–PET data from Peng 
et al.14; a coexpression network constructed using RNA-seq data from 31 
tissues or stages; a cotranslation network constructed using Ribo-seq 
data from 21 tissues or stages; and PPIs from yeast two-hybrid screen-
ing. The weight of the integrative omics map was equal to the sum of 
the weights of different levels.

DAB and SAB calculation to evaluate gene divergence
The degree was calculated with igraph (v.1.2.4.2) (https://igraph.org/r/). 
The SAB defines the proportion of shared nodes relative to the degree 
of the least-connected node77; DAB for genes A and B defines the ratio 
between the degree difference value of the gene pair and that of their 
most connected node. The formulas for these are as follows:

Types I − IV ∶ DAB

= |N(A)−N(B)|
max(N(A),N(B))

(N (A) + N (B) ≥ 5 andN (A) > 0andN (B) > 0)

Types I − IV ∶ SAB

= |N(A)∩N(B)|
min(N(A),N(B))

(N (A) + N (B) ≥ 5 andN (A) > 0andN (B) > 0)

whereas type V should meet the criteria N(A) ≥ 10 and N(B) = 0 or 
N(B) ≥ 10 and N(A) = 0. Here, N(A) and N(B) represent the degree of 
gene A and gene B in the network, respectively.

Machine learning
A total of 34 genes related to FT from the literature were compiled as 
the positive training dataset and 34 non-FT genes selected from the 
classical genes of the MaizeGenome Database (https://www.maizegdb.
org/) were used as the negative training dataset (Supplementary 
Table 11).

As many attributes of the network as possible were collected in 
total; eventually 676 attributes were tested:
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 (1) Node information: eccentricity, closeness, degree, eigen 
centrality (four attributes) (https://github.com/hanlinqian/
IntegrativeNetworkMap/blob/INM/Section1/code/NetInfo.r);

 (2) SD to training well-known positive and negative 
genes (68 attributes) (https://github.com/hanlinqian/
IntegrativeNetworkMap/blob/INM/Section1/code/NetInfo.r);

 (3) Similarity between two nodes (7 × 68 = 476 attributes) (https://
github.com/hanlinqian/IntegrativeNetworkMap/blob/INM/
Section5/code/similarity.pl):

CNab = N (a) ∩ N (b)

RAab = ∑
c∈(N(a)∩N(b))

1
N (c)

TNab = N (a) + N (b) − N (a) ∩ N (b)

PAab = N (a) ∗ N (b)

HPab = (N (a) ∩ N (b)) /min (N (a) ,N (b))

HDab = (N (a) ∩ N (b)) /max (N (a) ,N (b))

Sorensenab = 2 ∗ (N (a) ∩ N (b)) / ((N (a) + N (b))

 (4) node2vec: an algorithmic framework for learning on graphs 
(128 attributes) (https://snap.stanford.edu/node2vec).

After evaluation, 72 attributes (4 node information attributes 
and 68 SD values) were used for the final prediction as representa-
tive attributes of the interactome. TPM of 31 tissues or stages in the 
transcriptome and TPM of 21 tissues or stages in the translatome were 
used as coexpression and cotranslation attributes, respectively. Five 
classical models of machine learning (logistic regression, Bagging 
classifier, XGB classifier, support vector machine and neural network) 
were used to train the data; only the logistic regression algorithm was 
used to predict candidate genes of FT.

We randomly divided the data, using 80% as known data and 
the remaining 20% as unknown data. We repeated this analysis 20 
times to calculate the AUC and F1 values and evaluate the models. The 
code has been deposited in GitHub (https://github.com/hanlinqian/
IntegrativeNetworkMap/tree/INM/Section5).

Phenotypic verification
CRISPR-based genome editing. Mutants of Zm00001d006918, 
ZmSPL6 (Zm00001d042319), Zm00001d017241 and Zm00001d02129 
were generated using a high-throughput genome editing system43. In 
brief, line-specific single-guide RNAs (sgRNAs) were designed based 
on the assembled pseudo-genome of the receptor inbred line KN5585. 
A double sgRNA pool approach was used for vector construction. The 
receptor line KN5585 was transformed with the vectors and the targets 
in each T0 plant were examined by barcode-based sequencing. The 
genotype of each gene-edited event was identified by PCR amplification 
and Sanger sequencing using target-specific primers (Supplementary 
Table 16). The FTs of the gene-edited lines and the receptor KN5585 line 
were investigated by scoring DTT, DTA and DTS.

Positive transgenic lines for the four genes were evaluated for 
FT. The homozygous transgene-positive lines for Zm00001d006918 
(T2 generation) and Zm00001d017241 (T1 generation) and their 
transgene-free siblings were evaluated for FT in the summer of 
2018 in the city of Gongzhuling, Jilin province (43° 30′ N, 124° 49′ E). 
The homozygous transgene-positive lines for Zmprr95a (T1 genera-
tion) and their transgene-negative counterparts were evaluated for 

FT in the summer of 2018 in the town of Gasa, Xishuangbanna dai 
autonomous prefecture, Yunnan province (21° 57′ N, 100° 45′ E). 
The homozygous transgene-positive lines of zmspl6 (T4 generation) 
and Zm00001d021291 (T4 generation) and their transgene-free 
siblings were evaluated for FT in the summer of 2019 in the city of 
Gongzhuling, Jilin province (43° 30′ N, 124° 49′ E). The homozygous 
transgene-positive lines Zm00001d006918 (T6 generation), zmspl6 
(T5 generation) and Zm00001d017241 (T5 generation) and their 
transgene-free siblings were evaluated for FT in the winter of 2019 in 
the town of Foluo, Sanya City, Hainan province (18° 34′ N, 108° 43′ E).

Ethyl methanesulfonate mutants. To determine the functions of the 
candidate genes, 16 mutants with mutations leading to early trans-
lational stops78 were obtained. The mutants were planted in Sanya 
(Hainan), Yazho (Hainan), Huangliu (Hainan), Zibo (Shandong) and 
Langfang (Hebei), China. Genomic DNA was extracted from mutant 
seedlings and used for genotyping to identify the homozygous mutants 
and their WT siblings. DTT, DTA and DTS of the mutant and WT plants 
were evaluated and the results were subjected to a one-sided t-test 
to determine significant differences. The statistical information is 
detailed in Supplementary Table 13.

Bioinformatics analyses of the network divergence between 
the two maize subgenomes
The two maize subgenomes were classified using Sorghum as an out-
group control given that the two species shared a common ancestor 
approximately 12 million years ago79. The classification of the two 
maize subgenomes was conducted by Schnable et al.23. Briefly, using 
whole-genome dot plots color-coded by synonymous base-pair sub-
stitution rates with CoGe, Schnable et al. reconstructed the original 
duplicate regions within the maize genome on the basis of orthology 
to the ten Sorghum chromosomes. We downloaded the WGD informa-
tion from this published paper. The ten current maize chromosomes 
represent a reduction from a 20-chromosome tetraploid ancestor 
by chromosome fusion80,81. We hypothesized that the WGD genes 
from the two maize subgenomes before the ancient chromosome 
fusion are likely to have a similar function. Then, we used the network 
divergence of the current B73 genome to infer the potential functional 
divergence in WGD genes between the two maize subgenomes. We 
detected network divergence using methods similar to those used in 
the original paper by Schnable et al.23, such as the detection of expres-
sion bias. We binned the WGD genes along the two maize subgenomes 
to determine the variation in the degree of genes of subgenomes from 
a network perspective.

Other analysis or datasets
Four attributes—degree, SD, average distance and transitivity—were 
calculated for each network using the R package igraph (v.1.2.4.2) 
(https://igraph.org/r/). Gene ontology analysis was performed using 
AGRIGO v.2.0 (http://systemsbiology.cau.edu.cn/agriGOv2/index.
php). Interactions in the network were clustered using the Markov 
cluster algorithm (https://micans.org/mcl/). Gephi (https://gephi.org/) 
was used for visualization and feature extraction of the coexpression 
networks.

Duplicated genes and their information, such as paralog last com-
mon ancestor with Zea mays presented in Fig. 2i were from BioMart in 
EnsemblPlants (http://plants.ensembl.org/index.html).

Reporting summary
Further information on research design is available in the Nature Port-
folio Reporting Summary linked to this article.

Data availability
The ChIA–PET data were deposited in the Sequence Read Archive (SRA) 
of the NCBI (https://www.ncbi.nlm.nih.gov/sra) under BioProject 
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accession no. PRJNA541043. The raw transcriptome data for 26 tissues 
or stages were deposited in the Gene Expression Omnibus (GEO) of 
the NCBI (https://www.ncbi.nlm.nih.gov/geo/) under GEO accession 
no. GSE199932. The remaining raw transcriptome data for the five 
other tissues or stages, which were generated in our previous study54, 
are available at the NCBI under BioProject accession no. PRJNA637713 
(SRR13808023–SRR13808026, SRR13808028–SRR13808033). The 
raw translatome data for 16 tissues or stages were deposited in the 
GEO under accession no. GSE199932; the raw translatomic data for 
the five other tissues or stages are available at the SRA under acces-
sion no. PRJNA637713 (SRR13808051–SRR13808052, SRR13808055–
SRR13808059, SRR13808061–SRR13808063). The raw interactome 
data were deposited in GEO under accession no. GSE199932; protein 
interactions were submitted to the IMEx (http://www.imexconsortium.
org) consortium through IntAct82 and assigned the identifier IM-29553.

Code availability
We deposited the raw data matrix, codes and bioinformatics analy-
ses in GitHub (https://github.com/hanlinqian/IntegrativeNetwork-
Map). Codes are also available at Zenodo (https://doi.org/10.5281/
zenodo.7263543)83. A user-friendly website (http://minteractome.
ncpgr.cn/) was developed to host all the expression and network infor-
mation. This is publicly available for the replication of the whole study.
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Extended Data Fig. 1 | Landscape of functional elements in maize. a, Data 
collection. The numbers in the cells of the matrix indicate the number of tissues 
collected for each of the four omics of high-throughput data. b, Distribution of 
different elements in transcriptome across the maize genome. Chr, chromosome. 
c, Proportion of different elements in transcriptome across the maize genome. 

d, Numbers of different elements identified across 31 tissues and stages. From 
top to bottom each bar represents fusion transcripts, long non-coding RNA, 
protein-coding transcripts, circRNAs and sRNA clusters in each tissue or stage, 
respectively.
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Extended Data Fig. 2 | Expression-level variation across 31 different stages/
tissues for all different types of transcripts. a, Sampling of 31 stages/tissues 
spanning the maize whole life period. b, Transcriptome landscape of all 31 
different stages/tissues for all different types of transcript isoforms. c, Stage/

tissue-specific expression of protein-coding (mRNA), ribosome-imprinted 
transcripts (Ribo-Seq RNA), long noncoding (lncRNA), fusion, circular and 
small RNA.
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Extended Data Fig. 3 | High-throughput yeast two-hybrid analysis for the 
identification of protein–protein interactions. a, The high-throughput 
yeast two-hybrid pipeline composed three major steps: yeast cDNA library 
construction, yeast mating and sequencing, and data analysis (see Methods 
for details). b, Number of PPIs of different confidence levels between 
ZmPPIs and PPIM high-confidence PPIs. HC, high confidence; MC, middle 

confidence; LC, low confidence (N = 1000 repeats for Random; Numbers of 
Random of HC = 12.505 ± 3.592; Numbers of Random of LC = 44.537 ± 6.655; 
Numbers of Observed of HC = 176; Numbers of Observed of LC = 372). c, 
Validation rates of ZmPPIs by BiFC. d, Number of saturated PPIs for each 
library across different numbers of matings. Saturation value is the predicted 
value of the specific library.
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Extended Data Fig. 4 | High quality transcriptomic and translatomic data 
across different replicates. a, Correlation coefficients of two replicates at the 
transcriptome level across different tissues/stages. b, Correlation coefficients of 

two replicates at the translational level across different tissues/stages. c, Good 
3-nt periodicity of Ribo-seq data in our study. d, Overlap for co-expression and 
co-translation networks constructed by two replicates.
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Extended Data Fig. 5 | Five regulating divergence patterns of duplicate types in different omic layers. a–d, Enrichment and depletion of five divergence patterns 
in Proximal (a), Tandem (b), Transposed (c) and Dispersed (d) in transcriptome, translatome and proteome three layers. P values were calculated by Chi-square test.
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Extended Data Fig. 6 | Mutagenesis resulting in the zmalog1, zmalog2, zmnam1 and zmnam2 mutants.
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Extended Data Fig. 7 | Reconstructions of the regulating networks for well-known pathways in maize. a, Starch synthesis pathway in maize. b, Meristem 
developmental pathway. P value was calculated from the frequency in 1000 simulations.
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Extended Data Fig. 8 | AUC and F1 values from evaluations using five 
classical algorithms and the expression matrix from the transcriptome (co-
expression) and translatome (co-translation), network attributes from the 

interactome, and integrative omics integrating the attributes of each omics 
dataset. Box middle line represented the median, box edges were the 25th and 
75th percentiles, and further outliers were marked individually.
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Extended Data Fig. 9 | Predicted pathway associated with Flowering time 
in maize. a, Percentage of predicted flowering time genes supported by other, 
related evidence for effects on flowering time. Homolog represents genes that 
are homologs to Arabidopsis FT genes identified in the FLOR-ID flowering time 
database (http://www.phytosystems.ulg.ac.be/florid/). SNPs-GWAS refers 

to genes with FT association signals identified in maize by Liu et al.43. Others 
denotes genes for which there is no known functional evidence for an effect on 
flowering time. b, Eight molecular pathways were predicted to be associated with 
flowering time in maize.
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Extended Data Fig. 10 | Detailed flowchart of the whole study. The accompanied intermediate data and bioinformatics scripts were deposited in GitHub (https://
github.com/hanlinqian/IntegrativeNetworkMap).
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