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Abstract
Systems biology aims to uncover gene regulatory networks (GRNs) for agricultural traits, but validating them in crops is challenging. We 
addressed this challenge by learning and validating model-to-crop transcription factor (TF) regulons governing nitrogen use efficiency 
(NUE). First, a fine-scale time-course nitrogen (N) response transcriptome analysis revealed a conserved temporal N response cascade in 
maize (Zea mays) and Arabidopsis (Arabidopsis thaliana). These data were used to infer time-based causal TF target edges in N-regulated 
GRNs. By validating 23 maize TFs in a cell-based TF-perturbation assay (Transient Assay Reporting Genome-wide Effects of 
Transcription factors), precision/recall analysis enabled us to prune high-confidence edges between ∼200 TFs/700 maize target genes. 
We next learned gene-to-NUE trait scores using XGBoost machine learning models trained on conserved N-responsive genes across 
maize and Arabidopsis accessions. By integrating NUE gene scores within our N-GRN, we ranked maize TFs based on a cumulative NUE 
Regulon score. NUE Regulons for top-ranked TFs were validated using the cell-based TARGET assay in maize (e.g. ZmMYB34/R3→24 
targets) and the Arabidopsis ZmMYB34/R3 ortholog (e.g. AtDIV1→23 targets). The genes in this NUE Regulon significantly enhanced the 
ability of XGBoost models to predict NUE traits in both maize and Arabidopsis. Thus, our pipeline for identifying TF regulons that 
combines GRN inference, machine learning, and orthologous network regulons offers a strategic framework for crop trait improvement.
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Introduction
Improving agronomic traits in staple crops like maize (Zea mays) is 
essential to meet the demands of a growing global population 
(FAO 2023). Identifying key genes in crops that influence these 
traits such as nitrogen use efficiency (NUE) is crucial to both agri
culture and the environment. In the age of genomics, gene regula
tory networks (GRNs) and machine learning are 2 promising new 
approaches for this task. However, these approaches have been 
difficult to navigate and integrate in large and complex genomes 
of crop plants and even more challenging to functionally validate.

By contrast, GRNs inference and machine learning approaches 
can generate hypothesis to test in the well-studied model species 
Arabidopsis (Arabidopsis thaliana). This includes identifying genes of 
importance to a trait using machine learning and inferring their reg
ulatory connections via network inference (e.g. TF → gene → trait).

Machine learning methods can successfully identify key genes 
important for traits using the increasing amount of omics data 
(Ma et al. 2014; Cheng et al. 2021). At the same time, GRNs provide 
a systematic approach to improving agronomic traits by elucidat
ing transcription factor (TF)-to-gene regulation (Krouk et al. 2013; 
Springer et al. 2019). However, the challenge remains in transfer
ring the GRN knowledge from model-to-crop and applying the 
findings in field settings (Ferrier et al. 2011; Liu et al. 2022). 

In this study, we integrate GRNs with machine learning and 
model-to-crop orthology mapping to enhance NUE, a key factor 
for maize yield (Lassaletta et al. 2014) and environmental sustain
ability (Zhang et al. 2015; Gao and Cabrera Serrenho 2023).

Previous GRN studies were conducted in the model species 
Arabidopsis, for which N-signaling and its links to genes involved 
in N-uptake and assimilation have been well studied. For 
example, novel regulators of a temporal N-signaling network 
were uncovered using network inference on time-course tran
scriptome N-response data and were functionally validated in 
Arabidopsis (Krouk et al. 2010; Varala et al. 2018; Brooks et al. 
2019; Alvarez et al. 2020). Additionally, functional testing using 
a yeast-one-hybrid system was used to map TF binding to genes 
in an N-metabolism regulatory network (Gaudinier et al. 2018). 
Indeed, transferring such data-rich insights from Arabidopsis to 
less-studied crop species could be highly advantageous, as re
viewed in Curci et al. (2022). One effective method for transferring 
knowledge from model-to-crop is through the conserved ortho
logs across species, as reviewed in Koonin (2005). Indeed, several 
recent studies have shown the conservation of ortholog functions 
under various stress conditions, including salt stress (Wu et al. 
2021), cold stress (Zhang et al. 2017), oxidative stress (Hartmann 
et al. 2022), and leaf senescence (Liu et al. 2023).
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In a previous study, we tested and validated the hypothesis 
that orthologous genes whose N-response was conserved across 
model-to-crop could enhance our ability to learn genes-of- 
importance to NUE (Cheng et al. 2021). By implementing a machine 
learning approach called XGBoost (Chen and Guestrin 2016), we dis
covered that using orthologs whose N-response is conserved be
tween Arabidopsis and field-grown maize significantly enhanced 
our ability to predict NUE traits in left-out samples, compared 
with orthologs whose N-response was not conserved (Cheng et al. 
2021). However, the regulatory networks involving these 
model-to-crop N-response genes-of-importance to NUE remain 
poorly understood. The goal of our current study is to infer and val
idate high-confidence nitrogen (N)-gene regulatory networks 
(N-GRNs) controlling NUE using fine-scale time-series data in 
maize, as we did for Arabidopsis (Varala et al. 2018; Brooks et al. 
2019). The cross-species comparison would enable us to identify 
N-regulatory network modules conserved across a C3–C4 divide.

Indeed, a number of examples suggest a possible conserved func
tion between Arabidopsis and maize orthologs, despite the fact that 
they span the C3/C4 divide (Cui 2021). In the case of NUE, Arabidopsis 
genes that are important for N-uptake/metabolism and regulation 
have orthologs in maize that are also critical for NUE. For example, 
maize lines that overexpress nitrate transporter/peptide transporter 
family 2 (ZmNPF6.6/ZmNRT1.1), the ortholog of the Arabidopsis ni
trate transceptor, NITRATE TRANSPORTER 1.1 (Wang et al. 2020a), 
increase grain yield in maize under low nitrogen conditions (Cao 
et al. 2023). Maize genes from the cytosolic glutamine synthetase 
(GS1) family, Glutamine Synthetase 1.3 and 1.4 (ZmGLN1.3 and 
ZmGLN1.4), control grain yield in maize (Martin et al. 2006), and 
mutants in their Arabidopsis orthologs show reduced biomass and 
seed yield (Lothier et al. 2011; Guan et al. 2015). Lastly, a master 
N-response TF in Arabidopsis Nodule inception-like protein, 
NIN-like protein 7 (Castaings et al. 2009; Alvarez et al. 2020) has 
a maize ortholog NIN-like protein 5 (ZmNLP5, also known as 
ZmNLP13), which modulates N responses in maize under 
N-limited conditions (Ge et al. 2020). The finding that master TFs reg
ulate the N-response cascade suggests that maize and Arabidopsis 
share an N-response GRN. However, despite these studies on individ
ual genes, only a few transcriptome-wide studies in maize have ex
plored systematic nitrogen signaling (Yang et al. 2011; Ge et al. 
2020; Wang et al. 2020b; Buoso et al. 2021b; Cheng et al. 2021) but 
only focusing on a single time point and tissue type (Ge et al. 2020; 
Wang et al. 2020b; Buoso et al. 2021b).

To bridge these knowledge gaps, our study aims to: (i) infer and val
idate high-quality N-GRNs in maize, (ii) identify N-responsive gene or
thologs in maize and Arabidopsis that control NUE traits using 
machine learning, and (iii) functionally validate conserved 
TFregulons (TF-to-target modules) (Aibar et al. 2017; Guillotin et al. 
2023) whose expression can predict the NUE trait in each species. 
Toward this goal, in this model-to-crop study, we inferred time-based 
N-GRNs in maize (shoot and root) using RNA from a fine time-scale 
N-response experimental design that parallels a companion study 
in Arabidopsis (Varala et al. 2018; Brooks et al. 2019). Using a 
just-in-time (JIT) analysis of these data enabled us to identify a tem
poral cascade of N-responses conserved between model-to-crop. 
Importantly, we used this time-series data to infer a time-based 
N-response GRN in maize, which we validated and refined using pre
cision/recall analysis. We did this by generating data for 23 maize TF 
whose genome-wide targets were validated using the cell-based 
Transient Assay Reporting Genome-wide Effects of Transcription fac
tors (TARGET) assay (Bargmann et al. 2013; Brooks et al. 2019), modi
fied for maize. Next, to identify the network modules of importance to 
NUE, we integrated our high-confidence N-GRNs with machine 

learning feature importance values into a NUE Regulon score. This 
enabled us to identify and validate an NUE Regulon conserved 
model-to-crop (AtDIV1 and ZmMYB34/R3) that can accurately pre
dict NUE trait in left-out samples. Thus, our approach for identifying 
cross-species NUE Regulons offers promising candidates for NUE im
provement via transgenics, genome editing, or molecular breeding.

Results
Identification of a temporal cascade of 
early-to-late nitrogen-responsive genes in maize
The quest to identify N-GRNs in maize began with microarray stud
ies (Jiang et al. 2018) and later by RNA-seq analysis (Ge et al. 2020; 
Wang et al. 2020b; Buoso et al. 2021a). Recently, a major advance is 
the combined analysis of N-response RNA-seq and phenotype data 
in the machine learning of N-response genes-of-importance to 
NUE in maize (Cheng et al. 2021). Our current study aims to expand 
on these GRN studies by exploiting time, an unexplored dimension of 
the N-GRN response in maize. As causality moves forward in time, 
fine-scale time-series RNA-seq data are a valuable source to derive 
predictive networks. In our current study, we implement and vali
date a time-inferred causal GRN in maize. We then compare it to a 
parallel study in the model Arabidopsis (Varala et al. 2018) to reveal 
temporal N-regulatory networks conserved model-to-crop.

To uncover time-dependent effects of nitrogen (N)-treatment in 
maize, we conducted a fine-scale series of N-treatments over 10 
time points (0 to 120 min) using a parallel design to the study we con
ducted in Arabidopsis (Varala et al. 2018). This N-treatment (20 mM 

KNO3 + 20 mM NH4NO3) in the widely used Murashige and Skoog 
(MS) media was compared to a control (20 mM KCl), as done previ
ously in Arabidopsis (Varala et al. 2018) (Supplementary Fig. S1). 
We measured N-related phenotypes including 15N-uptake and col
lected samples for RNA-seq analysis from shoots and roots of maize 
B73 seedlings (see Materials and methods) (Supplementary Fig. S1). 
This replicated experimental design allowed us to follow the time- 
dependent N-responses in maize, as well as those conserved 
model-to-crop.

Our 15N enrichment analysis showed a linear increase in total ni
trogen uptake (nitrate and ammonium) in shoots and roots of maize 
B73 seedlings (Fig. 1, A and B and Supplementary Table S1). 
Moreover, principal component analysis (PCA) of gene expression 
data from shoots and roots (Supplementary Fig. S1, D and E) showed 
that PC1 is strongly associated with N-treatment, and PC2 correlates 
significantly with time (Supplementary Fig. S1, F and G). Thus, the 
effectiveness of our N-treatment experimental design is validated 
by both the PCAs of 15N enrichment and RNA-seq data.

Leveraging our fine-scale time-course experimental design, we 
employed spline modeling (Storey et al. 2005) to identify genes regu
lated by N as a function of time (NxTime genes), as we previously did 
in Arabidopsis (Varala et al. 2018) (Supplementary Fig. S2A). By 
smoothing gene expression using a natural cubic spline across 
time samples, we could identify genes whose NxTime response 
curve is significantly different between N-treated vs. control KCl 
conditions (Fig. 1C). Spline analysis identified 2,732 NxTime 
response genes in maize shoots and 2,294 NxTime response genes 
in roots (Supplementary Tables S2 and S3). Among these gene 
sets, 453 maize genes, including 55 TFs, are NxTime responsive in 
both shoot and root (Supplementary Fig. S2B). A comparative anal
ysis of the NxTime genes we uncovered in maize with published 
single-time-point N-treatment datasets captures significant over
laps with other N-treatment studies in maize (Supplementary Fig. 
S3, A and B). Importantly, 50% of the NxTime-responsive maize 
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genes identified in our current study are novel N-responders, 

not previously detected in single-time-point studies of maize 

(Supplementary Fig. S3, C to F). Thus, our time-course RNA-seq 

analysis identified novel and dynamic N-responsive genes in shoots 

and roots of maize.

Temporal N-regulation of N-uptake and 
assimilation pathway genes is consistent with 
15N-uptake in planta
Our time-series N-treatment data of maize showed an increase of 
15N-uptake over time (Fig. 1, A and B). We thus asked whether genes 

A

D
E

B C

Figure 1. A temporal cascade of N-responsive “JIT” genes uncovers N-related GO process conserved between maize and Arabidopsis. N-treatment (+N/ 
−N) of maize was used to monitor 15N-uptake (A and B) and RNA-seq data collected across a fine-scale time course (5 min—2 h) (C–E) in shoots and roots 
(see Materials and methods). Maize A) shoot and B) root tissues exhibit a linear increase in total N-uptake, as detected by 15N analysis. Maize genes 
regulated by N as a function of time (NxTime genes) were identified by Spline modeling of RNA-seq N-response curves, compared with controls (see 
Materials and methods). Each NxTime gene was assigned to a JIT bin, based on the first time point that N-response was > 2-fold (see Materials and 
methods). C) An example maize NxTime gene, ZmGLN2 (Zm00001d026501) encoding a cytosolic glutamine synthetase, was assigned to the 20 min JIT 
bin. D) All maize NxTime genes were chronologically arranged into JIT bins spanning early (5 min) to late (120 min) time points. For a model-to-crop 
comparison, this same NxTime and JIT analysis pipeline was performed on RNA-seq data from Arabidopsis exposed to an identical time-series 
N-treatment (Varala et al. 2018). JIT bins for each species show a cascade of GO term enrichment (P-values < 0.05) highlighted in blue. E) Key GO terms 
shared by JIT bins in maize and Arabidopsis are categorized by tissue specificity: shared in shoots, roots, or both tissues. These shared GO terms include 
nitrogen assimilation and processes in N-signaling, including hormone responses.
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involved in N-uptake/assimilation respond temporally to the in
crease in internal N-dose as it accumulates over time. Indeed, within 
our NxTime-responsive gene lists, we identified 35 N-pathway 
genes in shoot and 29 in roots (see Materials and methods and 
Supplementary Fig. S4 and Table S4). Moreover, we found that 16/ 
29 N-pathway genes NxTime-responsive expression pattern in roots 
are significantly correlated with our 15N-uptake measurements 
(Supplementary Fig. S5). The Pearson’s correlation coefficients for 
all 16 NxTime-responsive N-pathway genes are positive, suggesting 
that higher N-responsive expression of these genes leads to more ni
trogen uptake. We also used the public maize gene atlas (Woodhouse 
et al. 2021) to explore the NxTime-responsive N-pathway gene 
expression patterns in the maize adult stages (Supplementary Fig. 
S6). In both shoot and root, the expression for N-pathway/ 
NxTime-responsive genes extends beyond the seedling stage into 
the adult stage, with some genes peaking in expression during the re
productive stage (Supplementary Fig. S6). This underscores the po
tential of NxTime and N-pathway genes in plant improvement 
strategies related to N-uptake.

Just-In-Time (JIT) analysis uncovers a temporal 
N-response gene cascade conserved between 
maize and Arabidopsis
Our time-series N-response data give us the opportunity to explore 
the temporal dynamics of early-to-late N-response genes in maize 
as well as those conserved model-to-crop. To explore the conserva
tion of NxTime gene responses, we first performed Fisher’s exact 
test on the overlap of NxTime genes in maize (this study) and 
Arabidopsis (Varala et al. 2018) for both shoot and root tissues. 
These results indicate a significant conservation of the temporal 
nitrogen response across maize and Arabidopsis in both shoot 
(Fisher’s exact test, P-value: 1.1E−08) and root (P-value: 3.2E−22) 
tissues. Next, to identify the timing of the N-responses, we applied 
the Just-In-Time (JIT) analysis to our new maize NxTime dataset, 
using the approach we previously developed in Arabidopsis 
(Varala et al. 2018). In our current study, the JIT approach used cat
egorizes genes into bins based on the earliest time point at which 
they exhibit an absolute log2(Fold Change) > 1, when comparing 
N-treated versus control conditions over time (Fig. 1C).

We next tested whether gene sets within each JIT bin in maize 
were enriched in shared Gene Ontology (GO) terms and/or cis- 
regulatory motifs. GO enrichment analysis of the JIT genes uncov
ered a temporal N-response gene cascade enriched in nitrogen- 
related functions. In shoots, nitrate transport showed enrichment 
at early JIT time points (5, 10, and 15 min), while the glutamine 
metabolic process was enriched after 30 min, and photosynthesis 
terms emerged at later stages (120 min) (Supplementary Fig. S7A
and Table S5). The trend of nitrate transport followed by gluta
mine/glutamate metabolic process is more obvious in maize roots, 
reflecting the sequential process of nitrogen uptake and assimila
tion in plants (Supplementary Fig. S7B and Table S5).

Next, we aimed to perform a comparative analysis of the tempo
ral N-response cascade we uncovered in maize with the model 
Arabidopsis. To this end, we revisited the NxTime RNA-seq datasets 
we previously identified in Arabidopsis (Varala et al. 2018), using an 
identical JIT pipeline to our slightly modified scheme (see Materials 
and methods). Our model-to-crop comparison revealed a similarity 
in temporal N-response patterns and enriched GO term in JIT 
N-response genes shared between maize and Arabidopsis (P-value 
< 0.05), based on Fisher’s exact test (see Materials and methods), 
in both shoot and root tissues (Fig. 1D and Supplementary Tables 
S5 and S6). Core processes in nitrogen metabolism and signaling 

were found to be common across the temporal N-response cascade 
in both species and tissues (Fig. 1E), although the exact timing of oc
currence may not match. These include responses to nitrate (GO: 
0010167), nitrate assimilation (GO: 0042128), and the glutamine 
metabolic process (GO: 0006541). Furthermore, shared GO terms 
in the N-response cascade in shoots are related to energy and me
tabolism, such as the response to light stimulus (GO: 0009750). In 
roots, shared terms in the NxTime response cascade are related to 
phytohormones, such as response to cytokinin (GO: 0009735) and 
auxin (GO: 0009733). In summary, the comparative JIT analysis 
revealed a conserved temporal cascade of N-responsive functions 
shared between the model species, Arabidopsis, and the crop, 
maize.

With regard to shared regulatory mechanisms, our analysis re
vealed that temporal N-response JIT genes in maize (this study) are 
enriched in specific cis-motif clusters analogous to those in 
Arabidopsis (Brooks et al. 2019) (Supplementary Fig. S8 and Tables 
S7 and S8). The temporal pattern for enriched cis-motifs was more 
obvious in the maize root JIT genes, likely due to the roots’ direct ex
posure to nitrogen treatments. Notably, cis-motifs for the Barley B 
Recombinant/Basic PentaCysteine (BBR/BPC) TF family were preva
lent across almost all JIT bins in shoots and roots in both species. 
The BBR/BPC motif was found in several key nitrogen pathway genes, 
such as ZmNiR1.2, ZmGLN1, ZmGLN1.5, and ZmGOGAT2. 
The BBR/BPC family is known for its role in cytokinin response 
regulation (Shanks et al. 2018). Cytokinin plays a crucial part in 
coordinating systematic nitrogen deficiency and demand signaling 
in Arabidopsis (Ruffel et al. 2011; Naulin et al. 2020). Moreover, 
BPCs are known to interact with the abscisic acid (ABA) signaling 
pathway (Mu et al. 2017) and the circadian clock (Lee et al. 2022), 
both of which are influenced by nitrogen availability (Gutierrez 
et al. 2008; Zhang et al. 2021; Contreras-López et al. 2022). Thus, 
the temporal N-response cascade across model-to-crop is linked to 
cytokinin, ABA, and circadian clock across model-to-crop.

The cis-motif clusters enriched in the temporal N-response JIT 
gene bins aggregate multiple TFs sharing similar position weight 
matrices (PWMs). To identify specific TF-binding motifs, we con
ducted cis-element enrichment using individual TF cis-motifs 
from the core JASPAR PWM database (Castro-Mondragon et al. 
2022) for JIT genes. Similar to our results from cis-motif cluster 
analysis (described above), we observed a temporal enrichment 
of cis-motifs at the individual TF level in both maize and 
Arabidopsis JIT bins (Supplementary Fig. S9 and Tables S9 and 
S10). This analysis identified cis-motifs for several TFs previously 
validated to be pivotal to N-signaling in Arabidopsis within JIT 
gene bins, including AtCRF4 (Varala et al. 2018), AtTCP20 (Guan 
et al. 2014), or rice OsGRF4 (Li et al. 2018), and AtDIV1 (Cheng 
et al. 2021). In summary, our analyses emphasize a parallel tem
poral progression of cis-motifs enriched in the N-response cas
cade conserved between maize and Arabidopsis, suggesting a 
conserved mechanism across model-to-crop.

Validation of maize TFs that regulate genes in the 
temporal N-response cascade
Our next goal was to identify and validate candidate TFs that reg
ulate genes in the temporal N-response cascade in maize, shown in 
Fig. 1. Drawing from our list of NxTime and JIT genes in maize, we 
selected 23 TFs spanning early-to-late JIT bins in both shoot and 
root tissues (Fig. 2). For validation, we selected TFs that span the 
N-temporal response cascade including first N-responder TFs (5 
to 15 min), early-N responder TFs (20 to 45 min), or late 
N-responder TFs (60 to 120 min) (Fig. 2A). To uncover the direct 
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genome-wide targets of these 23 maize TFs, we used the plant cell- 
based TARGET TF-perturbation system, a rapid medium through 
TF–target assay (Brooks et al. 2019), which overcomes the chal
lenges of TF validation in maize transgenic plants. The TARGET 

assay can rapidly identify the direct regulated TF targets in plant 
cells isolated from whole tissue, which has been validated in 
Arabidopsis (Bargmann et al. 2013; Varala et al. 2018; Brooks 
et al. 2019) and recently in rice (Shanks et al. 2022).

A

B C

D

Figure 2. Direct regulated targets of 23 maize TFs validated in the cell-based TARGET assay are enriched in NxTime genes identified in shoots or roots of 
maize plants. A) 23 NxTime TFs, spanning early to late JIT bins in shoots or roots were validated by adapting the medium-throughput cell-based TF– 
TARGET assay developed in Arabidopsis (Brooks et al. 2019). Validated TF–target genes of 23 TFs in maize cells show significant overlap with NxTime 
genes in B) shoots or C) roots of whole maize plants, with darker colors indicating a more significant overlap with whole tissue N-responses, as 
determined by Fisher’s exact tests. Highlighted examples include: ZmNLP3 whose direct targets validated in maize cells are significantly enriched in 
NxTime genes identified in both shoots and roots of maize seedlings (black links); ZmMYB21 whose direct targets validated in maize cells are 
significantly enriched in shoot NxTime genes of maize seedlings (green links); ZmHB54 whose direct targets validated in maize cells are significantly 
associated with root NxTime genes in maize seedlings (brown links). D) Collectively, the 23 maize NxTime TFs validated via the TARGET assay in maize 
cells directly regulate ∼85 to 90% of NxTime genes and N-pathway genes identified in whole maize seedlings.
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In this present study of maize TFs, we adapted the TARGET 
TF-perturbation assay and TF expression vector to protoplasts de
rived from etiolated maize seedlings (see Materials and methods 
and Supplementary Fig. S10 for a depiction of the TARGET assay). 
Briefly, protoplasts were isolated from etiolated leaves of maize 
seedlings. The maize protoplasts (p1107) were transfected with a 
plasmid that overexpresses a TF glucocorticoid (TF-GR) fusion pro
tein expressed from a ubiquitin (ZmaUBQ) (Bargmann et al. 2013; 
Brooks et al. 2019; Shanks et al. 2022). The plasmid also encodes a 
ZmaUBQ::RFP protein, which serves as a cell-sorting marker to iso
late transfected cells using fluorescence-activated cell sorting 
(FACS). The GR-TF fusion protein design allows for the controlled en
try of the maize TF-GR fusion protein into the nucleus using dexame
thasone (DEX). Additionally, cycloheximide (CHX) + DEX treatment 
inhibits translation of mRNA for TFs. Therefore, only the target genes 
of the overexpressed TF are identified, when GR-TF samples are com
pared to the empty vector (EV) (GR-no TF) control (Brooks et al. 2019).

The maize cells expressing the TF-GR fusion (RFP-positive 
FACS-sorted cells) were collected for RNA-seq analysis and com
pared to cells transfected with an EV lacking the TF. We performed 
the TARGET assay on the 23 maize TFs which span early to late res
ponders, and included a handful of NxTime TFs that did not pass a 
2-fold change cutoff for the JIT analysis (Fig. 2A). On average, for 
the 23 maize TFs tested, each was validated to regulate ∼4,000 direct 
target genes in the TARGET assay (Supplementary Table S11 and 
Data Set 1).

We next sought to validate the relevance of the direct regulated 
TF targets identified in the cell-based TARGET TF assay in maize 
cells to the N-response temporal cascade in maize in planta. To 
this end, we calculated the significance of the overlap between 
the direct regulated TF targets identified in the cell-based TARGET 
assay in maize cells with the NxTime genes identified in shoots 
and roots of maize seedlings (Fig. 2). Collectively, the direct regu
lated target genes of the 23 maize TFs validated in the cell-based 
TARGET assay encompass over 85.3% of NxTime genes in shoots 
and 89.9% in roots of maize plants (Fig. 2D). Using Fisher’s exact 
test, we identified significant overlap of the targets identified for 
the 23 TFs in the cell-based assay, with the N-response genes iden
tified in shoots or roots of maize plants, as -log10(padjoverlap) (Fig. 2, B 
and C). This enabled us to determine the specificity of the TF to regu
lated nitrogen-responsive genes in each organ of maize. To this end, 
we calculated the percent overlap of the TF-regulated genes in the 
cell-based TARGET assay, with the NxTime genes within each tissue 
of maize seedlings, as done previously for Arabidopsis (Brooks et al. 
2019). The overlap analysis identified ZmMYB34 (Zm00001d042830) 
and ZmMYBR3 (Zm00001d038270) as the top-ranked TFs control
ling N-response in maize shoots (Fig. 2B). In support of this, in a 
many-to-one comparison, the maize MYB ortholog in Arabidopsis, 
AtDIV1 (AT5G58900), shares a role in nitrogen signaling (Varala 
et al. 2018). Moreover, supporting its role in nitrogen use vivo, an 
Arabidopsis Atdiv1 mutant has a higher NUE, compared with wild 
type (Cheng et al. 2021). In maize roots, the highest-ranked TF for 
N-specificity in planta was ZmNLP3, whose ortholog in 
Arabidopsis, AtNLP8, is known as a master regulator of nitrate- 
dependent seed germination (Yan et al. 2016). We also found TFs 
that are highly ranked for target gene overlap in 1 maize tissue 
and low in another, for example, ZmMYB21 and ZmHB54 (Fig. 2, B 
and C). This suggests some TFs may have tissue-specific 
N-response (shoot versus root), but both can be captured by the cell- 
based TARGET assay.

We note that the TARGET assay was done in protoplasts isolated 
from maize leaves (this study) or roots in Arabidopsis (Brooks et al. 
2019). We found that regardless of cell type used in the TARGET 

assay, both studies found that the direct TF targets identified in 
the TARGET cell-based assay significantly overlap with NxTime 
genes in both shoot and root tissues of whole plants (Fig. 2, B and 
C). This result suggests that the TARGET assay, when conducted 
in cells isolated from a single tissue type, can effectively identify 
core N-responsive genes and TF–target interactions relevant to ei
ther shoots or roots of whole plants.

To next categorize the 23 maize TFs validated in the TARGET as
say as potential activators or repressors, we used 2 complementary 
approaches. First, we annotated the 23 maize TFs based on the pres
ence of known activation domains in their Arabidopsis orthologs 
(Morffy et al. 2024). Second, for each of the 23 maize TFs, we ana
lyzed its direct targets identified in our cell-based TARGET assays 
(this manuscript, Supplementary Data Set 1) and performed a bino
mial test to determine whether the TF was statistically more likely 
to activate or repress its targets (Supplementary Table S12). While 
there were specific examples of concurrence of these 2 approaches, 
overall, we did not observe a consistent correlation between the 
presence of activation domains (inferred from Arabidopsis ortho
logs) and the observed transcriptional changes of direct targets in 
maize (from maize TARGET assay) (see Supplementary Table S12). 
This suggests that the regulatory activity of these TFs as either acti
vator or repressors of target genes may be context-dependent. For 
example, in our previous studies of 33 Arabidopsis TFs using the 
TARGET assay, we found that interacting TF partners and combina
torial cis-element effects likely contribute to the observed context- 
dependent regulation as activators or repressors, as explained/ex
plored in detail in Brooks et al. (2019, 2021).

To make this TF–target validation set of 23 maize TFs a resource 
to the community, we integrated this dataset into the ConnecTF 
platform, as described in Brooks et al. (2021) (https://maize. 
connectf.org/). In the following section, we describe how we used 
this validated TF–target dataset of 23 maize TFs for GRN validation 
and refinement of our time-inferred nitrogen-signaling network.

Time-based network inference and validation of 
TFs controlling the temporal nitrogen response 
cascade in maize
Inferring GRNs from time-course RNA-seq experiments offers the 
distinct advantage of identifying potential causal relationships 
between TFs and genes. Unlike analyses based on steady-state 
data, time-course experiments provide a dynamic perspective. 
Using time-series data to infer causality in TF-gene regulation en
hances the ability to predict GRN responses at future time-points, 
a goal of systems biology (Krouk et al. 2010, 2013; Bar-Joseph et al. 
2012; Marku and Pancaldi 2023).

Previously, we constructed and validated nitrogen-signaling 
GRNs (N-GRNs) in Arabidopsis shoots and roots using dynamic fac
tor graphs (DFGs), a time-based machine learning GRN inference 
method (Krouk et al. 2010, 2013; Varala et al. 2018; Brooks et al. 
2019). The DFG method uses fine-scale time-series RNA-seq data 
to predict the future expression of a target gene. DFG uses the target 
gene’s current state and the expression of TFs at time (t) to estimate 
expression at the next time point (t + 1) (Krouk et al. 2010, 2013) 
(Fig. 3).

In our current study, we applied this time-based DFG method to 
the maize temporal N-response RNA-seq data which identified 
2,732 NxTime-responsive genes in shoots and 2,294 NxTime- 
responsive genes in roots (Supplementary Tables S2 and S3). Next, 
we used our validated TF–target data for 23 maize TFs from 
TARGET (Fig. 2 and Supplementary Data Set 1) to evaluate the 
performance of the DFG-inferred maize networks in predicting TF– 
target regulation using an area under the precision–recall (AUPR) 
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Figure 3. Generation of high-confidence time-based N-GRNs in maize using DFG and network pruning using TF–target validation data. A) The DFG 
method uses fine-scale time-series data to predict future target gene expression based on prior expression data of target genes and TFs (Krouk et al. 
2010, 2013). Using left-out data to test and refine the models, DFG scores each TF’s influence on target gene expression, where higher values indicate 
more confident TF–target edge predictions. B) PR analysis: maize shoot DFG network, PR performed using validated TF–target edges for 21 maize TFs in 
the TARGET cell-based TF assay (Fig. 2). PR analysis of the maize root DFG network performed using validated TF–target edges from 10 maize TFs using 
the TARGET assay (Fig. 2). C) AUPR analysis: DFG-inferred networks significantly outperform random networks (P-value < 0.001, permutation test; see 
Materials and methods). Precision cutoffs: precision cutoffs of 0.33 for shoot and 0.45 for root network were selected based on the flattening points of the 
PR curves, based on the validated TFs in shoots (21 TFs) and roots (10 TFs). These precision cutoffs determined from the validated TFs were then used to 
prune the predicted TF–targets for ALL the maize TFs in shoot (203 TFs) and root (196 TFs).
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curve analysis. We also compared the performance of our DFG pre
dictions of TF–target relationships, with networks inferred from 2 
popular methods, GENIE3 (Huynh-Thu et al. 2010), dynGENIE3 
(Huynh-Thu and Geurts 2018), or by correlation methods such as 
Pearson’s correlation coefficient. We compared the performance of 
the above GRN methods using AUPR, which measures the accuracy 
of a TF–target prediction model by calculating the area under a curve 
that plots the precision (the ratio of true-positive predictions to the 
total number of positive predictions) against recall (the ratio of 
true-positive predictions to the total number of actual positives). 
AUPR analysis provides a single value that represents the model’s 
overall performance. This analysis shows that our time-based 
DFG-inferred networks for both maize shoots (Supplementary Fig. 
S11A) and roots (Supplementary Fig. S11B) have the highest AUPRs, 
significantly outperforming networks derived from other network 
inference methods or random network models (P-value < 0.001, 
permutation test). We note that these AUPR values for the maize 
shoot and root GRNs are on par with those reported for 
high-confidence Arabidopsis GRNs (Varala et al. 2018; Brooks et al. 
2019) (Supplementary Table S13). Therefore, the time-based 
DFG-inferred networks were selected for further downstream analy
sis in our model-to-crop N-GRN analysis.

In systems biology, networks with high precision offer a more fo
cused selection of high-confidence true TF–gene interactions, there
by facilitating more targeted experimental validation. Thus, to 
further refine the accuracy of our time-based N-GRNs, we employed 
a precision–recall (PR) curve-based “pruning” approach—which 
prunes the network to include only high-confidence TF–target edges 
(Marbach et al. 2012; Chen and Mar 2018). For the AUPR analysis, we 
used TF–target interactions validated in the maize cell-based 
TARGET assay for the 23 TFs of maize whose N-responsive span 
the temporal N-response RNA-seq dataset (Fig. 2). This analysis en
abled us to set precision cutoffs at 0.33 for the maize shoot GRN and 
0.45 for the maize root GRN (Fig. 3B). These thresholds to identify 
high-confidence edges in all the TFs in the N-GRN were chosen 
based on the point at which the PR curve plateaued on the recall x 
axis. The TF–target network edges that passed these cutoff thresh
olds were deemed high-confidence TF–targets in the nitrogen- 
signaling GRNs (N-GRNs) (Supplementary Tables S14 and S15). 
This GRN pruning for high-confidence TF–targets retained nearly 
all maize NxTime-responsive TFs (∼200/203), while only ∼30% of tar
get N-response genes (∼700/2,500) were retained (Fig. 3C). Several 
N-related GO terms are still enriched in the pruned genes, including 
nitrate assimilation (GO: 0042128), glutamine family amino acid bio
synthetic process (GO:0009084), and glutamate metabolic process 
(GO: 0006536), as well as energy-related GO terms, such as transla
tion (GO: 0006412), regulation of proton transport (GO: 0010155), 
and electron transport chain (GO: 0022900) (Supplementary 
Table S16).

We next sought to ensure that our GRN pruning step was not 
overly influenced by the choice of TF validation datasets for the 
23 maize TFs tested. To this end, we allocated 70% of the 23 maize 
TFs whose regulated targets were validated in TARGET assay to 
the pruning set, and the remaining 30% TFs for testing, with the 
division process randomized and repeated 4 times. Despite 
slightly different AUPR scores depending on the subset of TFs se
lected, both pruning and testing phases returned PR curves signif
icantly superior to those of random networks (Supplementary 
Figs. S12 and S13), indicating that our GRN pruning method was 
not biased by a few TFs among the 23 maize TFs whose targets 
we validated in the TARGET assay.

Next, to elucidate a high-confidence temporal maize N-GRN, we 
built ensemble N-GRNs by integrating TF–targets identified from: 

(i) our pruned DFG time-based nitrogen response network, (ii) vali
dated TF–target regulation data from the 23 TF TARGET assays, 
and (iii) TF–target binding data from the published ChIP-seq data
set for 104 maize TFs (22 TFs in the shoot and 18 TFs in the root 
NxTime genes) (Tu et al. 2020). In our temporal N-response net
work in maize, the temporal action of 92 TFs in shoot and that of 
111 TFs in root are based on their >2-fold N-induction in JIT time 
bins spanning from early (5 min) to late (120 min) N-responders 
(Supplementary Tables S2 and S3). As a GRN visual, we highlighted 
the subnetwork of TFs regulating the nitrogen-uptake/assimila
tion pathway genes in maize shoots (Fig. 4 and Supplementary 
Data Set 2) or roots (Supplementary Fig. S14 and Data Set 3). For 
TF–target edges with multiple types of experimentally validated 
support (DFG, TARGET, and ChIP), see Supplementary Table S17. 
This ensemble approach reveals the temporal nature of the GRN 
controlling nitrogen uptake/assimilation in maize.

“Network Walking” uncovers a new role for 
ZmKN1 in the maize nitrogen response
Our temporal response N-network uncovered a set of novel 1,047 
early N-response genes including 70 TFs whose relevance to the 
N-response was not previously known (see Supplementary Fig. S3). 
Surprisingly, one such TF is the well-studied TF Knotted1 (ZmKN1) 
known to be involved in maize leaf development (Greene et al. 
1994; Kerstetter et al. 1997) which we identified as a “first responder” 
in the temporal nitrogen-signaling cascade. This finding was based 
on our analysis of our temporal N-response GRN and time-based 
JIT responses of its genes. ZmKN1 expression was significantly al
tered within 5 min of N-treatment (Fig. 2A). Previous studies have 
shown that ZmKN1 is essential for shoot apical meristem function, 
orchestrating key developmental processes in maize leaves, tassels, 
and ears (Greene et al. 1994; Bolduc et al. 2012). A new role for ZmKN1 
in the temporal N-response in maize is supported by our discovery of 
a significant overlap between maize shoot NxTime genes uncovered 
in our study and validated ZmKN1 target genes in planta identified as 
misregulated in zmkn1 mutants (Bolduc et al. 2012) (P-value 
<2.2E-16, Fisher’s exact test) (Supplementary Fig. S15 and 
Table S18). These findings support a potential new role for ZmKN1 
in mediating the nitrogen response in maize shoots in planta.

To validate the hypothesis that ZmKN1 is an early N-responder 
that mediates the N-GRN response in maize, we sought to decipher 
the network path that ZmKN1 might mediate to regulate these 
N-response target genes in planta. To this end, we first identified 
the direct regulated ZmKN1 targets in maize cells by conducting 
a TARGET TF-perturbation experiment (Fig. 2A and 
Supplementary Data Set 1). Interestingly, despite ZmKN1’s early 
response to nitrogen, its direct targets identified in the TARGET as
say rank 15th out of 23 TFs significance of overlap with NxTime 
genes in the shoot (Fig. 2B). This result suggests that ZmKN1’s reg
ulatory effect on NxTime genes might be mediated by secondary 
transcription factors (TF2s) regulated directly by ZmKN1 (Fig. 5A).

To test this hypothesis, we used “Network Walking” approach 
described in Brooks et al. (2019, 2021) to trace the connections 
from ZmKN1 to direct regulated TF2 genes, which would link 
ZmKN1 to its indirect targets in planta (Fig. 5A). For the Network 
Walking approach, we used the ensemble N-GRN in shoots includ
ing edges from pruned high-confidence DFG, TF–targets validated 
in the cell-based TARGET assay, and cell-based ChIP-seq data. The 
resulting “Network Walking” enabled us to connect ZmKN1 indi
rectly to 63.1% of its in planta N-responsive targets (309/490), via 
10 N-responsive TF2s that are direct regulated targets of ZmKN1 
(Fig. 5B and Supplementary Data Set 4). The targets in this 
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ZmKN1 influenced network of N-response genes share GO terms 
with targets identified using kn1 mutants in planta (Bolduc et al. 
2012) (Supplementary Table S19), such as “cell population prolif
eration” (Fig. 5B). Interestingly, GO term analysis reveals a novel 
involvement of ZmKN1 in nitrogen metabolism (Fig. 5B), extend
ing its known role as a master regulator in shoot meristems 
(Smith et al. 1992; Kerstetter et al. 1997).

Finally, to compare the ZmKN1 binding data in maize cells and 
in planta, we performed additional TF–target validation by perform
ing ChIP-seq on ZmKN1-tagged with a small biotin ligase recogni
tion peptide (BLRP) overexpressed in maize protoplasts (Lau and 
Bergmann 2015; Matsuda et al. 2017) (see Materials and methods). 
Our new ChIP-seq data showed a significant overlap between the 
ZmKN1 target genes bound in leaf protoplast (this study) and in 
mature ear tissue (Bolduc et al. 2012) (Supplementary Fig. S16, A
and B). Similar cis-binding motifs for ZmKN1 are detected both in 
maize leaf protoplasts (our study) and in ear tissue (Bolduc et al. 
2012) (Supplementary Fig. S16, C and D). Overall, these results sug
gest that protoplast-based overexpression of ZmKN1 accurately re
flects the gene binding and regulatory activities occurring in maize 
in planta.

Importantly, the 23 TF TARGET dataset of maize can also be used 
for validating various other networks. Utilizing AUPR analysis, we 

used the TF–target data for these 23 maize TFs to perform AUPR 
analysis of 45 GRNs from previously published research (Zhou 
et al. 2020). Our analysis identified 25 maize GRNs whose perform
ance metrics surpassed random networks (P < 0.05, permutation 
test with 1,000 repeats), including 10 GRNs with P-values smaller 
than 0.001 (Supplementary Fig. S17). These 10 maize GRNs include 
various tissues and genotypes that are worthy of further study. 
Thus, the addition of our TF–target-validated TARGET for 23 maize 
TFs dataset enables AUPR analysis which is automated in the 
ConnecTF platform (Brooks et al. 2021) will facilitate the validation 
of externally submitted networks in the plant community.

Model-to-crop conserved N-response genes 
enhance machine learning of 
genes-of-importance to NUE
In the above sections, we focused on maize to infer and validate a 
temporal GRNs involved in N-responses in this major crop. In this 
section, we elaborate on how our model-to-crop analysis showed 
that the use of orthologous NxTime genes in machine learning sig
nificantly enhanced the predictive power of gene models for NUE, as 
in Cheng et al. (2021). We first set out to identify the set of ortholo
gous NxTime genes shared between maize and Arabidopsis. In our 

Figure 4. A temporal N-responsive “ensemble” network of the N-uptake/assimilation pathway in maize shoots. In this temporally resolved N-response 
network, edges connect NxTime TFs (organized by their JIT bins) with genes in the nitrogen-uptake/assimilation pathway. The “ensemble” network 
consists of 92 TFs. “This “ensemble” network exclusively includes high-confidence TF–target edges from the DFG network (blue), validated TF–target 
edges of 14/23 maize TF validated by the TARGET TF assay (vermilion), and TF–target edges confirmed by ChIP-seq for 10 TFs (reddish purple) (Tu et al. 
2020). Maize TFs with orthologs in the Arabidopsis yeast-one-hybrid TF–DNA binding dataset (Gaudinier et al. 2018) or the Arabidopsis shoot NxTime 
gene list (Varala et al. 2018) are labeled with a black border line. For edges with multiple support (DFG, TARGET, ChIP), see Supplementary Table S17.
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proof-of-principle example, we focused on the N-GRN subnetwork 
of TF predicted to regulate multiple genes in the N-uptake/assimila
tion pathway. We found that the shoot ensemble N-GRN for maize 

(Fig. 4) includes 92 TFs, 22 of which have orthologous TFs found in 
the Arabidopsis predicted networks (Gaudinier et al. 2018; Varala 
et al. 2018) (Fig. 4; Note, 22 validated maize TFs are denoted as 

A

B

Figure 5. “Network Walking” uncovers a novel role for ZmKN1 in maize nitrogen signaling. A) A diagram depicting the Network Walking method that 
links ZmKN1’s direct targets to indirect in planta targets. For detailed explanation of Network Walking method, see Brooks et al. (2019, 2021) and Huang 
et al. (2023). B) Hierarchical structure of the ZmKN1 regulatory network for N-responsive genes. Direct targets of ZmKN1 validated using the TARGET 
system are encompassed within a pink rectangle. The dashed green rectangle within the pink rectangle denotes ZmKN1 direct targets validated in 
TARGET and in planta kn1 mutant (Bolduc et al. 2012). ZmKN1 directly regulates 10 TF2s, which provide direct links to ZmKN1’s indirect targets 
(encompassed in green rectangle). These 10 TF2s which link ZmKN1 to its indirect targets are validated by: (i) the maize TARGET assays (vermilion 
edges) (Fig. 2), (ii) high-confidence edges in the “pruned” DFG network (blue edges) (Fig. 3), or (iii) ChIP-seq (reddish purple edges) (Tu et al. 2020). The 
indirect targets of ZmKN1, encompassed within in the green rectangle, consist of the overlap between in planta misregulated genes from the kn1 
mutant (Bolduc et al. 2012) and NxTime genes in shoots. Genes are linked to their GO annotations by gray edges. GO terms found for genes misregulated 
in kn1 maize mutants in planta appear as purple hexagons, while novel nitrogen pathway-related GO terms discovered for ZmKN1 in this study are 
shown in green hexagons.
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triangles with black boarder). With the discovery of orthologous TFs 
targeting genes in the N-pathway model-to-crop, we expanded our 
cross-species analysis to all the NxTime genes shared between 
maize and Arabidopsis. Through gene orthology, we found 353 
shoot NxTime genes (34 TFs) and 406 root NxTime genes (41 TFs) 
in maize have orthologs in Arabidopsis that are also NxTime genes 
(Supplementary Tables S20 and S21), which we hereafter refer to as 
“conserved NxTime genes.”

In our prior study, we found that evolutionary conserved 
model-to-crop genes could significantly enhance the accuracy of 
machine learning of gene models whose expression levels predict 
phenotypic outcomes in the field (Cheng et al. 2021). Therefore, in 
our current study, we next investigated whether using the con
served NxTime gene sets from our N-response time-course ex
periments in maize and Arabidopsis could enhance machine 
learning predictions of NUE phenotypes in the field. For a detailed 
description of our XGBoost analysis, see Materials and methods 
section: XGBoost machine learning prediction models of NUE trait 
from gene expression (Cheng et al. 2021). Our methods include 
feature selection, cross-validation, hyperparameter optimization, 
and application to an independent dataset using data from Li et al. 
(2023). These steps demonstrate that our modeling pipeline effec
tively mitigates overfitting and ensures the robustness of the 
XGBoost gene models learned. For our machine learning analysis, 
we used 331 out of 353 conserved maize NxTime genes identified 
in our study which were expressed in the Cheng et al. maize data
set (Cheng et al. 2021) along with the phenotypes (data down
loaded from https://osf.io/avjph/).

To reduce dimensionality and avoid overfitting, we tested 
whether using the 331 conserved NxTime genes was a biologically 
principled way to enhance our XGBoost predictions of NUE. For 
our machine learning, we employed the XGBoost algorithm 
(Chen and Guestrin 2016) and used the match field expression 
data of these selected maize genes to predict NUE phenotypes de
termined in the field from (Cheng et al. 2021). We found that the 
331 model-to-crop conserved NxTime genes significantly outper
formed the same number of randomly selected NxTime genes 
(P-value: 1.25E−02) or expressed genes (P-value: 5.49E−03) in pre
dicting field NUE phenotypes (Fig. 6). Each gene within this con
served NxTime set of 331 maize genes was assigned a feature 
importance score, termed NUEscore, to quantify its predictive val
ue of the traits across the 16 maize genotypes (Supplementary 
Table S20). Further, we examined the correlation between the ei
gengenes of these 331 conserved NxTime maize genes and numer
ous phenotypic field traits (data downloaded from https://osf.io/ 
avjph/) (Cheng et al. 2021). We found significant associations ex
clusively with NUE traits, rather than grain yield or biomass 
(Supplementary Fig. S18). These findings demonstrate the poten
tial of the model-to-crop conserved NxTime genes identified in 
seedlings as reliable features for predicting NUE in mature maize 
grown under distinct N-field conditions.

NUE Regulon: integration of gene networks with 
machine learning scores for NUE trait predictions
To further enhance our model-to-crop GRN approach and 
identify conserved genes for NUE improvement, in the section 
below, we layout the NUE Regulon pipeline, which integrates: 
(i) high-confidence GRNs, (ii) gene orthology, and (iii) machine 
learning to learn network modules-of-importance to a trait. In 
this study, we focus on NUE traits, but the approach and pipe
line can be applied to any species or trait of interest (see 
Graphical Abstract).

Step 1: NUE Regulons: integration of GRN and machine 
learning knowledge
This first step aims to integrate network knowledge from the GRNs 
with machine learning of genes of importance to NUE. The goal is 
to identify the TFs whose target genes are collectively ranked the 
highest for importance to NUE. To this end, we used the ensemble 
N-GRN for maize shoots (Supplementary Data Set 2) and incorpo
rated the XGBoost NUE scores of the 331 NxTime genes conserved 
model-to-crop. We initiated this process by isolating a subnet
work within the ensemble N-GRN (Fig. 7A). The NUE-centric sub
network includes the TF and their target genes (including TF2 

targets) that are NxTime genes conserved across model-to-crop 
(green nodes, respectively in Fig. 7A).

Step 2: NUE Regulon score: ranking network 
modules-of-importance to NUE
Next, we calculated the NUE Regulon score for each TF in the sub
network. This NUE Regulon score represents a weighted importance 
to NUE (from XGBoost) of each TF and their target genes from the 
ensemble GRN (Fig. 7A). This NUE Regulon score is calculated 
from the NUE score for the TF times the aggregated NUE score of 
its NxTime target genes in the ensemble N-GRN (Fig. 7A). Ranking 
the NUE Regulon scores this way allowed us to identify TF hubs 
within NUE-centric subnetwork, distinguished not just by their net
work connectivity, but also by their high predictive value for target
ing genes affecting NUE traits (Supplementary Table S22). In our 
prototype, ZmMYBR3 and ZmMYB34 emerged as the top 2 TFs rel
evant to maize NUE based on NUE Regulon score (Fig. 7B). This rank
ing is also supported by experimental data: (i) the direct targets of 
ZmMYBR3 and ZmMYB34 validated in the cell-based TARGET assay 
were the top-ranked TFs for specificity to regulating NxTime genes 
in maize shoots (Fig. 2B) and (ii) in our gene orthology analysis, each 
of these maize MYB TFs is orthologous to Arabidopsis AtDIV1, for 
which loss-of-function mutants have been shown to have enhanced 
NUE, specifically under low nitrogen conditions (Cheng et al. 2021).

Step 3: Cross-species NUE Regulons: TF–target 
modules conserved model-to-crop
Given the many-to-one orthologous relationship between maize 
ZmMYB34, ZmMYBR3 and Arabidopsis AtDIV1, we first tested the 
potential redundancy of these 2 maize MYBs functions. We did this 
experimentally by comparing the direct regulated target genes of 
ZmMYB34 and ZmMYBR3 derived from TARGET TF-perturbation as
says performed in TF-transfected maize cells. This analysis revealed 
a significant overlap of the ZmMYB34 and ZmMYBR3 validated tar
get genes (P-value < 2.2E-16, Fisher’s exact test) (Supplementary 
Fig. S19), suggesting a functional redundancy between these 2 MYB 
TFs in maize. The intersection of target genes for ZmMYB34 and 
ZmMYBR3 (n = 2,957) called ZmMYB34/R3 was used as their 
validated targets for the ensuing comparison to targets of their or
thologous Arabidopsis TF AtDIV1 targets validated in the TARGET 
assay in Arabidopsis leaf protoplasts (Supplementary Table S23). 
We found a significant overlap of orthogroups targets (P-value < 
2.2E−16, Fisher’s exact test) regulated by maize ZmMYB34/R3 and 
Arabidopsis ortholog AtDIV1 (Fig. 8A). Importantly, this finding indi
cates a conservation of orthologous TF–target regulatory function 
across 160 million years of evolutionary divergence between maize 
and Arabidopsis.

It is noteworthy that not every orthologous validated target 
shared between ZmMYB34/R3 and AtDIV1 is essential for the NUE 
trait. By overlapping the orthologous targets shared between 
ZmMYB34/R3 and AtDIV1 with the conserved NxTime genes whose 
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expression effectively predicted NUE outcomes in the field, we iden
tified a specific subset of 23 Arabidopsis and 24 maize genes within a 
cross-species NUE Regulon (Fig. 8A). This conserved NUE Regulon in
cludes key nitrogen pathway metabolic enzymes, such as nitrite re
ductase 1 (NIR1) and NADH-dependent glutamate synthase 1 
(GLT1), as well as 3 TF2s including validated TF regulators of the 
N-response in Arabidopsis such as HHO6 (Varala et al. 2018; Ueda 
et al. 2020) and CDF1 (Varala et al. 2018) (Fig. 8A).

Step 4: Evaluation of model-to-crop NUE Regulon in 
predicting NUE in field
Given the conservation of this NUE Regulon from model-to-crop 
(ZmMYB34/R3 and AtDIV1), we evaluated its potential to predict 

NUE traits in field-grown maize using the XGBoost pipeline. 
Impressively, the predictive performance of the cross-species 
NUE Regulon (ZmMYB34/R3 and AtDIV1) target genes signifi
cantly surpassed that of an equivalent number of randomly con
served NxTime genes in both maize (P-value: 1.5E−05— 
Wilcoxon’s signed-rank test) (Fig. 8B) and Arabidopsis (P-value: 
7.9E−04—Wilcoxon’s signed-rank test) (Fig. 8C). We found that 
maize B73 hybrids generally have better predictions than inbreds, 
as was also observed in Cheng et al. (2021). We hypothesize that 
maize hybrids have adapted to the high nitrogen fertilizer condi
tion used in breeding; thus, the gene response to nitrogen can 
better predict the NUE phenotype. From the XGBoost models, we 
retrieved the NUEscore for the conserved regulon genes and 

A

B

Figure 6. Model-to-crop conserved NxTime genes are significantly more effective in predicting NUE outcomes maize field samples. Out of 353 
conserved NxTime genes, 331 genes are present in the training and testing dataset from Cheng et al. 2021. Using a selection of 331 conserved NxTime 
shoot genes, XGBoost was used to predict the maize NUE traits using RNA-seq and NUE data from 16 maize lines grown under −N/+N field conditions 
(Cheng et al. 2021). To evaluate the power of the XGBoost model to accurately predict the NUE trait based on the mRNA levels of the XGBoost gene 
models learned. To this end, Pearson’s correlation (r) was calculated between XGBoost predicted NUE value vs. actual NUE value (in left-out samples). 
A) The r value was calculated for XGBoost models learned: (i) using the 331 out of 353 NxTime genes conserved model-to-crop, (ii) using an equivalent 
number of random maize NxTime genes, and (iii) the equivalent number of randomly expressed maize genes. P-values derived from a Wilcoxon 
signed-rank test show that the NxTime genes conserved model-to-crop are significantly more effective at predicting NUE in field-grown maize. B) Using 
genes from the 331 conserved NxTime genes in XGBoost to learn gene models predictive of NUE, significantly improves NUE predictions, compared with 
using an equivalent number of random genes in maize. ***: P-value < 0.001 (Wilcoxon’s signed-rank test).
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visualized it on an orthology mapping plot (Fig. 8A and 
Supplementary Tables S24 and S25). To further confirm the predic
tive power of the ZmMYB34/R3 regulon genes, we tested them on a 
different maize dataset which including expression and field pheno
types from 137 Chinese elite inbred lines (Li et al. 2023). It is known 
that maize ear development is significantly affected by nitrogen 
availability (Liao et al. 2012; Gheith et al. 2022). Using random forest 
models, we found the 24 genes in the ZmMYB34/R3 NUE Regulon 
show significantly better prediction performance for maize ear di
ameter and ear length, compared with an equal number of random 
conserved NxTime genes (Supplementary Fig. S20).

In conclusion, our cross-species NUE Regulon analysis pipeline 
identified a precise set of orthologous TF–target genes conserved 
model-to-crop whose expression levels significantly improved 
machine learning of NUE trait prediction in Arabidopsis and 
maize grown in the field. This finding reveals that bridging crucial 
model-to-crop regulatory links between model-to-crop can en
hance our ability to identify genes-of-importance to NUE. 

Information gained from this NUE Regulon can be applied in mo
lecular breeding or transgenesis to improve NUE in crops.

Discussion
In this study, we outline a combined computational and experimen
tal strategy to identify genes-of-importance to an agronomic trait. In 
a systems biology approach, the NUE Regulon analysis pipeline inte
grates transcriptomics and traits by combining network inference, 
machine learning, and model-to-crop translation. Specifically, we 
show how a cross-species NUE Regulon significantly enhances 
machine learning of gene network regulons-of-importance to 
NUE in a model, Arabidopsis, and in field-grown maize plants. 
Impressively, our model-to-crop study indicates a conservation of 
TF–target regulatory module function across 160 million years of 
evolutionary divergence between maize and Arabidopsis. More 
broadly, this model-to-crop analysis approach can be applied to 
any species or trait-of-interest. Below, we discuss how transferring 

A

B

Figure 7. Maize NUE Regulon integrates network connectivity with machine learning scores to prioritize TFs of importance to NUE. A) NUE Regulon’s 
architecture integrates TF–target edges from pruned high-confidence DFG time-based networks (Fig. 3 and Supplementary Table S14), maize TF–targets 
validated in maize cells via TARGET (Fig. 2 and Supplementary Data Set 1), and ChIP-seq data for 2 maize TFs (Tu et al. 2020). Using these network edges, 
the NUE Regulon score for each TF was calculated as the product of the TF’s own NUE score times the sum of all its targets NUE scores. B) TFs within 
NUE-centric subnetwork are ranked by their NUE Regulon scores (Supplementary Table S22). The Arabidopsis orthologs of these maize TFs are listed in 
the last column. The top-rank maize TFs, ZmMYBR3, ZmMYB34, and their ortholog AtDIV1 have been validated for TF–target using the maize cell-based 
TARGET system (Supplementary Data Set 1 and Table S23).
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integrated knowledge from data-rich experimental models-to-crops 
presents significant opportunities, as well as future challenges.

Model-to-crop translation of temporal regulatory 
networks controlling NUE
This study exploits time, a largely unexplored dimension of the 
N-GRN response, especially in maize. As causality moves forward 

in time, fine-scale time-series RNA-seq data are a valuable source 
to derive predictive networks, as shown in Arabidopsis (Krouk et al. 
2010, 2013; Varala et al. 2018). Here, we implement and validate a 
time-inferred causal GRN in maize and compare it to a parallel study 
in the model Arabidopsis (Varala et al. 2018) to reveal N-regulatory 
temporal networks and network regulons conserved model-to-crop.

To do this, we first deciphered the temporal control of nitrogen- 
responsive gene regulatory networks (N-GRNs) in maize using 

A B

C

Figure 8. A model-to-crop conserved NUE Regulon significantly enhances predictions of NUE in both maize and Arabidopsis. A) Discovery of the conserved 
NUE Regulon shows that the orthologous TFs in maize (ZmMYB34/R3) and Arabidopsis (AtDIV1) and share a significant number of orthologous targets, 
validated by the plant cell-based TARGET assay (Supplementary Data Set 1 and Table S23). This TF network regulon includes 24 gene targets in maize and 23 
orthologous gene targets in Arabidopsis, identified by overlapping genes in the conserved orthogroups with Arabidopsis or maize NxTime genes. Using genes 
from these cross-species NUE Regulon in XGBoost to learn gene models predictive of NUE significantly improves NUE predictions, compared with using an 
equivalent number of conserved NxTime genes in B) maize and C) Arabidopsis. *** P-value < 0.001 (Wilcoxon’s signed-rank test).
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fine-scale time-course RNA-seq experiments and identified their 
temporal cascade of regulation using JIT analysis (see Materials 
and methods), as in Arabidopsis (Varala et al. 2018). This uncov
ered a temporally resolved nitrogen-signaling cascade of gene 
functions conserved between model-to-crop (Fig. 1).

Further leveraging our time-course N-responsive genes, we em
ployed a time-based network inference method called DFG (Krouk 
et al. 2010, 2013; Varala et al. 2018; Brooks et al. 2019) to construct 
causal N-GRNs in maize shoots and roots. To experimentally vali
date these inferred networks, we used TARGET, a medium- 
throughput plant cell-based TF-perturbation assay (Fig. 2). The 
TARGET assay validated TF–target direct regulatory edges for 23 
maize TFs whose targets encompass ∼85 to 90% of the early-to-late 
temporally N-responsive genes in planta (Fig. 2D). These validated 
TF–target data were also used in a precision/recall AUPR analysis 
to prune the accuracy of predicted TF–target edges for ∼200 TFs 
and 700 target genes in our N-GRNs (Fig. 3). We showed that this 
pruned N-GRN includes the validated and predicted TF regulators 
of 32 genes in the N-uptake/assimilation pathway in maize shoots 
(Fig. 4). Our integrating of these high-confidence TF–target edges 
identified in maize cells (via TARGET) with in planta data of a maize 
TF mutant in leaf development (Bolduc et al. 2012) led to the dis
covery of a novel role for the well-studied maize ZmKN1 TF in ni
trogen signaling, using an approach called “Network Walking,” 
described in Brooks et al. (2019, 2021) (Fig. 5).

Next, we aimed to identify how TFs network regulons in the 
pruned GRN might influence NUE outcomes. To this end, we identi
fied TF NUE Regulons (Fig. 7), by integrating our temporal N-response 
maize GRNs with NUE phenotype field data from Cheng et al. (2021)
using XGBoost machine learning analysis (Chen and Guestrin 2016), 
applied to maize as described. In a model-to-crop analysis, we found 
that conserved NxTime genes between maize and Arabidopsis can 
reliably predict NUE in plants. Moreover, by integrating network 
structures with NUE scores, we identified and validated a conserved 
maize–Arabidopsis NUE network regulon (ZmMYB34/R3—AtDIV1) 
of 24/23 genes whose expression levels significantly enhance the 
ability to predict NUE traits from RNA in left-out samples for both 
model-and-crop (Figs. 7 and 8).

Exploiting time-series data to enhance regulatory 
network inference and learn early N-signaling 
events in maize
Prior studies of nitrogen-signaling responses in maize have primar
ily focused on single time points (Ge et al. 2020, 5; Wang et al. 
2020b; Buoso et al. 2021a; Cheng et al. 2021). Our analysis takes ad
vantage of time-series data in maize to infer regulatory networks 
and perform a model-to-crop analysis. Unlike steady-state experi
ments that take a snapshot the transcriptome at a single point, 
time-course experiments find changes in gene expression through
out development or treatment, providing a deeper insight into gene 
regulatory dynamics (Storey et al. 2005; Aryee et al. 2009; Krouk 
et al. 2013). In addition to enhancing predictions of TF–target cau
sality, measurements across multiple time points act as replicates, 
significantly boosting the statistical power for differential ex
pressed gene analysis (Tai and Speed 2009; Sun et al. 2016).

In our present study, we used a spline model to identify NxTime 
genes (Fig. 1C). The spline model is known for its flexibility and effi
ciency in detecting nonlinear gene expression changes (Coffey 
et al. 2014; Spies et al. 2017). Since all time points are used in the dif
ferential expression (DE) testing, instead of treated versus control at 
individual time points, spline modeling handles noisy data and in
creases confidence in detecting DE genes (Luan and Li 2003; Krouk 

et al. 2010; Varala et al. 2018; Alvarez et al. 2021; Shanks et al. 
2024). Recently, spline modeling has also been applied in detecting 
DE genes from temporal single-cell transcriptomic data in animals 
(Van den Berge et al. 2020; Fan et al. 2024). Our time-course experi
ment enabled us to pinpoint the first time-point that maize JIT genes 
that respond to nitrogen above a 2-fold threshold (Fig. 1C). Such JIT 
gene sets responding to the N-signal in maize were also observed 
in a parallel study in Arabidopsis (Varala et al. 2018). By comparison, 
we determined that temporal N-responsive conserved across 
model-to-crop shares biological processes (Figs. 1, D and E). In addi
tion to identifying a large number of early- and dynamic N-response 
genes that were missed in steady-state studies of maize, we identi
fied 353 NxTime genes in the shoot and 406 NxTime genes in the 
root conserved across model-to-crop.

These findings suggest a conserved plant mechanism for tempo
ral transcriptional control of N-metabolic genes in plants in re
sponse to nutrient sensing, analogous to systems seen in E. coli 
and yeast (McAdams and Shapiro 2003; Zaslaver et al. 2004; 
Chechik et al. 2008). In other studies, in addition to the spline model, 
other promising methods for time-course transcriptome analysis 
include Granger causality (Heerah et al. 2021), hidden Markov mod
el (Leng et al. 2015), and deep learning (Yuan and Bar-Joseph 2021).

GRN validation and refinement: precision/recall 
analysis and network pruning
One major bottleneck in transferring knowledge from model- 
to-crop is the validation of TF–target edges in the GRNs, especially 
in crops. One essential aspect of network inference studies is the in
corporation of validated TF-to-target data which enables network 
refinement and “pruning” of high-confidence regulatory edges in a 
GRN.

Herein, we have enabled such GRN validations in a crop by adapt
ing a medium-throughput cell-based TF-perturbation assay 
called TARGET to maize, from the protocols initially developed in 
Arabidopsis (Bargmann et al. 2013; Brooks et al. 2019). The TARGET 
assay enabled us to rapidly validate direct regulated TF–targets in 
isolated maize cells. Herein, we show that the genome-wide targets 
of 23 maize TFs validated in the maize cell-based TARGET system 
capture ∼90% of the NxTime-responsive genes in maize shoots 
and roots (Fig. 2). Compared with ChIP-seq, and other cell-based 
TF-perturbation assays (Zhu et al. 2024), the TARGET assay identifies 
directly regulated TF–targets (Bargmann et al. 2013) (see 
Supplementary Fig. S10). This approach to identify direct regulated 
targets of a TF (e.g. TF-GR fusion + CHX) has also been used exten
sively in planta (Yamaguchi et al. 2015).

Importantly, the TARGET assay also provides an evidence-based 
method to validate and prune the GRNs. Instead of arbitrarily select
ing the top 1% or 10% as the high-confidence TF–targets in GRNs, we 
used AUPR to guide where to prune the network (Fig. 3). AUPR is sug
gested to be the optimal performance measurement of a network, as 
it emphasizes true-positive predictions and ignores true negatives, 
which could overwhelm the GRN prediction (Aalto et al. 2020; 
Pratapa et al. 2020). In our study, we used the validated genome-wide 
targets of 23 maize TFs to prune our maize GRN for high-confidence 
edges connecting ∼200 TFs to ∼700 target genes (Fig. 3). Given that 
many agronomic traits are governed by such complex networks, 
having a high-quality GRN is crucial for identifying key genes that 
control traits, including NUE (Hirel et al. 2007; Gao et al. 2022). The 
recently proposed “omnigenic” model hypothesized that all genes 
expressed in a cell contribute to controlling a complex trait (Boyle 
et al. 2017; Mathieson 2021). We observed that the temporal nitrogen 
response GRN controlling nitrogen uptake/metabolism genes in 
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maize is highly interconnected and regulated by hundreds of TFs 
(Fig. 4 and Supplementary Fig. S14).

Model-to-crop conservation of GRN network 
regulons: NUE phenotype as a prototype working 
example
Previous studies in both plant (Obertello et al. 2015; Du et al. 2020) 
and animal research (Yu et al. 2012; Mueller et al. 2017; Möller 
et al. 2022) have highlighted the gene module conservation between 
model and nonmodel organism. However, the link between network 
module-to-phenotype remains largely unexplored (Langfelder and 
Horvath 2008). Our framework to rank the importance of regulatory 
network modules to a trait combines cross-species comparison and 
machine learning. Our rationale is if a conserved GRN network reg
ulon is validated in diverse species, such as Arabidopsis and maize, 
which are separated by 160 million years (Kumar et al. 2017), then 
this regulon is highly likely to be important to a trait.

To test this hypothesis, we focused on a subnetwork regulon 
(NUE Regulon) for the NUE trait. To enhance our machine learning 
of genes-of-importance to NUE, we first reduced the dimensionality 
of genes used in our models to the 353 evolutionarily conserved 
maize–Arabidopsis NxTime gene sets (Fig. 6), as in Cheng et al. 
(2021). Using this evolutionarily conserved NxTime gene set, we 
showed the model-to-crop N-response genes selected at the seed
ling stage (Fig. 6A) can predict the NUE phenotype at adult stages 
in the field (Fig. 6B). For the NUE Regulon approach, we calculated 
the “NUE Regulon score” by integrating the machine learning- 
derived gene importance scores of the TF and its targets within 
the network context (Fig. 7). Moreover, we validated the top TFs reg
ulation by TARGET in model (AtDIV1) and crop (ZmMYB34/R3) us
ing the cell-based TARGET assay (Fig. 8). This validated that a 
model-to-crop conserved ZmMYB34/R3 regulon for NUE, which 
comprises only 24 genes, can accurately predict field NUE and ear 
phenotypes in field-grown maize (Fig. 8 and Supplementary Fig. 
S20). Using this precise gene set of TF regulon genes-of-importance 
to predict field outcomes in maize seedlings can facilitate improve
ments in NUE through molecular breeding programs, transgenics, 
or genome editing.

Challenges and limitations in model-to-crop 
translation
While our model-to-crop strategy effectively predicts the NUE trait, 
it also presents several challenges and limitations. First, our cross- 
species NUE Regulon relies on the orthology relationships, which 
are often difficult to infer. In our study, we applied OrthoFinder2, a 
stringent tree-based inference method for orthology mapping 
(Emms and Kelly 2019). Benchmark shows the OrthoFinder2 
has high accuracy and good overall performance (Nevers et al. 
2022). However, other large-scale ortholog databases may offer 
a more comprehensive list, such as InParanoiDB (Persson and 
Sonnhammer 2023), Phytozome (Goodstein et al. 2012), 
Orthologous Matrix (Altenhoff et al. 2024), and Ensembl Genomes 
(Yates et al. 2022). Meanwhile, the stringent tree-based orthology 
method may miss true orthologs that can be detected by more sen
sitive BLAST-based methods (Chen et al. 2007; Moreno-Hagelsieb 
and Latimer 2008; Obertello et al. 2015). Future studies could consid
er incorporating multiple orthology inference methods to ensure a 
more inclusive orthology identification.

Second, in this study, we used gene expression to limit the or
tholog search, ensuring that maize–Arabidopsis orthologs had to 
be NxTime response genes in both model-to-crop. This approach 
greatly reduced the dimensionality for the machine learning by 

focusing on the conserved genes. However, it excluded the 
maize-specific and C4-specific genes that do not have orthologs 
in the Arabidopsis C3 plant. Also, genes with similar sequences 
(e.g. orthologs) may not have the identical functions. Genome du
plication and gene family expansion after speciation may create 
orthologs with different functions (Patel et al. 2012; Das et al. 
2016). For example, there may be TFs from the same family, but 
are not necessarily orthologs that regulate the same set of genes. 
To address this, future studies should incorporate maize-specific 
genes and investigate the functional divergence among orthologs, 
enhancing the power of model-to-crop knowledge transfer.

Overall, our work integrates GRN analysis with machine learning 
and gene orthology to identify regulons conserved model-to-crop 
species. Moreover, we validated the orthologous TFs regulons across 
species in plant cells. While we focused on the NUE trait, this strategy 
can be applied to any other crop or traits by utilizing information 
from any model species. Importantly, the selection for or modifica
tion of such NUE Regulons can be used to enhance NUE in crops, im
proving yield and mitigating N-fertilizer contribution to greenhouse 
gas emission.

Materials and methods
Plant material and nitrogen treatment
Z. mays (B73) seeds were obtained from US National Plant 
Germplasm System (https://npgsweb.ars-grin.gov/gringlobal/ 
accessiondetail?accid=PI+550473). On d 1, seeds were soaked in 
sterilized water overnight. On the next day, seeds were sterilized in 
a glass beaker with 50% commercial bleach (CLOROX) for 20 min. 
Then, the seeds were rinsed 5 times with sterilized water, each 
time for 20 min. Six sterilized seeds were paper rolled on a double- 
layered, prerinsed 60 cm × 10 cm paper towel. Seeds were placed 
2 cm below the paper edge. The paper rolls with seeds were covered 
with foil paper and stored in a plastic container filled with 200 mL 
water. Plants were checked daily.

All plants were grown in a PERCIVAL growth chamber at 
New York University [16-h light–8-h dark, 27 °C at light (150/µmol2/ 
s) 24 °C at dark cycle, 70% relative humidity]. Water in each container 
was replaced by nitrate-free MS hydroponic medium (Caisson 
Labs-MSP10-50LT) on d 6. On d 8, the germinated seedlings were tak
en out of the paper rolls and endosperms were removed with a razor 
blade by hand. After the removal of the endosperms, seedlings were 
grown in the fresh nitrate-free MS hydroponic medium. All plants 
were handled between 10 AM and 12 PM Eastern Standard Time, 2 h 
after the light cycle started. The seedlings were starved from nitro
gen for 2 d. On the day of the sampling (d 10), 2 h after the start of 
the light period (10 AM), seedlings were transferred to the fresh hydro
ponic medium containing either the nitrogen in MS medium (20 mM 

KNO3 + 20 mM NH4NO3) or 20 mM KCl and harvested at time intervals 
0, 5, 10, 15, 20, 30, 45, 60, 90, and 120 min. Ten percent of nitrogen in 
the MS medium was labeled with the 15N isotope (Cambridge Isotope 
Lab—NLM-390-1). Shoots and roots from 3 seedlings were combined 
as 1 biological replicate. Three biological replicates were collected 
per time point per treatment. They were immediately flash-frozen 
in liquid nitrogen and stored in an −80 °C freezer. The ground tissues 
were sent to UC Davis Stable Isotope Facility for 15N measurement. 
The 15N measurements in shoots and roots were plotted over time, 
and a simple linear regression model was applied using the “lm()” 
function in R. To calculate the correlation between gene expression 
and 15N levels, Pearson’s correlation coefficients were calculated us
ing the “cor.test()” function in R. P-values were adjusted for multiple 
testing using the “p.adjust(method = ‘BH’)” function.
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RNA extraction and library preparation for RNA 
sequencing
About 100 mg of finely ground tissues was used for RNA extraction 
using the Zymo Direct-zol RNA Miniprep Kits (R2052). The RNA 
quality was checked on a Nanodrop and Agilent TapeStation 
(5067-5576). The Lexogen QuantSeq 3′ mRNA-Seq Library Prep 
Kit (015.2 × 96) with UMI (081.96) was used for the mRNA library 
preparation. The libraries were pooled and sequenced on the 
Illumina NextSeq 500 platform at NYU-CGSB Genomics Core us
ing the HighOutput 1 × 75 bp mode.

The UMI-incorporated RNA-seq libraries were analyzed follow
ing Lexogen’s guidance (https://www.lexogen.com/quantseq- 
3mrna-sequencing/). The reads’ UMI were extracted from raw fastq 
files using “extract” command from UMI-tools v1.1.1 (Smith et al. 
2017). The fastq files were trimmed by fastp 0.21.0 (Chen et al. 
2018). The clean fastq files were aligned to maize genome version 
4 downloaded from Ensembl Plant (Kersey et al. 2018) using STAR 
2.7.6a (Dobin et al. 2013). The identical UMI reads were deduplicated 
using “dedup” command from UMI-tools v1.1.1 (Smith et al. 2017). 
The read counts matrix was generated by featureCounts v2.0.1 
(Liao et al. 2014) from the deduplicated bam files. All steps were or
ganized using Snakemake 5.31.1 = workflow manager (Köster and 
Rahmann 2012) and Slurm job scheduler on the NYU High 
Performance Computing platform.

Identifying NxTime genes fitting a spline model
To identify the high-confidence nitrogen-responsive genes (referred 
to as NxTime genes), we fit the transcriptome data (+N vs −N) into a 
cubic spline model as previously described (Varala et al. 2018) with 
modifications (Fig. 1C). The data were modeled with a df equal to 
5. Then, we used the generalized likelihood ratio test (lrt) in edge 
package (Storey et al. 2005) in R to test the NxTime genes whose 
N-response curve of mRNA levels differs significantly from −N con
trols (Fig. 1C). The bootstrap method with 1,000 iterations was ap
plied in the lrt test. We set the cutoff for significant NxTime genes 
in shoot and root to include ∼200 TFs. This cutoff prevents overfit
ting in the network inference step (avoiding too many regulators) 
and maintains consistency with the Arabidopsis time-course 
data. We identified 2,732 NxTime genes in shoot (q-value < 0.05) 
and 2,294 NxTime genes in root (q-value < 1E-5).

Identifying nitrogen pathway genes and cross 
annotation model-to-crop
We conducted a comprehensive search across 3 databases, including 
MaizeGDB (Andorf et al. 2015), UniProt (The UniProt Consortium 
2019), and KEGG (Kanehisa et al. 2023), for key enzymes in the nitro
gen metabolism pathways as listed in Supplementary Table S4. To 
avoid missing maize genes due to the lack of annotation, we 
performed reverse BLASTP search (Obertello et al. 2015) using 
Diamond (Buchfink et al. 2021) between well-annotated Arabidopsis 
genes and maize genes. Maize genes with e-value < 1E−20 in both 
queries (maize to Arabidopsis and Arabidopsis to maize) were anno
tated with Arabidopsis functions. The gene nomenclature adheres 
to MaizeGDB and TAIR conventions, except for those cited from pub
lished sources (Liu et al. 2022) (Supplementary Tables S26 and S27).

Just-In-Time (JIT) analysis, GO enrichment, and 
motif enrichment
For the JIT analysis (Fig. 1C), we normalized the expression matrix 
using “betweenLaneNormalization()” function in EDASeq (Risso 
et al. 2011). From the normalized expression matrix, we calculated 
the gene expression fold-change (FC) of + N/−N at each time point. 

Genes were binned to the JIT categories base on their first time 
showing |log2FC| > 1. The previously published Arabidopsis 
NxTime data (Varala et al. 2018) collected from identically treated 
Arabidopsis seedlings was reprocessed following the same criteria 
for consistency. For all the GO enrichment analyses, the topGO 
package (Alexa et al. 2006) with the Maize-GAMER annotation 
(Wimalanathan et al. 2018) was used for maize and the 
org.At.tair.db (Carlson et al. 2019) was used for Arabidopsis. The 
Fisher exact test using “weight01” algorithm (default in topGO) 
was applied to all the GO term enrichment tests.

Motif enrichment was performed by SEA from MEME suite (Bailey 
and Grant 2021) using the default setting with the order2 back
ground model calculated from all promoter regions (−bfile). Two 
cis-motif sources were used. The first was the consensus cis-motif 
clusters from Brooks et al. (2019), containing 80 (sub)family-level 
TF motifs. The second was the JASPAR2022 Plant Core motifs 
(Castro-Mondragon et al. 2022) which includes 656 high-quality 
plant TF motifs. Motifs with QVALUE < 0.05 and ENR_RATIO > 3 
from the SEA outputs were considered as enriched for the gene sets.

Maize TARGET experiments for 
medium-throughput validation of TF–targets in 
cells
All maize TARGET experiments listed in Fig. 2 were performed us
ing the p1107 plasmid that contains a TF-GR fusion protein, and 
selectable marker gene for FACS was described previously 
(Shanks et al. 2022). The vector is available at the VIB-UGENT 
PSB plasmid repository with vector ID 25_55 and 25_56.

The maize transfection protocol was adapted from our 
Arabidopsis TARGET protocol (Bargmann et al. 2013; Brooks 
et al. 2019) and Dr. Jen Sheen’s protocol (https://molbio.mgh. 
harvard.edu/sheenweb/protocols.html) with some modifications. 
The maize seeds were soaked overnight and planted in pots filled 
with Turface MVP. The pots were placed at the growth chamber, 
under 16-h light/8-h dark diurnal cycle, at temperatures 27 °C 
and 24 °C, respectively, and 70% humidity for 3 d. After seeds 
were germinated and about 5 cm above ground, the pots were 
moved to the dark room at temperature 27 °C and 70% humidity 
for etiolation for 7 d. On the day of the TARGET experiment, etio
lated middle section (∼4 cm) of the second leaves was cut into 
1-mm pieces and soaked in the cell wall digestion solution (1.5% 
cellulase RS, 0.3% macerozyme R10 (Yakult Honsha), 0.6 M manni
tol, 10 mM MES [pH 5.7], 1 mM CaCl2, 5 mM β-mercaptoethanol, and 
0.1% BSA) in a petri dish. The petri dish was vacuum-infiltrated for 
30 min and shaken for 95 min at 50 rpm in the dark, followed by 
10 min at 70 rpm to fully release cells. Maize protoplast cells 
were filtered through a 40-µm cell strainer (BD Falcon, USA) and 
spun down for 2 min at 280 g. The cells were washed with 10 mL 
buffer (10 mM MES, pH 5.7, 0.6 M mannitol, 10 mM KCl) 3 times. 
After the final wash, cells were resuspended in the buffer to 1.0 
× 106 cells/mL and were ready for transfection.

For protoplast transfection, we mixed 150 μL protoplasts (1.5 × 
105 cells), 40 μg plasmid, and 120 μL buffer in a 2-mm electropora
tion cuvette (BioRad #1652086). The BioRad Gene Pulser was used 
for the electroporation with 1 shot and the following condition: 
150 V, 200 Ω, 125 μF. After electroporation, 700 μL cold buffer 
was added to the cuvette. Then, the protoplast mix was trans
ferred to a new round-bottom 2-mL tube and stored at room tem
perature in the dark overnight. On the next day, protoplasts were 
treated with either +Nitrogen (20 mM KNO3 and 20 mM NH4NO3) or 
−Nitrogen (20 mM KCl) for 2 h. The cells were treated with 30 µM 
CHX for 20 min (to block translation of secondary TF targets 
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genes) and then a 3-h 10 mM DEX treatment (to induce TF-GR nu
clear import). After 3 h, TF vector and control EV-transfected pro
toplasts were FACS sorted for RFP signals into 150 µL TRI regent 
for RNA extraction (Zymo, R2061). The RNA quality was checked 
on the Agilent TapeStation (5067-5576). We used Lexogen 
QuantSeq 3′ mRNA-Seq Library Prep Kit (Lexogen, 015.2 × 96) for 
RNASeq library preparation.

Arabidopsis TARGET experiment to identify direct 
regulated TF–targets
The Arabidopsis TARGET experiments for TFs listed in Fig. 2 were 
performed using the pBOB11 plasmid, as described previously 
(Brooks et al. 2019). An EV plasmid (with no TF of interest) was 
also transfected to be used as a control for identifying differentially 
expressed genes (DEGs). The protocol for protoplasting and transfec
tion leaf cell was adapted from the Sheen Lab (Yoo et al. 2007). In 
brief, rosette leaves from ∼4-wk-old soil-grown plants were har
vested, sliced with a razor, and incubated in enzyme solution (1% 
cellulase R10, 0.2% macerozyme R10 [Yakult Honsha], 0.4 M manni
tol, 20 mM MES pH 5.7, 20 mM KCl, 10 mM CaCl2, and 0.1% BSA) for 
90 min. Cells were strained through a 70-µM filter, collected by cen
trifugation at 300 g, and washed with W5 buffer (150 mM NaCl, 
125 mM CaCl2, 5 mM KCl, 2 mM MES pH 5.7, 5 mM glucose). Cells 
were collected by centrifugation and transferred to MMg solution 
(400 mM mannitol, 10 mM MgCl2, 4 mM MES pH 5.7) for transfection. 
Cells were diluted to a cell density of 6 × 105 cells/mL with MMg and 
mixed with 20 µL plasmid DNA (20 to 50 µg DNA) in a 2-mL micro
centrifuge tube. 120 μL PEG solution (40% PEG4000, 200 mM manni
tol, 100 mM CaCl2) was added to the cells and mixed by inversion. 
After incubating for 2 to 5 min, W5 buffer was added, and the cells 
were washed twice in W5 buffer. Cells were then transferred to a 
48-well plate and incubated overnight with shaking. To start the 
TARGET experiment, CHX was added to a final concentration of 
35 µM for 20 min, before the addition of DEX to a final concentration 
of 10 µM for 3 h. After the incubation, cells were analyzed with a 
FACSAria II (BD Biosciences) and sorted directly into RNA Lysis 
Buffer from the Quick-RNA Miniprep Kit (Zymo Research), which 
was then used for RNA isolation following the manufacturer’s in
structions. Illumina library preparation was performed using the 
NEBNext Ultra II RNA Library Prep Kit for Illumina (NEB #E7770L) 
with NEBNext Multiplex Oligos for Illumina (NEB #E6609S) according 
to the manufacturer’s instructions.

Maize ZmKN1 ChIP-seq experiment in isolated 
leaf cells
The maize protoplast ChIP protocol for ZmKN1 targets (Fig. 5B) 
was adapted from the previous uChIP-seq protocol (Lau and 
Bergmann 2015; Para et al. 2018) with modifications. In the 
p1107 vector, the BLRP tag was placed at the 5′ end of the inserted 
TF. The p1107-ZmKN1 plasmid was transfected into the etiolated 
maize leaf protoplasts as described above. After transfection, a fi
nal concentration of 50 μM biotin (Sigma B4639) was added to the 
buffer (10 mM MES, pH 5.7, 0.6 M mannitol, 10 mM KCl). Protoplasts 
were collected by centrifugation at 500 g for 2 min and resus
pended in 500 μL buffer. About 60,000 transfected cells are suffi
cient for 1 ChIP reaction. For cross-linking, 13.7 μL of 36.5% 
formaldehyde was added and incubated at room temperature 
for 7 min. The reaction was quenched with 32 μL of 2 M glycine 
and incubated at room temperature for an additional 7 min. The 
cells were then centrifuged at 600 g for 2 min at 4 °C using a swing- 
bucket rotor. After removing the supernatant, the pellet was 
rinsed twice with 500 μL of ice-cold buffer, centrifuging at 600 g 

for 2 min at 4 °C between washes. The final pellet was snap-frozen 
in liquid nitrogen and stored at −80 °C.

Chromatin was isolated by adding 100 μL of prechilled lysis buffer 
(50 mM Tris–HCl, pH 8, 10 mM EDTA, 1% SDS, and cOmplete mini pro
tease inhibitor) to the protoplasts, incubating on ice for 10 min, and 
resuspending by gentle pipetting. The lysate was transferred to a 
tube for sonication using a Bioruptor Pico Sonicator with 5 cycles of 
30-s on, 30-s off in ice water. Subsequently, 500 μL of ChIP dilution 
buffer (10 mM Tris–HCl, pH 8, 150 mM NaCl, 1 mM EDTA, 1.1% 
Triton X-100, and cOmplete mini protease inhibitor-Roche 
11836153001) was added to the lysate, and the mixture was centri
fuged at 12,000 g for 10 min at 4 °C. The supernatant (chromatin) 
was transferred to a new prechilled tube. This was repeated by add
ing 400 μL of ChIP dilution buffer to the pellet, centrifuging again, and 
pooling the supernatants to dilute SDS from 1% to 0.1%.

During centrifugation, Dynabeads Protein A magnetic beads 
(Invitrogen 10001D) were washed by ensuring a homogeneous sus
pension and resuspending 20 μL of beads per sample in 1 mL of 
ChIP dilution buffer. The beads were placed on a magnetic stand 
for 30 s on ice, and the supernatant was discarded. This wash 
was repeated. The beads were then resuspended in 20*n μL of 
ChIP dilution buffer (n = number of reactions). Prewashed Protein 
A (20 μL) was added to the chromatin mixture and incubated for 
1 h at room temperature on a rotator. Beads were captured on a 
magnetic stand, and the supernatant was transferred to a new 
tube, setting aside 30 to 50 μL of chromatin as input for ChIP.

For immunoprecipitation, 50 μL of streptavidin beads (Invitrogen 
65801D) was washed 3 times with 1 mL of ChIP dilution buffer and re
suspended in 100*n μL of ChIP dilution buffer. The beads were added 
to the precleared chromatin and incubated overnight with gentle ag
itation at 4 °C or for 1 h at room temperature. Beads were captured on 
a magnetic stand, the supernatant was discarded, and the beads 
were sequentially washed with 1 mL each of wash buffers 1 (2% 
SDS), 2 (20 mM Tris–HCl [pH 8], 500 mM NaCl, 2 mM EDTA, 0.1% deox
ycholate, 0.1% (wt/vol) SDS, and 1% (vol/vol) Triton X-100), 3 (10 mM 

Tris–HCl [pH 8], 250 mM LiCl, 1 mM EDTA, 1% [vol/vol] NP-40%, and 
0.5% [wt/vol] sodium deoxycholate), and 4 (10 mm Tris–HCl [pH 8], 
1 mM EDTA), with each wash lasting 8 min at room temperature. 
Immune complexes were eluted by adding 95 μL of freshly prepared 
ChIP elution buffer (100 mM NaHCO3, 1% SDS) and incubating at 65 
°C for 40 min with a mixing frequency of 1,200 rpm. Tubes were 
briefly centrifuged (3,600 g for 10 s) and placed on a magnetic stand 
for 20 to 30 s, and 100 μL of eluates was transferred to new tubes.

For reverse cross-linking, 4 μL of 5 M NaCl was added to the 100 μL 
ChIPed DNA, and input samples were thawed, adjusted to a final 
volume of 100 μL with ChIP elution buffer, and supplemented with 
4 μL of 5 M NaCl. Samples were incubated overnight at 65 °C. 
RNase A (1 μL, Thermo Scientific EN0531) was added to the eluates, 
mixed, and incubated at 60 °C for 30 min. Subsequently, 2.5 μL of 
protease solution (10-fold diluted proteinase K, Roche 3115887001) 
was added to each sample and incubated for 1 h at 63 °C. DNA 
was purified using the ChIP DNA Clean & Concentrator kit (Zymo 
D5205). DNA concentration was measured using Qubit. The cells 
were incubated in dark overnight. We used NEBNext Ultra II DNA 
Library Prep Kit (NEB E7645S) for sequencing libraries. The libraries 
were sequenced on the Illumina NextSeq 500 platform at 
NYU-CGSB Genomics Core using the HighOutput 1 × 75 bp mode.

Maize ZmKN1 protoplast ChIP-seq data analysis
The sequenced raw fastq reads were trimmed by fastp 0.21.0 (Chen 
et al. 2018). Clean reads were aligned to the maize genome version 4 
downloaded from Ensembl Plant (Kersey et al. 2018) using bowtie 
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2.4.2 with default parameters (Langmead and Salzberg 2012). 
Aligned reads with MAPQ values smaller than 10 were discarded us
ing samtools 1.11 (Li et al. 2009). The aligned bam files were con
verted int bigwig files using “bamCoverage” command from 
deepTools 3.5.0 (Ramírez et al. 2016). The peaks were called using 
macs 2.2.7.1 (Zhang et al. 2008) with non-ChIP DNA as control. 
The closet genes to the peaks were determined using bedtools 
2.29.2 (Quinlan and Hall 2010). Top 600 peaks within +/1 kb of genes 
were kept for the motif analysis. The ±250 bp around the peak sub
mits were used as input for MEME-ChIP (Bailey et al. 2015). The heat
map of the ChIP signal was plotted by “plotHeatmap” command 
from deepTools 3.5.0 (Ramírez et al. 2016). These data were used 
in Fig. 5 and Supplementary Fig. S16.

Maize and Arabidopsis TARGET data RNA-seq 
analysis
All RNA-seq raw reads for maize TARGET experiments were first 
processed to remove optical duplicates (Clumpify 37.50) and adapt
ers (BBDuk 37.50). The trimmed reads were aligned to the maize ge
nome version 4 using BBMap (37.50) (https://sourceforge.net/ 
projects/bbmap/). The mapped reads were assigned to gene loci us
ing featureCounts (Liao et al. 2014) with the latest annotation 
AGPv4.32. Genes passing the expression threshold (>1 CPM per sam
ple) were normalized using upper-quantile normalization in EDASeq 
2.18.0 (Risso et al. 2011) and replicate samples RUVSeq 1.18.0 (Risso 
et al. 2014). Differential gene expression analysis was conducted us
ing edgeR (4.32) (McCarthy et al. 2012) to identify target genes for 
each TF, comparing EV- and TF-transfected samples with and with
out N treatment in parallel. The union of DEGs (false discovery rate 
[FDR] < 0.05) from minus- and plus-N conditions was considered the 
target genes for a given TF. For the Arabidopsis AtDIV1 TARGET as
say, raw fastq files were trimmed by fastp 0.21.0 (Chen et al. 2018). 
The clean fastq files were aligned to TAIR10 genome using hisat2.2.1 
with default parameters (Kim et al. 2015). The read counts matrix 
was generated by featureCounts v2.0.1 (Liao et al. 2014) from the 
aligned bam files. The DESeq2 (Love et al. 2014) was used to identify 
DEGs between AtDIV1 and EV with FDR <0.05. These data were used 
in Fig. 8.

Dynamic Factor Graph (DFG) network 
construction and network pruning
The DFG method was used for the network inference as described 
previously (Varala et al. 2018; Brooks et al. 2019) as depicted in 
Fig. 3. The DFG output is a table with all possible TF–target edges. 
The total TF list for maize is given in Supplementary Table S28. 
Every edge has a score indicating the confidence of that edge. In order 
to get the high-confidence N-signaling network, we applied network 
pruning based on AUPR curve (Varala et al. 2018; Brooks et al. 2019). 
We plotted the AUPR curve using maize TFs’ TARGET results as gold 
standard. Then, we chose the cutoff of the DFG network where the 
precision score flats on the AUPR curve. Only edges with score higher 
than the cutoff were retained in the final high-confidence DFG net
works. The P-value of the DFG network was computed from the per
mutation test. For this, we generated 1,000 random networks and 
calculated the AUPR values by permuting edge scores. The highest, 
lowest, and mean values of these 1,000 random networks were re
corded and compared with the DFG network. The network AUPR val
ues were calculated by the precrec package in R (Saito and 
Rehmsmeier 2017). We used the same input for networks that 
were constructed by GENIE3 (Huynh-Thu et al. 2010), dyGENIE3 
(Huynh-Thu and Geurts 2018), and Pearson’s correlation (cor(me
thod = “p”) function in R).

Gene orthology and N-response between maize 
and Arabidopsis orthologs
To infer the orthology between maize and Arabidopsis, we ran 
OrthoFinder2 (Emms and Kelly 2015) with the following command 
“orthofinder -a 8 -t 16 -M msa -A mafft.” Protein sequences of the lon
gest transcripts were downloaded from Phytozome 12 (Goodstein 
et al. 2012) for 8 species, including A. thaliana, Brachypodium distachy
on, Miscanthus sinensis, Oryza sativa, Panicum virgatum, Sorghum bicolor, 
Setaria italica, and Z. mays. The protein sequences were used in 
OrthoFinder2, and the output ortholog table between maize and 
Arabidopsis was retrieved (Supplementary Data Set 5).

XGBoost machine learning prediction models of 
NUE trait from gene expression
To predict NUE phenotypes from gene expression levels, we used 
XGBoost (Chen and Guestrin 2016) the machine learning pipeline 
described previously (Cheng et al. 2021). The R version of XGBoost 
(https://cran.r-project.org/web/packages/xgboost) was used for 
the analysis. High-dimensional gene expression data pose chal
lenges due to the risk of overfitting, especially when predicting phe
notypes from gene expression matrices. To address this, we 
implemented multiple strategies. First, for feature selection, we 
used a conserved set of NxTime genes shared between maize and 
Arabidopsis, which represents a smaller and more biologically rele
vant subset compared to the complete NxTime gene set. As demon
strated in this study and in our previous work (Cheng et al. 2021), 
this conserved gene set improves model performance compared 
with an equivalent number of randomly selected NxTime genes. 
Second, we employed a leave-one-out cross-validation strategy 
for training and testing. In maize, each iteration used 15 genotypes 
for training and 1 for testing, repeated across 16 rounds so that each 
genotype served as the test set once. Third, during XGBoost model 
training, we applied 5-fold cross-validation to optimize hyperpara
meters (Cheng et al. 2021). Finally, we validated the model’s robust
ness on an independent dataset (Li et al. 2023) by using the 
conserved ZmMYB34/R3 regulon as features, showing that this 
gene set achieved significantly better predictive performance than 
random gene sets (as shown in Supplementary Fig. S20).

Gene features were selected from either the conserved NxTime 
genes or conserved NUE Regulon genes. There are 16 genotypes in 
the maize field data with gene expression and NUE phenotype 
(Cheng et al. 2021). We trained the XGBoost model on the 15 geno
types and tested the model on the left-out genotype. A grid search 
was conducted to fine-tune the following hyperparameters, includ
ing “nrounds,” “col- colsample_bytree,” “eta,” “subsample,” and 
“max_depth.” Model performance was evaluated by calculating 
Pearson’s correlation coefficients between the predicted and ac
tual values and reported the r from 100 iterations. The combined 
gene importance scores from all genotypes were named 
NUEscore. The same workflow was applied to the Arabidopsis data
set with 18 genotypes (from Cheng et al. 2021). The output of ma
chine learning is given in Supplementary Table S20.

Network visualization and machine learning 
integration into NUE Regulons
To connect the ensemble N-GRN structure with the NUEscore, we 
computed the NUE Regulon score for each model-to-crop con
served N-responsive TF by aggregating the NUEscore of their tar
get genes times the TF’s own NUEscore (Fig. 7). The NUE Regulon 
score provides a weighted importance of TFs and their associated 
target genes, linking network connectivity with the gene impor
tance. The ensemble N-GRN in shoot contains edges from pruned 
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DFG network, alongside validated TARGET and validated ChIP-seq 
regulations.

The AtDIV1 and ZmMYB34/R3 TARGET results were first 
mapped to their respective orthogroups based on the orthology 
from OrthoFinder2. The intersection of these orthogroups was 
tested using Fisher’s exact test implemented in GeneOverlap R 
package (Shen 2023). All network visualizations were done in 
Cytoscape 3 (Shannon et al. 2003).

Analysis of external published datasets
For maize gene expression across developmental time in leaf and 
root, the fragments per kilobase of transcript per million mapped 
reads) values for NxTime genes were retrieved from qTeller 
(Woodhouse et al. 2021). The expression matrices were normalized 
using z-scores and plotted using ComplexHeatmap (Gu 2022). For 
“NGWAS” dataset in Supplementary Fig. S3, we retrieved genes 
mentioned in the published manuscript on GWAS meta-analysis 
for NUE (Xing et al. 2024), specifically Supplementary Tables S3, 
S9, S11, S13, S14, and S15. The maize v5 IDs were converted to v4 
IDs according to MaizeGDB (Andorf et al. 2015).

For the Monsanto leaf dataset (Yang et al. 2011), the gene expres
sion was measured by Affymetrix microarray. The probe sequences 
were obtained from NCBI Gene Expression Omnibus (GEO) 
(GPL14616). These sequences were aligned to the maize v4 cDNA se
quence using the BLAST with the following parameters “blastn -task 
megablast -query probe.fa -db Zea_mays.AGPv4.cdna.all.fa -evalue 
0.0001 -out monsanto_probe_raw_BLAST_result.txt -outfmt ‘7 qse
qid sseqid evalue pident means’ -best_hit_overhang 0.1 
-max_target_seqs 1.” Probed mapped to multiple genes were re
moved. To identify the N-responsive genes, we downloaded the 
raw array data from NCBI GEO (GSE32361) and used limma to iden
tify probes that are differentially expressed between rescue nitro
gen and low nitrogen conditions.

For the other published maize N-response RNA-seq datasets (Ge 
et al. 2020; Wang et al. 2020b; Buoso et al. 2021a; Li et al. 2023), we 
used the same pipeline as our maize NxTime dataset, except no 
UMI steps. We reprocess the raw fastq reads, downloaded from 
NCBI-SRA to minimize the differences between various processing 
methods as reported in the original publication. In general, raw fastq 
reads were downloaded from NCBI-SRA and trimmed by fastp 0.21.0 
(Chen et al. 2018). The clean reads were aligned to the maize genome 
version 4 using STAR 2.7.6a (Dobin et al. 2013). The featureCounts 
v2.0.1 (Liao et al. 2014) was used to generate gene count matrices. 
The N-responsive genes were called using DESeq2 (Love et al. 2014) 
fitting model “∼ Ntreatment” which compares nitrogen-treated 
with nontreated (or low concentration) samples. For the 
“Cheng_leaf” data, the N-responsive genes were retrieved from the 
Supplementary Data Set 2 of the publication (Cheng et al. 2021).

Accession numbers
Sequence data from this article can be found in the GenBank/ 
EMBL data libraries under accession numbers listed in 
Supplementary Tables S2 and S3 and Supplementary Data Set 1.
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