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Abstract
Wheat-based intercropping systems are widely applied by farmers to improve the land equivalent ratio. However,
intercropping leads to shading of wheat and the grain yield might be decreased due to reduced photosynthetic rate and leaf
area index. This study was conducted to investigate the changes on transcriptional profile of wheat leaves in response to
different levels of shading. Winter wheat (Triticum aestivum L. 'Xindong 20') was planted under three shading levels, namely,
no-shading (control), 25% shading, and 75% shading. The dry weight of wheat plants was determined at flowering and
maturity periods. The photosynthetic rate of flag leaves was determined at flowering and filling stages. Flag leaves from each
group were collected at the heading stage for RNA sequencing. Quantitative reverse transcription-polymerase chain reaction
(qRT-PCR) was used to validate the results of RNA sequencing. Wheat plants had longer growth period, decreased dry weight
and photosynthetic rate of flag leaves under different levels of shading. A total of 12,597 and 28,349 differentially expressed
genes (DEGs) were identified in 25% shading group and 75% shading group, respectively. Functional enrichment analyses
suggested that upregulated genes in 25% shading group were mainly involved in regulating cell homeostasis, especially in
redox homeostasis. The upregulated genes in the 75% shading group were involved in nitrogen compound metabolic process.
In addition, the downregulated genes of the two groups were both enriched in phosphorus metabolic processes. A total of
2,015 unigenes were identified as transcription factors. Ten of 16 DEGs (At3g21620, ETR1, 1-SST, PSB28, HEMH,
Os10g0493600, 6-FEH, CIN2, PORA, and CPX) involved in porphyrin and chlorophyll metabolism, photosynthesis, and
galactose metabolism were successfully validated by qRT-PCR. In conclusion, these data, revealed transcriptional dynamics
of wheat under different shading levels, will provide essential clues for deciphering the gene regulatory networks mediating
the wheat response to shading, especially at heading stage. © 2020 Friends Science Publishers
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Introduction
Wheat (Triticum aestivum L.) is widely planted worldwide
including arid and semi-arid regions and is one of the most
important food crops (Cossani and Reynolds 2012; Gao et
al. 2019). In China, wheat is the second most widely grown
crop after rice (Li et al. 2017). With an increase in human
population, it is estimated that crop production will be
doubled by 2050 to meet the food demand (Li et al. 2017).
Therefore, efforts are still needed to increase wheat yield.
Xinjiang Uygur Autonomous Region, located in
Northwest China, is an important wheat-producing region.
Fruit tree-based intercropping systems are widely applied by
local farmers because that this cultivation method can
prevent soil erosion, decrease water loss, enhance carbon

sequestration, organic carbon, soil nutrient status, and
nutrient cycling (Bergeron et al. 2011; Rivest et al. 2009;
2013). Moreover, this method significantly increases the
land equivalent ratio (Yu et al. 2015).
Photosynthesis and nitrogen fertilizer are two major
factors that affect plant production. More than 90% of grain
yield depends on photosynthesis (Makino 2011). During
photosynthesis, photosynthetic pigments absorb light energy
and convert it into chemical energy in the form of
carbohydrates, which are needed for plant growth (Wu et al.
2018). The photosynthetic rate is mainly determined by
three aspects, namely, light intensity, temperature and
carbon dioxide concentration. Among these factors, the light
intensity is of great importance. Generally, higher light
intensity corresponds to higher photosynthetic rate. The
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competition for light between wheat plants and
intercropping fruit trees, which lead to shading to wheat
plants, might decrease photosynthetic rate and leaf area
index in wheat leaves, thus decrease the grain yield of wheat
(Kemp and Whingwiri 1980; Mu et al. 2010). For example,
apricot-, walnut-, and jujube-based intercropping systems
lead to a decrease of 31.9, 36.2 and 11.3%, respectively in
the photosynthetic rate of wheat, compared to monocultured
wheat (Qiao et al. 2019). Shade-grown plant show a degree
of etiolation, which is as another cause of reduced growth
and yield of crop plants (Batool et al. 2020).
Winter wheat is the second most planted crop in China
after rice. Fruit tree-based intercropping systems are widely
favored in several areas of China. However, the productivity
of intercropping crops in many agroforestry systems can be
significantly decreased because of the shading effect from
neighboring tree. Many individual components and
pathways operating during plants adaptation to low light
stress have been identified, however the molecular
mechanism(s) on the wheat response to shading are still not
well known. There are opposing findings that shading
can increase the leaf area index and photosynthetic rates
and delay leaf senescence and therefore, increase the
wheat grain yield (Li et al. 2010; Xu et al. 2016).
Whether shading increases or decreases the wheat yield
depends on the level of shading (Wang et al. 2003; Guo
et al. 2014; Li et al. 2017). However, the molecular
mechanisms in response to different levels of shading in
wheat leaves are not well understood.
In this study, an RNA sequencing (RNA-seq) analysis
on wheat flag leaves at heading stage under different
shading conditions (i.e., no shading, and 25 and 75%
shading treatments) was performed. Through a comparative
analysis, we surveyed transcriptome changes in wheat
leaves in response to different levels of shading conditions.
As a result, we find some possible genes, which participated
in shading response in wheat leaves, and revealed the
possible regulatory mechanism in wheat leaves in response
to different level of shading on transcriptional level.

the elongation stage and 25% at the heading stage. In 75%
shading group, they were shaded by 30% shading was done
at the elongation stage and 75% at the heading stage. For
shading treatments, individuals were covered by black nylon
mesh with different luminous transmittance. The shade
mesh was kept at about 100 cm above the wheat canopy and
was adjusted depending on the plant growth to ensure
enough ventilation. Each shading treatment included three
repeated plots and each plot covered 8 m2 (4 m × 2 m).
Before planting, 150 kg/hm2 urea and 375 kg/hm2
diammonium phosphate were applied as base fertilizers.
Then, 150 kg/hm2 urea and 300 kg/hm2 urea were applied at
the returning stage and jointing stage, respectively. The
sowing amount of winter wheat was 270 kg/hm2, and the
row spacing was 20 cm. Drip irrigation was carried out 5
times during the whole season (i.e., at wintering stage,
returning stage, elongation stage, flowering stage, and grain
filling stage). All other cultivation measures were consistent
among groups.

Materials and Methods

Total RNA of the flag leaves was extracted using TRIzol
reagent (ThermoFisher, Waltham, MA, USA). RNA
degradation and purity were checked using 1% agarose gels
and spectrophotometer (IMPLEN, CA, USA), respectively.
RNA concentration and integrity were assessed with
commercial kits, respectively. Then, RNA sequencing
libraries were generated using 1 μg RNA from each sample.
Qualified cDNA libraries were submitted for Illumina Hiseq
platform to perform RNA sequencing.

Experimental site
The winter wheat (Triticum aestivum L. 'Xindong 20')
individuals were planted at zepu base (E 77º16', N 38º10',
altitude 1266 m) in Kashi, Xinjiang, China between 2016
and 2017.

Sampling and measurement
The dry weight of wheat plants was determined at the
flowering period and maturity period. The photosynthetic
rate of flag leaves was determined at flowering and filling
stages using Li-6400 portable photosynthetic system (LiCor, Lincoln, NE, USA) as described previously (Li et al.
2017). Briefly, flag leaves with uniform fertility progress
and uniform illumination on healthy plants were selected,
and the photosynthetic rate was determined between 9 am
and 12 noon on a sunny day. The artificial light intensity
was set as 1200 µmol·m-2·s-1. At heading stage, samples
were collected after three days of complete shading
treatment. Similar-sized ten pieces of flag leaves were
collected from each plot and were mixed as one sample for
RNA extraction.
Construction of complementary DNA (cDNA) library
and RNA-sequencing

Plant materials and experimental design
Data analysis
We established three treatment groups: the control (sample
name: TDC0), 25% shading group (sample name: TDT1),
and 75% shading group (TDT3). The individuals in the
control were grown under natural light. In 25% shading
group, they were shaded by 10% shading was provided at

Raw reads in FASTQ format were quality-controlled by inhouse Perl scripts to obtain clean reads. During this step,
reads containing adapter, ploy-N (>10%), and with low
quality (Qphred ≤ 20 in more than 50% bases) were removed.
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Q20, Q30 and guanine-cytosine (GC) content were
calculated. The clean reads were then aligned to the wheat
reference genome using HISAT version 2.1.0 (Kim et al.
2015) with default parameters. Gene expression was
estimated as fragments per kilobase per million (FPKM)
base pairs sequenced, which is the most frequently used
method in estimating gene expression levels (Trapnell et al.
2010), using HTSeq (version 0.6.1) with default parameter
of -m union (Anders et al. 2015). Generally, the gene
expression with FPKM greater than 0.1 is regarded as a
threshold to determine whether a gene is expressed or not.
Correlations between RNA-sequencing data of each sample
were calculated by the Pearson’s correlation coefficient in R
software (version 3.4.2, Free Software Foundation, Boston,
USA). Qualified RNA-sequencing data of samples in each
group should meet the requirement of r2 greater than 0.8.
Differential expression analyses were performed using
the ―DESeq2‖ package of R (Love et al. 2014). To reduce
the false discovery rate, P-values were adjusted by
Benjamini and Hochberg (1995) approach. The genes
fulfilling the thresholds of adjusted P-value < 0.05 and |log2
fold change (FC)|≥1 were regarded as differentially
expressed genes (DEGs). Venn diagram was drawn to show
overlapped DEGs between each comparison group, and
hierarchical clustering was performed using the ―Heatmap‖
package of R to compare expression patterns of the DEGs in
each group.
Gene Ontology (GO) database provides gene
descriptions and their products, which is applicable to
various species. It classifies functions along three
aspects: biological process (BP), cellular component
(CC), and molecular function (MF) (Ashburner et al.
2000; Carbon et al. 2017). GO classification of DEGs
was performed using GOseq (Young et al. 2010) based on
hypergeometric distribution.
The DEGs were mapped to Kyoto Encyclopedia of
Genes and Genomes (KEGG) pathway database using
KOBAS web server (version 2.0) (Mao et al. 2005) to
examine the dysregulated pathways of DEGs. Corrected Pvalue < 0.05 was regarded as a threshold to select the most
enriched GO terms and KEGG pathway terms.
Transcription factors (TFs) were identified using iTAK
software (Zheng et al. 2016) with default parameters.

procedure was as follows: 95°C for 15 min, 40 cycles at
95°C for 10 s, 58°C for 20 s, and 72°C for 20 s. The primers
are listed in Table 1. Relative expression of genes was
calculated by 2–ΔΔCt method with tubulin as an internal
control (Livak and Schmittgen 2001). Three biological
replicates were analyzed and each reaction was performed
in triplicate.

Results
Comparisons of changes on dry weight and
photosynthetic rate under different levels of shading
Under shading conditions, the development of wheat plants
was inhibited. Plants have longer growth period (2 days
longer in TDT1 and 11 days longer in TDT3, respectively)
and decreased leaf size. The dry weight and photosynthetic
rate of flag leaves were also determined in each group. The
dry weights of plants in 25% shading group and 75%
shading group were significantly less than the control group
at flowering period (P < 0.05). At maturity period, the dry
weight of plants in 75% shading group was significantly
less than the control group (P < 0.05), while there was no
significant (P > 0.05) difference between 25% shading
group and the control (Fig. 1A). Similarly, the
photosynthetic rate also showed a continuously decreasing
trend among groups. That is, the photosynthetic rates in 25
and 75% shading group were significantly lower than the
control group (P < 0.05) at flowering period. However, the
photosynthetic rate at the grain period was significantly (P <
0.05) decreased only in 75% shading group (Fig. 1B).
RNA sequencing data
A total of 113.07 Gb clean reads were obtained after quality
control. Q30 of all samples was larger than 89.65% and GC
contents were between 50.63 and 55.54%, indicating high
quality of RNA sequencing. Ratios of reads mapped to the
reference genome of each sample ranged from 88.34 to
90.6% (Table 2). Pearson correlation analysis showed that
the r2 between pair-wise samples in each group was all
larger than 0.9, indicating high repeatability in biological
replicates and high reliability of RNA-sequencing data (Fig.
2A).

Validating
DEGs
with
quantitative
reverse
transcription-polymerase chain reaction (qRT-PCR)

Identification of DEGs

The qRT-PCR was performed to validate RNA sequencing
data of 16 DEGs. Total RNA from wheat leaves collected
from the three groups was extracted using TRIzol reagent.
DNaseI was added to remove genome DNA. The RNA was
reverse transcribed into cDNA with a PrimeScript RT
reagent kit (Takara, Dalian, China, Code No. RR037A) and
purified with QIAquick PCR purification kit (Qiagen). The
qRT-PCR was carried out using a light cycler 480 System
(Roche) and SYBR GREEN kit (TaKaRa). The qRT-PCR

Based on the criteria of adjusted P-value < 0.05 and log2FC
≥ 1, a total of 12,597 DEGs, including 4,466 upregulated
genes and 8,131 downregulated genes were identified
between TDT1 and TDC0. A total of 28,349 DEGs were
identified between TDT3 and TDC0, including 12,371
upregulated genes and 15,978 downregulated genes. A total
of 5,532 DEGs were identified between TDT3 and TDT1,
including 2,296 upregulated genes and 3,236 downregulated
genes (Fig. 2B–D). The total number of DEGs between
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Table 1: The primer sequence used for qRT-PCR
Gene bank ID
AA086852
AA0438620
AA0153830
AA1246570
AA0864380
AA006795
AA1656990
AA0115100
AA0272780
AA0318750
AA1820630
AA0822510
AA1249400
AA0275620
AA0130320
AA1616020
AA086438

Sequence (5′-3′)
CGACTACGGCCCGCACTACATC
GTTCCTCACTACCATTGGCTTTCCTT
GCTGACCGACCTTGACTCCA
CCAGGAACAGCAGCGTCT
ATGGCTAATCAACTCATCCTC
AAGGTTCAAGACAAAGCCCAA
ACTTCTTCCTCCACTTGCTCT
ATTTGCATGTATGGCTGTGAGACC
TTAAGTACCACACGGGCAGT
CCTGAATCCCTACTCTCGTCA
AGACCGGGAGGCATGTTAGG
GTGATTTGGTGGCGCAGAG
GCAGCAAGGAGAAGCCAGCATC
GGGAACCACTCGGCGGACAT
GCTGGAACCACTTCTACTGCG
AAGTTACCCTGGGAATCCCTACTA
ATGGCGTATCGCCGTTGCA
GCGTAGCCAAGTCGCCCCTC
GCGTACGTGTACCGGAGCAGGG
GACGACGGCGGACGAGGTGT
CAAGGACATGGTGAACTGGCG
GGTGTAGAGCAGGATGACCTGGC
CGCTGCCCATGTCCATGCG
GACCAAGAATTCCGGCGAACAC
TCAACCTCTTCGCTGATCC
GGCATACCCCTCTTTACTCT
CTTCAGGGCTAGGTTTAGCAAC
CCAAAGACGCCAAGTCCAA
AAAAGCCAAATAGAACACTAG
CTAAATGGGCATTCATCTC
TTGGACAGCGTGAGGCAGTTT
ATCGGAGTTCTTCAAGTCATCAATCAA
GGGCAAGATGAGCACCAA
TCCACGAAGTAGGAGGAGTTCTT

GENE
W-CYP98A1-F
W-CYP98A1-R
W-PPO-F
W-PPO-R
W-At3g21620-F
W-At3g21620-R
W-ACO1-F
W-ACO1-R
W-PKL-F
W-PKL-R
W-ETR1-F
W-ETR1-R
W-WHAB1.6-F
W-WHAB1.6-R
W-Os10g0493600-F
W-Os10g0493600-R
W-6-FEH-F
W-6-FEH-R
W-CIN2-F
W-CIN2-R
W-1-SST-F
W-1-SST-R
W-PSB28-F
W-PSB28-R
W-HEMH-F
W-HEMH-R
W-PORA-F
W-PORA-R
W-At5g26707-F
W-At5g26707-R
W-CPX-F
W-CPX-R
W-B-TUBF
W-B-TUBR

Length(bp)
179
104
190
101
157
166
214
151
198
153
127
198
119
162
141
182
170

Table 2: The mapped statistics of all samples
Sample name TDC0_1
Total reads
72518502
Total mapped 66846096
(92.18%)
Multiple
2125572
mapped
(2.93%)
Uniquely
64720524
mapped
(89.25%)

TDC0_2
99514062
91920789
(92.37%)
3411006
(3.43%)
88509783
(88.94%)

TDC0_3
72946984
66857327
(91.65%)
1983283
(2.72%)
64874044
(88.93%)

TDT3_1
76479352
70580568
(92.29%)
3020043
(3.95%)
67560525
(88.34%)

TDT3 and TDC0 was 2.25-fold higher than those identified
between TDT1 and TDC0. Venn diagram between TDT1
versus TDC0 and TDT3 versus TDC0 showed that there
were 2,591 and 18,343 unique DEGs found in TDT1 and
TDT3, respectively (Fig. 3A). Another Venn diagram
showed that only 1,170 DEGs were continuously
differentially expressed in 25 and 75% shading groups (Fig.
3B).
Hierarchical cluster analysis of DEGs
The FPKM values of DEGs in each group were used for
hierarchical clustering analysis. Gene expression patterns
were divided into six groups (Fig. 4). Cluster A was
enriched with genes showing upregulation in TDT1 and
downregulation in TDT3. Cluster B was enriched with
genes showing continuous upregulation in TDT1 and TDT3.

TDT3_2
88167792
81864542
(92.85%)
3121944
(3.54%)
78742598
(89.31%)

TDT3_3
92834306
87292018
(94.03%)
3181544
(3.43%)
84110474
(90.6%)

TDT1_1
73170976
67642629
(92.44%)
1829799
(2.5%)
65812830
(89.94%)

TDT1_2
81721748
76507807
(93.62%)
2824753
(3.46%)
73683054
(90.16%)

TDT1_3
96336264
88704652
(92.08%)
3741568
(3.88%)
84963084
(88.19%)

Cluster C was enriched with genes showing downregulation
in both TDT1 and TDT3. Cluster D and E were enriched
with genes showing downregulation or upregulation only in
TDT3. Cluster F was enriched with genes showing
downregulation in TDT1 and upregulation in TDT3.
Functional enrichment of DEGs
The GO enrichment analysis of DEGs between TDT1 and
TDC0 as well as between TDT3 and TDC0 were
performed. Based on the criteria of corrected P-value <
0.05, 91 GO terms were significantly enriched by
upregulated genes between TDT1 and TDC0, including 29
cellular component (CC) terms, 17 molecular function (MF)
terms, and 45 biological process (BP) terms. The GO-BP
terms enriched by upregulated genes included cellular
homeostasis (Corrected P = 9.34e-06, n = 50), gene
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Fig. 3: VENN diagram displays the intersection of differentially
expressed genes in each group. (A) VENN diagram between
TDT1 vs TDC0, TDT3 vs TDC0. (B) VENN diagram between
TDT1 vs TDC0, TDT3 vs TDC0, TDT3 vs TDT1

Fig. 1: Changes in the dry weight (A), photosynthetic rate (B) of
flag leaves in each group.*P < 0.05 compared with TDC0; # P <
0.05 compared with TDT1

Fig. 4: Hierarchical cluster analysis of differentially expressed
genes (DEGs). (A) Heatmap of DEGs. (B) The six expression
patterns of DEGs

Fig. 2: Identification of differentially expressed genes (DEGs).
(A) Pearson’s correlation analysis between pair-wise samples in
each group. (B) Volcano plot of DEGs between TDT1, TDC0. (C)
Volcano plot of DEGs between TDT3, TDC0. (D) Volcano plot
of DEGs between TDT3, TDT1

expression (Corrected P =2.64e-05, n = 644) and cell redox
homeostasis (Corrected P = 3.44e-05, n = 38) (Fig. 5A).
Besides, a total of 251 GO terms were significantly enriched
by downregulated genes between TDT1 and TDC0,
including 15 CC terms, 96 MF terms, and 140 BP terms.
The downregulated genes were mainly enriched in GO-BP
terms related with transmembrane transport (Corrected P =
1.29e-22, n = 452), single-organism process (corrected P =
1.69e-17, n = 2557), phosphate-containing compound

metabolic process (corrected P = 1.50e-16, n = 816), and
phosphorus metabolic process (Corrected P = 1.54e-16, n =
818, Fig. 5B).
Based on the criteria of corrected P-value < 0.05, 325
GO terms were significantly enriched by upregulated genes
between TDT3 and TDC0, including 77 CC terms, 77 MF
terms, and 171 BP terms. The GO-BP terms enriched by
upregulated genes included ribonucleoprotein complex
biogenesis (Corrected P = 4.29e-21, n = 133), ribosome
biogenesis (Corrected P = 2.33e-19, n = 123), cellular
nitrogen compound metabolic process (Corrected P = 3.03e18, n = 2576), and nitrogen compound metabolic process
(Corrected P = 4.25e-17, n = 2693) (Fig. 5C). Besides, a
total of 372 GO terms were significantly enriched by
downregulated genes between TDT3 and TDC0, including
21 CC terms, 137 MF terms, and 214 BP terms. The
downregulated genes were mainly enriched in GO-BP terms
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KEGG pathway enrichment of DEGs

Fig. 5: Gene ontology of differentially expressed genes. (A) Gene
ontology of the upregulated genes between TDT1, TDC0. (B)
Gene ontology of the downregulated genes between TDT1,
TDC0. (C) Gene ontology of the upregulated genes between
TDT3, TDC0. (D) Gene ontology of the downregulated genes
between TDT3, TDC0

Based on the criteria of corrected P-value < 0.05, seven
KEGG terms were significantly enriched by upregulated
genes between TDT1 and TDC0, including ribosome
biogenesis in eukaryotes (corrected P = 1.48e-05, n = 41),
RNA polymerase (corrected P = 0.000291, n = 24),
cyanoamino acid metabolism (corrected P = 0.000957, n =
1,444), starch and sucrose metabolism (corrected P =
0.0103, n = 145), porphyrin and chlorophyll metabolism
(corrected P = 0.0455, n = 35), circadian rhythm – plant
(corrected P = 0.0463, n = 25), and purine metabolism
(corrected P = 0.0463, n = 135, Fig. 6A). The
downregulated genes between TDT1 and TDC0 were
significantly enriched in ten KEGG pathways, including
plant hormone signal transduction (corrected P = 7.51e-09,
n = 141), biosynthesis of secondary metabolites (corrected P
= 0.000217, n = 376), plant-pathogen interaction (corrected
P = 0.000217, n = 89), phenylpropanoid biosynthesis
(corrected P = 0.000217, n = 86), phenylalanine metabolism
(corrected P = 0.00846, n = 64), glycerophospholipid
metabolism (corrected P = 0.0211, n = 46), metabolic
pathways (corrected P = 0.211, n = 649), glutathione
metabolism (corrected P = 0.0246, n = 51), nitrogen
metabolism (corrected P = 0.0363, n = 23), and tryptophan
metabolism (corrected P = 0.0476, n = 19, Fig. 6B).
Nine KEGG terms were significantly enriched by
upregulated genes between TDT3 and TDC0, including
RNA transport (corrected P = 5.75e-08, n = 145),
spliceosome (corrected P = 3.09e-05, n = 156), purine
metabolism (corrected P = 0.00012, n = 113), mRNA
surveillance pathway (corrected P = 0.00012, n = 95), RNA
degradation (corrected P = 0.00012, n = 85), homologous
recombination (corrected P = 0.00241, n = 52), pyrimidine
metabolism (corrected P = 0.00481, n = 87), RNA
polymerase (corrected P = 0.00712, n = 43), and mismatch
repair (corrected P = 0.00860, n = 41, Fig. 6C). Only one
KEGG pathway term was significantly enriched by
downregulated genes between TDT3 and TDC0, which was
biosynthesis of secondary metabolites (corrected P =
0.004674, n = 769; Fig. 6D).
TFs involved in wheat development

Fig. 6: KEGG pathway enrichment analysis of differentially
expressed genes. (A) Pathway enrichment analysis of the
upregulated genes between TDT1, TDC0. (B) Pathway
enrichment analysis of the downregulated genes between TDT1,
TDC0. (C) Pathway enrichment analysis of the upregulated genes
between TDT3, TDC0. (D) Pathway enrichment analysis of the
downregulated genes between TDT3, TDC0

related with protein phosphorylation, including phosphatecontaining compound metabolic process (Corrected P= 2.23e
-83, n= 1,785), phosphorus metabolic process (Corrected P =
4.26e-83, n = 1,788), phosphorylation (Corrected P=3.09e81, n = 1,444), and protein phosphorylation (Corrected P =
1.18e-75, n = 1,339) (Fig. 5D).

The iTAK software was used to analyze TFs. We identified
2,015 unigenes as TFs. The main TF families identified
were MYB (134 unigenes), WRKY (126 unigenes), AP2EREBP (120 unigenes), bHLH (112 unigenes), NAC (112
unigenes), bZIP (86 unigenes), and FAR1 (83 unigenes)
(Table 3).
The qRT-PCR
photosynthesis

validation of

genes involved in

Since the RNA-Seq data were high-throughput and might
generate some false-discovery results, we used qRT-PCR to
validate some important genes in response to shading
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Table 3: Number of unigenes in each transcription factor family
Family
MYB
WRKY
AP2-EREBP
bHLH
NAC
bZIP
Orphans
FAR1
HB
C2H2
mTERF
C3H
G2-like
GRAS
AUX/IAA
HSF
AB13VP1
SET
SNF2
C2C2-Dof
PHD
CCAAT
C2C2-GATA
GNAT
ARF
MADS
Tify
TUB
TRAF

Number
134
126
120
112
112
86
84
83
69
60
57
56
52
46
43
41
40
39
36
35
33
31
30
30
29
28
27
25
23

Table 4: Gene expression changes of the seven genes in TDT1
versus TDC0, TDT3 versus TDC0 in RNA-seq results
Gene
CYP98A1
At3g21620
ACO1
ETR1
1-SST
PSB28
HEMH
WHAB1.6
Os10g0493600
6-FEH
CIN2
PORA
At5g26707
CPX
PPO
PKL

log2FoldChange
(TDT1 vs TDC0)
-2.8049
-2.3869
-6.3004
-2.2315
-3.7623
-2.8358
-0.79888
-1.101
1.2544
0.67194
1.4464
2.1397
2.1447
0.83205
2.0957
1.1797

log2FoldChange
(TDT3vs TDC0)
-3.5722
-2.0606
-5.1099
-2.0732
-4.4975
-2.8358
-1.2236
-2.9141
1.0797
2.3548
3.4538
5.1143
2.2296
1.70035
2.4764
1.9068

treatment. Sixteen DEGs involved in porphyrin and
chlorophyll metabolism, photosynthesis, and galactose
metabolism were selected to be validated, including eight
downregulated genes of CYP98A1, At3g21620, ACO1,
ETR1, 1-SST, PSB28, HEMH, and WHAB1.6; and eight
upregulated genes of Os10g0493600, 6-FEH, CIN2, PORA,
At5g26707, CPX, PPO, and PKL (Table 4). Five of the
eight downregulated genes (At3g21620, ETR1, 1-SST,
PSB28, and HEMH) and five of the eight upregulated genes
(Os10g0493600, 6-FEH, CIN2, PORA, and CPX) were
successfully validated by qRT-PCR, indicating these genes
may play important roles in shading conditions (Fig. 7).

Discussion
In the present study, we sequenced transcriptomes of leaves
under different shading levels using Next Generation RNAseq to comprehensively characterize gene changes under
different shading levels. A total of 12,597 DEGs were
identified between TDT1 and TDC0, and a total of 28,349
DEGs were identified between TDT3 and TDC0. In this
study, the hierarchical cluster analysis showed that these
DEGs can be divided into six clusters with different gene
expression patterns. Functional results showed that the
upregulated genes between TDT1 and TDC0 were
significantly enriched into cellular homeostasis and cell
redox homeostasis, and those between TDT3 and TDC0
were significantly enriched into cellular nitrogen compound
metabolic process and nitrogen compound metabolic
process. From this study, the downregulated genes between
TDT1 and TDC0 as well as those between TDT3 and TDC0
were both significantly enriched in phosphorus metabolic
processes, such as phosphorus metabolic process, protein
phosphorylation,
phosphate-containing
compound
metabolic process and phosphorylation.
Cell homeostasis, especially redox homeostasis, is
important for the maintenance of many cellular processes,
including the removal of xenobiotics, protection of protein
thiols, maintenance of oxidation-reduction balance, and
response to reactive oxygen species (ROS) (Ayer et al.
2014). Plant cell redox homeostasis is formed as a result of
the balance between ROS and antioxidant interaction, and it
acts as a metabolic interface for signals derived from
metabolism and environment (Foyer and Noctor 2005). We
assume that shading stress triggers specific networks of
biological processes involved in redox and ionic
homeostasis. According to this study, tens genes involved in
redox homeostasis were upregulated, including several
genes encoding redoxins (GRXC1, GRXC14, and GLRX2),
glutathione S-transferase U10 (GSTU10), and thioredoxinlike proteins (TRL11, TRL31, CXXS1, CDSP32, CITRX,
YLS8, and WCRKC2). Glutaredoxin is a small redox
enzyme, which is an indispensable element of the plant
antioxidant system to keep proteins in their properly
reduced states (Rouhier et al. 2006; Meyer et al. 2012).
Glutaredoxins were reported to be activated under several
abiotic stresses, such as oxidative stress and drought (Kanda
et al. 2006; Ding et al. 2019). Usually, a massive ROS was
accumulated in plants when they suffer from abiotic
stresses, and the activation of glutaredoxins could prevent
plants from damage by scavenging ROS (Hasanuzzaman et
al. 2013). GSTU10 is a member of the Tau family of
glutathione S-transferases (GSTs), which are plant-specific
and can bind glutathione conjugated fatty acid derivatives
(Dixon and Edwards 2009). In a previous study, the
upregulation of GSTU10 was also found in Arabidopsis
with inducible nicotinamide adenine dinucleotide (NAD)
overproduction (Petriacq et al. 2012) and in Arabidopsis
infected with Botrytis cinerea (Windram et al. 2012).
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Fig. 7: Validation of 16 genes by qRT-PCR. *P < 0.05 compared with TDC0; **P < 0.01 compared with TDC0; #P < 0.05 compared with
TDT1; ## P < 0.01 compared with TDT1

Thioredoxin-like proteins are homologous with thioredoxins
which was characterized by the presence of six
tetratricopeptide repeats in conserved positions (Lakhssassi
et al. 2012). Several members of thioredoxin-like proteins
were reported to be involved in abiotic stress tolerance, such
as TTL1, TTL3, and TTL4 (Borsani et al. 2002; Rosado et al.
2006; Lakhssassi et al. 2012). Since Arabidopsis TTL1 is
functioned in osmotic stress tolerance, a large-scale
upregulation of thioredoxin-like proteins in this study
suggests that these proteins may be important for
appropriate responses to shade stress. Generally, wheat
development under 25% shading is adaptively modulated by
a steady-state balance between ROS and phytohormones.
In this study, in 75% shading group, the upregulated
genes were significantly enriched in nitrogen compound
metabolic process and the downregulated genes were
significantly enriched in phosphorus metabolic processes.
Nitrogen and phosphorus are essential elements in plant
growth and they have many roles in photosynthetic
organisms. Plants well-supplemented with nitrogen can
produce higher levels of photosynthetic pigments, and this
allows higher electron transport rates in chloroplasts (Evans
and Poorter 2001). However, under shading, nitrogen
allocation is destined to greater chlorophyll biosynthesis in
light-harvesting systems (Hikosaka and Terashima 1995;
1996; Valladares and Niinemets 2008). This might lead to
structural and physiological changes in plants to acclimatize
low irradiance conditions, such as architectural
modifications both in stems and leaves to increase leaf area
(Falcioni et al. 2018). These changes tend to reduce the
maximum photosynthetic leaf area capacity, but increase

mass-basis photosynthesis (Pearcy et al. 2005). Therefore,
we speculated that wheat survival under shading might
result in the allocation of nitrogen and phosphorus to
acclimatize to low irradiance conditions.
TFs regulate gene transcriptions. This study showed
that several TFs, including MYB, WRKY, AP2-EREBP,
bHLH, and bZIP family members, were differentially
expressed. bZIP TFs are essential in regulating light and
stress signaling, pathogen defense, flower development and
seed maturation (Jakoby et al. 2002). Chang et al. (2019)
identified CaLMF as a significant light signaling component
mediating light-regulated camptothecin biosynthesis under
shading treatment. WRKYs are also widely involved in
plant responses to biotic and abiotic stress (Zhu et al. 2013).
Similarly, the MYB gene family plays an important role in
regulatory networks that control development, metabolism
and environmental stresses response (Dubos et al. 2010).
Wang et al. (2015) demonstrated that eight MYB genes
were apparently induced, and three genes were repressed
under shading treatment.

Conclusion
This study characterized the transcriptome profile of wheat
in response to different shading levels. A total of 12,597 and
28,349 DEGs were identified in 25 and 75% shading
groups, respectively, compared with the control. Functional
enrichment analyses suggested that the upregulated genes in
25% shading group were mainly involved in regulating cell
homeostasis, especially in redox homeostasis. The
upregulated genes in 75% shading group were involved in
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nitrogen compound metabolic process and the
downregulated genes of the two groups were both enriched
in phosphorus metabolic processes. Ten of the 16 DEGs
involved in porphyrin and chlorophyll metabolism,
photosynthesis, and galactose metabolism were successfully
validated by qRT-PCR. These data provided detailed
transcriptional changes of wheat in response to different
shading levels and contribute to systemically explained gene
regulatory networks mediating the wheat response to
shading.
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