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RNA sequencing (RNA-seq) is a widely used approach to investigate gene expres-
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sion and increasingly is used in time-course studies to characterize transcriptomic
changes over time. Two primary options are available as controls in time-course ex-

periments: samples collected at the first sampling time are used as controls (temporal
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control, TC) and samples collected in parallel at each individual sampling time are
used as controls (biological control, BC). While both approaches are used in experi-
mental studies, we know of no analyses performed to date that directly compare
effects of control type choices on identifying differentially expressed genes (DEGs)
and subsequent functional analysis. In the current study, we compare experimental
results using these different control types for time-course RNA-seq drought stress
experiments in two wild grass species in the genus Paspalum. Our results showed
BC assemblies gave a higher number of loci in both species. The number of DEGs in-
creased with increasing stress and then decreased dramatically at the recovery time
point using both control types. Expression levels of the same DEGs were highly cor-
related between control types in both species, ranging from r = .653 to r = .852. We
also observed similar rank orders of shared enriched Gene Ontology term lists using
the two different control types. Collectively, our findings suggest similar results in
differential gene expression and functional annotation between control types. The
ultimate choice of control type will rely on the experimental length and organism
type, with labour time and sequencing costs as additional factors to be considered.
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1 | INTRODUCTION

including known and novel transcripts (Wang, Gerstein, & Snyder,
2009). These advantages make RNA-seq an especially powerful tool

The rapid progress of next generation sequencing (NGS) technologies
over the past decade has led to higher throughput data generation
at a lower cost for RNA sequencing (RNA-seq) studies (Goodwin,
McPherson, & McCombie, 2016). RNA-seq has become the gold
standard for global gene expression analyses because no prior knowl-
edge of the genomic content is required (Hrdlickova, Toloue, & Tian,

2017) and RNA-seq allows for detection of the whole transcriptome,

for the study of nonmodel organisms whose genomes are not yet se-
quenced. In such cases, a de novo transcriptome assembly strategy
is utilized to assemble a reference transcriptome before downstream
differential gene expression analysis (Conesa et al., 2016).

When studying processes such as responses to biotic or abiotic
stress, it is often desirable to collect samples in a time-course manner

(Bar-Joseph, Gitter, & Simon, 2012) to characterize dynamic responses,
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such as revealing gene expression changes over time (Tai & Speed,
2005, 2006). Quantifying mRNA levels temporally can illustrate how
the transcriptional machinery is affected by the stress and provide in-
sights into the molecular mechanisms that have evolved in response
to that stress. Analyses of differential gene expression rely on com-
paring experimental samples to control samples, and thus there are
two possible experimental designs to select controls in a time-course
experiment: (a) control samples can consist of experimental individuals
sampled before imposing a stress treatment (we refer this as temporal
control, TC); and (b) control samples can consist of parallel sets of in-
dividuals collected at each separate time point that are not subjected
to the stress treatment (we refer to this as biological control, BC).
Figure 1 provides a representative schematic of these control options.
Both approaches are utilized in experimental studies, for example, TC:
(Gao et al., 2015; Min et al., 2016; Rabara et al., 2015); BC: (Fracasso,
Trindade, & Amaducci, 2016; Garg et al., 2016; Meyer et al., 2014). Use
of TCs requires fewer samples in total, which can save on sequencing
costs and/or enable increased sampling efforts over the time-course
experiment. For some organisms, such as plants, where repeated tissue
sampling from the same individual is possible, this approach also allows
for control of genotypic differences among individuals. A downside of
the TC approach is that it may not properly control for extraneous en-
vironmental variation that may be present across the sampling time
points that is not associated with the specific stress treatment under
investigation. While use of BCs can eliminate this concern and better
control for natural development/change in the experimental system
over time, a drawback of the BC approach is higher potential cost and/
or less intensive sampling over the time-course.

A sound experimental design is essential for success in RNA-seq
studies (Conesa et al., 2016; Robles et al., 2012; Williams, Thomas,
Wyman, & Holloway, 2014). Previous technical studies have examined
issues such as library type, sequencing depth, and the number of bio-
logical replicates and their effects on RNA-seq experiments (Corley,
MacKenzie, Beverdam, Roddam, & Wilkins, 2017; Liu, Zhou, & White,
2014). Previous studies have not, however, empirically addressed the
specific question raised here: how does selection of control type (i.e.,
TC vs. BC) affect corresponding results in gene expression changes
during time-course experiments? In this paper, we utilize time course
RNA-seq experiments to characterize gene expression changes using
different control types in two nonmodel grass species in the genus
Paspalum during simulated drought stress. Drought is among the most
widely experienced abiotic stressors for plants and impacts multiple
aspects of growth, development and physiology (Jogaiah, Govind, &
Tran, 2013; Valliyodan & Nguyen, 2006). Plants have evolved various
dynamic responses at the physiological, biochemical and molecular
levels to handle drought stress (Huber & Bauerle, 2016).

We evaluate how the use of specific control types (i.e., TC vs.
BC) influences overall de novo transcriptome assembly, differential
gene expression analyses and functional enrichment tests. Our re-
sults indicate similar patterns in transcriptome assembly, detection
and fold-change levels of differentially expressed genes (DEGs), and
functional categories related to drought stress in the time-course

experiment. Some interesting differences also were found, however,

and the pros and cons of the two different approaches are discussed.
These experiments additionally provide insights into transcriptional

stress responses of these two wild grass species.

2 | MATERIALS AND METHODS

2.1 | Plant materials, growing conditions and dry-
down

Seeds of Paspalum notatum (Accession no. 241878, tetraploid popu-
lation) (Fachinetto, Dall'Agnol, Schifino-Wittmann, Simioni, & Awvila,
2018) and P. juergensii (Accession no. 508779, diploid) (Williams,
Williamson, & Real, 2011) were acquired from the United States
Department of Agriculture (USDA) National Plant Germplasm System
(https://www.ars-grin.gov/npgs/). Seeds were germinated on moist
filter paper in Petri dishes and then transferred to 10-cm plastic pots
containing a mixture (2:1) of Metro-mix 360 and all-purpose sand
with soil collected from a nearby tallgrass prairie added at 10% by
volume to provide a source of natural soil microbial diversity. This
prairie soil was untreated before addition. Plants were grown in the
Kansas State University greenhouse facility under a daily light cycle of
16 hr light/8 hr dark, with supplemental lighting consisting of six light-
ing fixtures using 400-W high-pressure sodium bulbs. Watering was
conducted daily or as needed. Plants were grown for 21 days before
initiation of the dry-down experiment and thus were well established
at the time of the experiment with multiple leaves per plant. Fourteen
individuals (seven drought-treated and seven BC) per species were
well watered on day O of the experimental dry-down, and water was
withheld for seven drought-treated plants until photosynthetic rates
reached O pmol m2s™, after which rewatering was performed and re-
covery was monitored for 2 days. Photosynthesis measures were made
daily (dry-down: days 1-5; recovery: days 6-7 for P. notatum and dry-
down: days 1-4; recovery: days 5-6 for P. juergensii) between 11:00
and 14:00 CDT with a LI-6400 system (LICOR) equipped with an LED
light source (light intensity was maintained at 2,000 umol m2s™, Co,
concentration at 400 ppm, and relative humidity at ambient levels,
~40%-60%). Measurements from the LI-6400 were logged after gas
exchange measurements were stable for 2 min. For each species, six
individual plants (three drought-stressed and three control) were se-
lected for transcriptomic analyses. Leaf samples were harvested from
these individuals on days 1, 3,4, 5 and 7 for P. notatum and on days 1, 3,
4 and 6 for P. juergensii. A total of 54 RNA samples (P. notatum: 2 treat-
ments x 3 replicates x 5 time points = 30; P. juergensii: 2 treatments x

3 replicates x 4 time points = 24) were thus generated for this study.

2.2 | RNA extraction, library
construction and sequencing

Harvested leaves were flash-frozen in liquid nitrogen and stored
at = 70°C before RNA extraction. Total RNA was extracted using

TRIzol reagent (Invitrogen) following the manufacturer instructions.
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FIGURE 1 Representative schematic of the control options evaluated in the current study. The illustration depicts sampling at five time points
where experimental individuals (top row) experience increasing stress (red shading) during time points 2-4 and an early stage of recovery from
stress at time point 5. The temporal control (TC) approach uses experimental individuals from time point 1 as controls for tests of differential gene
expression in experimental individuals sampled at time points 2-5 (curved horizontal double sided arrows). The biological control (BC) approach
uses parallel sets of individuals sampled at the same time points but not subjected to stress (vertical double sided arrows). Diagram depicts three
replicates sampled for all experimental and control individuals per time point [Colour figure can be viewed at wileyonlinelibrary.com]

Total RNA was purified to avoid genomic DNA contamination using
a RNeasy Mini Kit and an on-column DNAse | digestion (Qiagen). The
quality and quantity of the total RNA were examined using Agilent
Tape Station (Agilent Technologies) and a Qubit fluorometer (Thermo
Fisher Scientific). The average RNA integrity number (RIN) of all sam-
ples was 6.9. One microgram of total RNA per sample was utilized
for library preparation and sequencing on an Illumina HiSeq2500
platform, generating 2 x 100-bp paired-end reads. Library prepara-
tion was performed following the lllumina TruSeq Stranded mRNA
Library Prep Kit (lllumina). Library construction and sequencing were
performed at the University of Kansas Genome Sequencing Core
Facility (http://gsc.drupal.ku.edu/). The average number of reads
obtained per sample was 29,953,855 and 31,356,449, respectively,
for P. notatum and P. juergensii.

2.3 | Sequence assembly and differential
gene expression

Raw sequence reads were trimmed and filtered using TRIMMOMATIC
version 0.35 (Bolger, Lohse, & Usadel, 2014) according to the follow-
ing criteria: (a) adapters and barcodes removed, (b) reads < 40 bases
removed, (c) bases trimmed from read ends if quality < 30, and (d)
read ends trimmed while mean quality < 30 in a 5-bp sliding window.
The trimmed reads from samples from all time points were combined
and used for de novo assembly, which was performed with TrRINITY
version 2.2.0 (Grabherr et al., 2011) with default normalization and
other parameters except to keep contigs with length = 300 bp. Two
assemblies were produced to mimic experiments utilizing two dif-
ferent control types: (a) an assembly only based on drought-treated
samples (we refer this as TC assembly); and (b) an assembly based
on both drought-treated and BC samples (we refer this as BC as-
sembly). In total, 765,233,012 reads versus 395,284,388 reads, re-
spectively, were used in BC and TC assemblies in P. notatum, while
642,881,124 reads versus 314,066,636 reads, respectively, were
used in P. juergensii. Following assembly, co-HiT version 4.6.8 (Fu,
Niu, Zhu, Wu, & Li, 2012) was used to obtain distinct sequences.

The following parameters were used in cp-HIT analysis: (a) sequence
identity threshold: 0.95, and (b) alignment coverage for the shorter
sequence: 0.9. These nonredundant sequences were used for the
downstream analysis. We also assessed the completeness of BC
and TC assemblies using Benchmarking of Universal Single-Copy
Orthologs (Busco) (Simao, Waterhouse, loannidis, Kriventseva, &
Zdobnov, 2015) with the Embryophyta database from orTHODB ver-
sion 9 (Zdobnov et al., 2017).

The nonredundant sequences from de novo assemblies were
used as references for read mapping. Trimmed reads were aligned
to nonredundant TC and BC assemblies using BowTiE version 1.1.2
(Langmead, Trapnell, Pop, & Salzberg, 2009) and transcript and gene
abundance was estimated with rsem version 1.2.28 (Li & Dewey, 2011)
and PERL script align_and_estimate_abundance.pl from TriNITY (Haas
et al., 2013). encer version 3.3 (Robinson, McCarthy, & Smyth, 2010)
was used to determine DEGs with a false discovery rate (FDR) <0.05
and log, fold-change of 2. The weighted Trimmed Mean of M-values
(TMM) approach (Robinson & Oshlack, 2010) was used to calculate
library size normalization factors. Three biological replicates were
treated as independent samples in EDGER analysis. To compare gene
expression levels for the same DEGs detected using the two different
control types, we first performed all-to-all blast between the BC and
TC assemblies. We assumed that two genes across assemblies were
the same if they were reciprocal best hits by BLAasT with an e-value cut-
off of 107°. Pearson's r was calculated based on the absolute values
of the log,-transformed fold-change for DEGs detected by the two
different control types at each sampling time point.

2.4 | Functional annotation and enrichment test

The final nonredundant contigs (i.e., those of 2300 bp) from TC and
BC assemblies in each species were compared to the entire UNIPROT
and NCBI nonredundant (nr) databases with the BLAsTX tool of BLAST
version 2.2.31 (Altschul, Gish, Miller, Myers, & Lipman, 1990) and an
e-value cutoff of 107>, Contigs with significant BLasT hits were anno-

tated with the Gene Ontology (GO) terms of their top matches using


http://gsc.drupal.ku.edu/
www.wileyonlinelibrary.com

QIU ET AL,

684 MOLECULAR ECOLOGY
WILEY

BLAST2GO version 3.0.6 (Conesa et al., 2005). GO enrichment analy-
ses were then performed for DEGs at each time point with Fisher's
exact test of BLAsT2Go. The significance level for these tests was set
to a = 0.05 after correcting for the FDR due to multiple testing with
the Benjamini and Hochberg method (Benjamini & Hochberg, 1995).

To evaluate the similarity of the shared enriched GO terms re-
lated to drought stress recovered at each time point based on the
two different controls, we first ranked the GO terms based on FDR
scores. We then evaluated similarity of rank order of the GO term
lists using a permutation approach implemented in the program or-
DEREDLIST (Lottaz, Yang, Scheid, & Spang, 2006).

3 | RESULTS
3.1 | Physiological results

The dry-down manipulation negatively impacted leaf-level physiologi-
cal processes of both species. For Paspalum notatum, photosynthetic
rates remained stable and indistinguishable from control plants for
3 days, after which it decreased by 37.8% (Day 4) and 64.8% (Day 5) rel-
ative to the mean Day 1 value for experimental plants and was reduced
by 44.5% (Day 4) and 72.3% (Day 5) compared to control plants meas-
ured on the same days (Figure 2a). Rewatering of P. notatum plants was
performed following physiological measurements and tissue sampling
on Day 5, with photosynthetic rate increasing sharply and reaching
83.4% of the mean Day 1 value for experimental plants by Day 7, but
with values still lower than corresponding control plants (Figure 2a). For
P. juergensii, a slight decline in photosynthetic rate was evident by Day
3, with a sharp decrease of 98.0% relative to the mean Day 1 value for
experimental plants by Day 4. The difference between experimental
and control plants observed on Day 2 appears attributable to a mean
increase in photosynthetic rate of control plants. Rewatering of P. juer-
gensii plants was performed following physiological measurements and
tissue sampling on Day 4, with photosynthetic rate increasing sharply
and reaching 77.7% of the mean Day 1 value for experimental plants by
Day 6. As observed for P. notatum, photosynthetic rates for P. juergensii
experimental plants remained lower than corresponding control plants
over the 2-day recovery period (Figure 2b).

3.2 | RNA-seq data sets and de novo assemblies

Transcriptome sequencing generated 23.7-38.6 million raw reads
per sample (Table S1). After trimming, the number of reads was re-
duced by ~15% on average across samples and read lengths were
reduced from their original size of 101 bases to a mean of 94.7-96.2
bases (Table S1). These trimmed, high-quality reads were used for de
novo assembly in TRINITY. Two separate assemblies were performed
to mimic experiments with and without biological controls for each
sampling time point. Assemblies mimicking experiments using BC
were conducted using sequence data from all experimental and

control plants whereas assemblies mimicking experiments using TC

were performed using sequence data from experimental plants only.
The former, referred to here as “BC assemblies,” were thus based on
approximately twice the amount of sequence data used for the “TC
assemblies”: for P. notatum, 765,233,012 reads versus 395,284,388
reads, respectively; and for P. juergensii, 642,881,124 versus
314,066,636 reads, respectively. The completeness of transcriptome
assemblies was assessed using susco (https://busco.ezlab.org/). The
numbers of complete and missing suscos identified in our study (Table
S2) were similar to those found in five other grass species (Schubert,
Gronvold, Sandve, Hvidsten, & Fjellheim, 2019), indicating that the
transcriptome assemblies were well represented and of high quality.
The BC assemblies resulted in a higher number of loci detected in
both species and corresponding higher numbers of loci with BLAST hits
and annotation (Table 1). In sets consisting of the top 20, 50, 100,
200 and 300 annotated GO terms based on the number of genes as-
signed, the concordance between the two assemblies in each species

was highly similar, ranging between 90% and 96% (Table 2).

3.3 | Differential expression analysis based on
different control types

Trimmed reads were mapped to the respective sets of nonredundant
loci to quantify gene expression changes using different controls (BC
and TC) during dry-down on Days 3, 4 and 5 and at recovery (Day 7)
in P. notatum and during dry-down on Days 3 and 4 and at recovery
(Day 6) in P. juergensii. Changes in gene expression were addition-
ally determined on Day 1 for the BC dataset. On days omitted from
DEG analyses, photosynthetic rates remained largely unchanged
(Figure 2). For both species, the number of DEGs increased with
increasing stress and then decreased sharply at the recovery time
point (Figure 2c,d). For P. notatum, more DEGs were detected using
TC on Days 3, 4 and 5, whereas on Day 7, more DEGs were detected
using BC (Figure 2c). The difference in the number of DEGs detected
between BC and TC ranged from 319 on Day 7 to 880 on Day 4. For
P. juergensii, more DEGs were detected using TC on Days 4 and 6,
whereas on Day 3, more DEGs were detected using BC (Figure 2d).
The difference in the number of DEGs detected between BC and
TC ranged from 107 on Day 3 to 730 on Day 4. Analyses using BC
revealed 114 and 122 DEGs at the earliest time point (Day 1) for
P. notatum and P. juergensii, respectively (Figure 2c,d). To explore
these data further, we conducted cross-comparison analyses by
aligning the TC and BC data to the BC and TC assemblies, respec-
tively. Similar numbers of DEGs were detected at each time point in
these cross-comparisons versus where TC and BC approaches were
conducted independently (see Figure S1 and Figure 2).

To compare variation in expression levels of DEGs detected using
the two different controls, we used conservative criteria to identify
the same loci across assemblies that were differentially expressed
using both controls (see Methods) and we then compared relative
fold-change values. For P. notatum, we identified between 47 (Day
3) and 5,542 (Day 5) such loci and for P. juergensii between 134 (Day
6) and 5,711 (Day 4) such loci (Figure 3). Fold-changes for these sets
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FIGURE 2 Physiological response
(photosynthesis) in Paspalum notatum (a)
and Paspalum juergensii (b) and changes
of differential expressed genes (DEGs)
during drought stress and water recovery
period in P. notatum (c) and P. juergensii
(d). In (a) and (b), bar represents standard
error of the mean. In (c) and (d), among
the three numbers at each time point, the
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up-regulated genes [Colour figure can be
viewed at wileyonlinelibrary.com]
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BC assembly TC assembly BC assembly TC assembly
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TABLE 2 Concordance for GO terms
found between BC and TC assemblies

GO term category
Top 20 GO terms
Top 50 GO terms
Top 100 GO terms
Top 200 GO terms

46,186 (47.7%)

41,366 (48.3%) 35,033 (51.8%) 33,697 (52.9%)

37,356 (38.6%) 33,311 (38.9%) 28,700 (42.4%) 27,522 (43.2%)
Abbreviations: BC, biological control; TC, temporal control.

Paspalum notatum Paspalum juergensii
BP MF cc BP MF cc
0.950 0.900 0.900 0.950 0.900 0.950
0.940 0.920 0.960 0.960 0.940 0.940
0.930 0.930 0.950 0.930 0.940 0.960
0.915 0.925 0.945 0.945 0.930 0.935
0.923 0.923 0.943 0.947 0.927 0.930

Top 300 GO terms

Abbreviations: BC, biological control; BP, biological process; CC, cellular component; GO, Gene
Ontology; MF, molecular function; TC, temporal control.

of DEGs were highly correlated, ranging fromr = .653 tor = .852 for
P. notatum (Figure 3a) and from r = .774 to r = .803 for P. juergensii
(Figure 3b). A small number of DEGs (~0.1% in P. notatum and ~ 0.3%
in P. juergensii) were found to be up-regulated based on one con-
trol and down-regulated based on the other. These are depicted in

Figure 3 in the lower right and upper left quadrants of panels.

3.4 | GO enrichment tests and concordance
analysis of enriched GO terms

GO enrichment tests were used to identify enriched functional

categories of up-regulated and down-regulated DEGs at different

sampling time points detected using the different controls. GO terms
were detected at most time points based on both controls, typically
with similar numbers of terms detected (Table S3) and considerable
overlap of those terms, with the number of shared terms typically
greater than the number of unique terms found using either of the
two controls (Figure 4). Examining shared GO terms only, similarities
in rank order based on FDR were tested using the ORDEREDLIST BIOCON-
pucTor package (Lottaz et al., 2006). With one exception (i.e., for up-
regulated genes on Day 7 in P. notatum), rank orders of GO term lists
using the two different control types were highly similar (Figure 5).
While GO enrichment results were largely similar across control
types, exceptions to this general patterninclude lack of GO terms de-

tected for BC on Day 3 (P. notatum and P. juergensii, down-regulated
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genes) and BC on Day 6 (P. juergensii, down-regulated genes), and
asymmetry in the number of detected GO terms on Day 7 for P. no-
tatum, with considerably more GO terms detected with BC versus
TC for both up- and down-regulated genes (Figure 4; Table S3). A
complete lack of detected GO terms is probably associated with
small numbers of DEGs detected for those specific time points/clas-
sifications (i.e., 36, 174 and 118 DEGs).

Among the enriched GO terms, common drought-related terms
typically recovered in drought stress experiments (Fracasso et al.,
2016; Wu et al., 2014; Zhang, Lei, Lai, Zhao, & Song, 2018) were
recovered here using both control types. For up-regulated genes,
“response to water deprivation (GO:0009414)” and “response to
water (GO:0009415)" were over-represented on all days before
recovery in both species. “Response to stress (GO:0006950),” “re-
sponse to abiotic stress (GO:0009628),” “response to abscisic acid
(GO:0009737),” “response to hormone (GO:0009725),” “response
to oxidative stress (GO:0006979)” and “response to jasmonic acid
(GO:0009753)" were over-represented on Day 4 and Day 5 in
P. notatum and Day 3 and Day 4 in P. juergensii. After rewatering,
“thylakoid (GO:0009579),” “chloroplast thylakoid (GO:0009534),"
and “photosynthetic membrane (GO:0034357)" were over-repre-
sented in both species. Moreover, “photosystem (GO:0009521),"
“photosynthesis (GO:0019684)” and “photosynthesis, light reaction
(GO:0019684)” were over-represented in P. juergensii.

For down-regulated genes, “chloroplast (GO:0009507),” “thyla-
koid (GO:0009579)," “photosynthetic membrane (GO:0034357),”
“photosynthesis (GO:0015979)" and “photosynthesis, dark reac-
tion (GO:0019685)" were over-represented on Day 4 and Day 5 in

P. notatum and Day 4 in P. juergensii. “Photosynthesis, light reaction
(GO:0019684)" was over-represented on Day 5 in P. notatum and Day
4 in P. juergensii. After recovery, “response to stress (GO:0006950),”
“response to abiotic stress (GO:0009628),” “response to abscisic
acid (GO:0009737),” “response to water deprivation (GO:0009414)"
and “response to water (GO:0009415)” were over-represented in
P. notatum.

4 | DISCUSSION
With rapid developments in sequencing technology in the past
decade, RNA-seq has become the standard method for transcrip-
tome analysis and identification of DEGs across samples and/or
treatments (Hrdlickova et al., 2017). Time course gene expression
experiments characterize gene expression changes across multiple
time points. For example, during organismal development, differ-
ent sets of genes are activated or suppressed at different stages.
Time course gene expression experiments can provide a better un-
derstanding of the genetic control of various developmental tran-
sitions (Rauwerda et al., 2017). They also provide a powerful tool
for studying perturbation-response dynamics, where temporal
gene expression changes can reveal common and unique features
of organismal responses to environmental perturbations (Gasch et
al., 2000).

Two main options are available for the selection of control sam-
ples for identifying DEGs in such experiment: (a) experimental sam-

ples at the first sampling time point can be used as controls (temporal
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control, TC), with all other time points compared to the TC, and (b)
parallel sets of unmanipulated samples can be used as controls (bi-
ological control, BC), with all experimental samples compared to
corresponding unmanipulated controls collected at the same time
point. Use of BC may better control for gene expression changes
attributable to environmental fluctuations over the experimental
time-course, but can lead to significant extra cost and labour in ex-
periments requiring sampling at multiple time points. While TC can-
not account for influences of extraneous environmental fluctuations
over the experimental time-course, this approach may be preferable
and more cost-effective under circumstances when more frequent
sampling is desired or when higher numbers of replicates are neces-
sary to increase statistical power for detecting DEGs (Corley et al.,
2017; Liu et al., 2014). Moreover, for experimental systems such as
plants where tissue can be sampled repeatedly from the same indi-

viduals, TC may better control for DEGs attributable to genotypic

differences between experimental and control individuals. Indeed, a
previous study showed significant differences in drought tolerance
for individual genotypes within accessions (Cui, Wang, Wang, & Jiang,
2015). The use of TC also may be more appropriate when analyses
of transcriptomic changes are coupled with labour-intensive mea-
sures of physiological responses (e.g., gas exchange measurements in
plants), where physiological responses to stress are evaluated in ref-
erence to starting values (Osborne, Wythe, Ibrahim, Gilbert, & Ripley,
2008; Phillips, Oren, Licata, & Linder, 2004; Prasad, Pisipati, Ristic,
Bukovnik, & Fritz, 2008; Seelig, Wolter, & Schroder, 2015).

In the current study, we examined how use of different control
type (i.e., TC vs. BC) affected the overall results of differential gene
expression and subsequent gene function analysis during time-course
experiments. We utilized data from a time-course RNA-seq exper-
iment to characterize gene expression changes in two nonmodel

grass species, Paspalum notatum and P. juergensii, during drought
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stress and recovery. Two assemblies were produced corresponding
to these alternative experimental designs: the first was based only on
drought-treated samples (TC assembly) and the second based on both
drought-treated and nondrought-treated (control) samples (BC as-
sembly). We compared properties of the two de novo transcriptome
assemblies and examined temporal aspects of differential gene ex-
pression and functional enrichment based on the two control options.

BC and TC assemblies produced different numbers of loci, with
the BC assemblies producing ~6% (P. juergensii) to ~13% (P. notatum)
more unigenes versus the TC assemblies. Similar observations (i.e.,
increased assembled loci with higher sequencing depth) have been
found in other nonmodel organisms lacking a reference genome (Qiu
et al., 2015; Riesgo et al., 2012; Zhao et al., 2011). One possibility is
that lower sequencing depth resulted in incomplete transcriptome
sampling due to an inability to detect rare and lowly expressed tran-
scripts. Indeed, studies have shown that up to 500 million reads may be
required to cover the full sequence diversity, including rare and lowly
expressed transcripts (Blencowe, Ahmad, & Lee, 2009; Toung, Morley,
Li, & Cheung, 2011). Functional annotation analysis based on total
assembled genes revealed a high concordance (90%-96%) between
TC and BC assemblies for both species (Table 2), even though the GO
terms in each set were not necessarily ranked in the same order. These
results indicate overall similarities in gene functions were recovered
in both assemblies despite different numbers of identified unigenes.

Patterns of temporal gene expression changes were similar be-
tween BC and TC control options: the number of DEGs increased
in a similar fashion with increasing stress and decreased sharply
following rewatering. While trends were generally similar, a higher
number of DEGs was detected in five out of seven total time points
from both species when using TC control (Figure 2). This may be
because using TC control does not account for expression changes
in response to extraneous environmental fluctuations. Use of the
BC control revealed 114 (P. notatum) and 122 (P. juergensii) DEGs
on Day 1 of the experiment (Figure 2). Indeed, GO terms related to
drought stress, such as “oxidoreductase activity (GO:0016491)” and
“response to abiotic stimulus (GO:0009628),” were enriched on Day
1 in P. juergensii, but not in P. notatum, indicating early drought re-
sponses in P. juergensii. These terms were recovered in both species
using either controls when stress was increased.

We further examined fold-change values to determine if the
same DEGs identified by both controls have similar detected expres-
sion levels. DEGs were considered as the same gene if they were re-
ciprocal best hits across assemblies. Notably, we confirmed highly
significantly positive correlations in fold-change of DEGs detected
by the two different control types (Figure 3). While the DEGs used in
this comparison represent only subsets of the total numbers of DEGs
detected (selected based on reciprocal best hit criteria), they are
probably an unbiased sample, and the high correlation coefficients
in these analyses indicate similar fold-change estimates between the
two control types. Interestingly, a small number of DEGs examined
(<0.3%) exhibited significant up-regulation based on one control type
and significant down-regulation based on the other. No significant

enriched GO terms were found for these genes. Three of these genes,
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however, were classified as “response to stimulus (GO:0050896)":
with one involved in jasmonic acid metabolic process, one involved in
oxidoreductase activity and one involved in response to salt stress.

Enriched GO terms were found for both up- and down-regulated
genes for all time points and for both control types, with the excep-
tion that no terms were detected for down-regulated genes at three
time points based on the BC: Day 3 for P. notatum and Days 3 and 6 for
P. juergensii (Figure 4). Lack of detected GO terms may be associated
with small numbers of DEGs detected for those specific time points/
categories (i.e., 36, 174 and 118 DEGs, see Figure 2c,d). For most
time points, however, there was considerable overlap in enriched
GO terms based on the different control types, and the rank order
of these shared GO terms based on FDR was highly similar (Figure 5).
For up-regulated genes, for example, shared terms included essen-
tial drought-related terms such as “response to water deprivation
(GO:0009414),” “response to abiotic stress (GO:0009628)" and “re-
sponse to abscisic acid (GO:0009737)" (Fracasso et al., 2016; Wu et
al., 2014; Zhang et al., 2018). For nonshared GO terms, when using
the TC control type, “secondary metabolic process (GO: 0019748)"
was over-represented on Day 3, Day 4, and Day 5 in P. notatum and
“response to external stimulus (GO:0009605)" was over-represented
on Day 3 and Day 4 in P. juergensii. This may be due to the fact that the
TC control does not account for environmental perturbations through
time. When using the BC control type, GO terms related to biosyn-
thetic process were enriched. For example, “lipid biosynthetic process
(GO:0008610)" and “alcohol biosynthetic process (GO:0046165)"
were over-represented on Day 4 and Day 5 in P. notatum, while “cellu-
lar carbohydrate biosynthetic process (GO:0034637)" was over-rep-
resented on Day 3 and Day 4 in P. juergensii. Together, these results
indicated high concordance in detecting expression levels of DEGs
and drought-stress-related GO terms across control types.

5 | CONCLUSIONS

Comparison of transcriptome assemblies, patterns and magnitudes
of differential gene expression and downstream GO enrichment in-
dicate generally similar results between the two different control
types for the experiments conducted here. Use of the TC resulted in
detection of slightly more DEGs across more time points while use of
BC resulted in a failure to detect enriched GO terms for down-regu-
lated genes for some time points where the total numbers of DEGs
were low. While similar results across independent experiments sug-
gest that either control type could be used effectively, a clear caveat
is the relatively short duration of these time-course studies (four or
five sampling time points across 6-7 days). For longer time-course
experiments where extraneous environmental influences could be
more pronounced, TC and BC could yield more dissimilar results.
Multiple factors ultimately should be considered when making a de-
cision on which control type to choose, including time-course length,
frequency of sampling and desired replication, the magnitude of
potential extraneous environmental perturbations, and of course

the tradeoffs of these factors with labour and sequencing costs. A
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TC approach may be especially advantageous when attempting to
control for genotypic differences among individuals, especially in
systems such as plants where the same individuals can be sampled

repeatedly over time.
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