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Abstract 

Background  Cotton fiber development relies on complex and intricate biological processes to transform newly 
differentiated fiber initials into the mature, extravagantly elongated cellulosic cells that are the foundation of this 
economically important cash crop. Here we extend previous research into cotton fiber development by employing 
controlled conditions to minimize variability and utilizing time-series sampling and analyses to capture daily transcrip-
tomic changes from early elongation through the early stages of secondary wall synthesis (6 to 24 days post anthesis; 
DPA).

Results  A majority of genes are expressed in fiber, largely partitioned into two major coexpression modules that rep-
resent genes whose expression generally increases or decreases during development. Differential gene expression 
reveals a massive transcriptomic shift between 16 and 17 DPA, corresponding to the onset of the transition phase 
that leads to secondary wall synthesis. Subtle gene expression changes are captured by the daily sampling, which are 
discussed in the context of fiber development. Coexpression and gene regulatory networks are constructed and asso-
ciated with phenotypic aspects of fiber development, including turgor and cellulose production. Key genes are 
considered in the broader context of plant secondary wall synthesis, noting their known and putative roles in cotton 
fiber development.

Conclusions  The analyses presented here highlight the importance of fine-scale temporal sampling on understand-
ing developmental processes and offer insight into genes and regulatory networks that may be important in confer-
ring the unique fiber phenotype.

Keywords  Cotton fiber, Fiber development, Cellulose synthase, Developmental transcriptomics, Turgor

*Correspondence:
Corrinne E. Grover
corrinne@iastate.edu
Full list of author information is available at the end of the article

http://creativecommons.org/licenses/by/4.0/
http://crossmark.crossref.org/dialog/?doi=10.1186/s12864-025-11360-z&domain=pdf


Page 2 of 26Grover et al. BMC Genomics          (2025) 26:221 

Background
Cotton fibers are individual cells that emerge from the 
developing ovule epidermis and develop over a period 
of about two months from initiation to maturity. Fiber 
development entails a tightly coordinated series of over-
lapping stages that oversee the transformation of indi-
vidual cells from spherical epidermal protrusions on the 
ovular surface to mature fibers whose length can exceed 
5 cm and whose cell wall (CW) composition approaches 
98% cellulose [1–4]. These highly polarized cells are 
both useful models for plant cell morphogenesis [1–5] 
and form the foundation of a multibillion-dollar tex-
tile industry; therefore, understanding their growth and 
development are important from both agronomic and 
fundamental biology perspectives. Although four spe-
cies of cotton have been independently domesticated, 
Gossypium hirsutum (or Upland cotton), comprises the 
vast majority of the market share (~ 95%) due to its high 
yield, greater pest resistance, and environmental adapt-
ability [6]. Gossypium hirsutum is an allopolyploid con-
taining two coresident genomes (At, Dt) donated by the 
progenitor diploids at the time of polyploid formation 
circa 1 million years ago (reviewed in [7, 8]). Following 
its initial domestication, G. hirsutum experienced strong 
directional selection for intensely elongated fiber [9, 10], 
among other traits, which resulted in massive reorganiza-
tion of the fiber transcriptome and tighter coordination 
among fiber-related genes [11, 12].

At the biosynthetic level, fiber development requires 
intricate coordination of cellular processes that estab-
lish the shape and length of the fiber cell. Morphogen-
esis takes place over several overlapping stages (Fig.  1) 
whose interplay ultimately determines fiber characteris-
tics. The first stage, initiation, begins on the ovular sur-
face around the time of anthesis (i.e., flower opening) 
and is regulated by phytohormones (e.g., positive regula-
tors include auxin, brassinosteroids, and jasmonic acid; 
reviewed in [4, 13], as well as reactive oxygen species 
(ROS). Evolutionarily conserved MYB cell-fate control 
genes are implicated in fiber initiation, as are many other 
genes [14–22], including those involved in cytoskele-
ton-dependent cell wall patterning [23–26]. Fiber cells 
elongate through a highly polarized form of anisotropic 
diffuse growth over about 3 weeks [3]. Soon after fiber 
elongation begins, the cells taper under the influence of 
apical microtubules and cellulose to progressively reduce 
and restrict cell diameter throughout development [27–
29]. This specialized apical domain and transverse net-
work of microtubules help to establish fiber cell diameter 
and enable resistance to swelling along the cell axis as 
elongation continues. Transverse cortical microtubules 
direct the synthesis of parallel stiff cellulose microfibrils 

that resist radial expansion as high turgor pressure drives 
anisotropic growth [30–35].

The composition and material properties of the cell 
wall matrix polysaccharides are also tuned during the 
elongation phase to enable predictable cell shape out-
comes [36–38]. Complex interactions between the cel-
lulose and matrix components of the wall likely underlie 
much of the observed growth rate variability [28, 29]. 
Important polysaccharides during this phase are those 
such as cellulose, xyloglucan, and pectin [1, 4, 5, 36, 39], 
whose arrangement and composition results in unidi-
rectional extensibility. Both turgor and cell wall stiffness 
influence fiber growth rate [28, 29], which makes turgor 
modulation and fiber cell wall composition change dur-
ing development [36, 39, 40] active areas of research.

As with the initiation phase, numerous genes have been 
implicated in elongation, including transcription factors 
and various cytoskeletal genes [41–48]. Phytohormones 
continue to play an important role in elongation [4], with 
many ethylene biosynthetic genes and pathways upregu-
lated during this stage [13, 49]. These in turn influence 
the expression of fiber-related genes such as cellulose 
synthase, expansins, and sucrose synthase, while also 
influencing both the brassinosteroid pathway and ROS 
management, the latter contributing to anisotropic 
growth in the fiber [4, 13, 49, 50].

A major developmental transition takes place some-
where between ~ 16 to 20 DPA (Fig.  1), marking the 
switch from fiber elongation to secondary cell wall 
(SCW) synthesis [40]. The transition is a distinct devel-
opment stage characterized by: increased cellulose syn-
thesis; changes in microtubule and cellulose microfibril 
orientation; decreased synthesis of primary cell wall 
(PCW) polysaccharides; and degradation of the cotton 
fiber middle lamella (CFML), among other changes in 
biochemical and cellular features [5, 51]. Correspond-
ingly extensive changes in gene expression and other 
regulatory processes (e.g., phytohormone activity) occur 
[4, 52, 53]. The fiber, which is composed of 90—95% cel-
lulose at maturity, commits increasing resources toward 
cellulose production as the fiber moves into the last 
phase of SCW thickening (~ 23 DPA to 45 DPA; Fig. 1). 
Some of the regulatory genes involved in the transition 
include NAC-domain factors (e.g., SND1 and TALE fam-
ily genes; [54, 55]), MYB genes (including GhMYBL1; 
[54, 56, 57]), and the transcription factor Hot216, a KIP-
related protein that regulates a network of ~ 1000 cell wall 
synthesis genes [58]. As the cell moves into SCW syn-
thesis, a subgroup of cellulose synthases become highly 
expressed [3], along with genes related to regulation of 
UDP-glucose, the substrate for synthesis of cellulose and 
some other cell wall polymers [59]. Many other genes 
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are also up-regulated, given the complex changes in the 
metabolome during the SCW stage [53].

The molecular underpinnings of fiber development 
and various fiber properties (e.g., length, strength) in 
G. hirsutum have been evaluated at the transcriptome 
level using different comparative strategies and time 
points. Many comparisons have evaluated the expres-
sion differences that underlie important fiber morphol-
ogies via differential gene expression at key timepoints 
between accessions that vary in these important fiber 

properties [16, 60–62] or among time points sampled 
[11, 63–65], resulting in many of the insights mentioned 
above. Others have made interspecific comparisons to 
G. barbadense, whose fiber possesses several desirable 
properties [12, 53, 64, 66, 67], or compared develop-
mental timelines between wild and domesticated forms 
of G. hirsutum [11, 12, 64, 65]. The emerging picture 
from these and other studies is that fiber development 
is transcriptionally complex, in part reflecting overlap 

Fig. 1  Illustration of cotton fiber developmental timeline focusing on the first half of development. Cotton fiber development starts with initiation 
of fiber cells on the ovule seed coat, which begins around the time of flower opening (anthesis) and continues during the first few days of seed 
development during which the fiber cells taper to reduce cell diameter (by 2 days post anthesis; DPA). The elongation phase, which includes 
primary wall synthesis, has complex dynamics and persists for about 20 days. At approximately 16 DPA, the transition between elongation 
and cell wall thickening begins. The mature, cellulose-rich fiber is fully formed at about 50 DPA. Images are placed in their approximate position 
along the developmental timeline. Cut capsules (“bolls”) and developing fibers are shown to the left and right of the timeline, respectively. Confocal 
images of developing fibers show the orientation of the cellulose microfibrils, which changes from approximately transverse during elongation 
to an increasingly steep helix beginning at the transition stage. Images of growing ovules with fiber combed away in two directions are intercalated
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and compromises among the gene networks regulating 
important fiber properties such as length and strength.

In this study, we extend our prior understanding of 
fiber development by sampling the transcriptome more 
densely than in prior studies and, combined with data 
from other ‘omics’ and fiber phenotypes, provide pre-
liminary information regarding the networks controlling 
cotton fiber development. These data allow a more fine-
scale characterization of elongation, the transition phase, 
and SCW synthesis, when fiber becomes increasingly 
committed to cellulose production. Using the genetic 
standard line G. hirsutum cv. TM-1 [68] grown under 
light and temperature-controlled conditions, we sampled 
daily from 6 to 24 days post anthesis (DPA) to evaluate 
changes in gene expression during key stages defining 
the qualities of mature cotton fiber. We characterize 
gene expression patterns in the context of a developmen-
tal time series and use multiple methods to understand 
the relationships among genes, finding that gene expres-
sion is highly coordinated with over half of expressed 
genes gradually increasing or decreasing in expression 
throughout the time period studied. We also note a 
major transcriptomic shift corresponding to the start of 
the transition phase (Fig. 1) and use network analyses to 
determine putative relationships among key genes. We 
combine gene expression data with proteomic, glycomic, 
and phenotypic surveys in the same accession (G. hir-
sutum cv. TM-1) grown under the same conditions and 
sampled at the same time points to further increase our 
understanding of the phenotypic consequences of tran-
scriptomic changes. Key candidate genes for control of 
fiber development are identified and discussed.

Methods
Plant growth and sampling
Multiple plants for Gossypium hirsutum cultivar TM1 
were grown from seed in two-gallon pots in growth 
chambers at Iowa State University (ISU). Growing con-
ditions were standardized on Conviron E15 growth 
chambers with a relative humidity of 50–70% and a pho-
tosynthetic photon flux density (PPFD) of 500 μmol m−2 
s−1. Seeds were sown directly in a soil mixture prepared 
as 4:2:2:1 soil:perlite:bark:chicken grit. Seeds were ger-
minated and subsequently grown under the same growth 
chamber conditions, i.e., 16-h days with 500 umol of light 
and a temperature of 28 °C. A gradual increase in photon 
intensity was set for the first and last 30 min of each day 
(15 min at 166 umol photons + 15 min at 336 umol pho-
tons). Plants were permitted full dark overnight (8 h) and 
growth chambers were cooled to 23 °C.

Flowers were hand (self )pollinated using a cotton 
swab and tagged on the day of anthesis (flowering; 0 
DPA). Three samples (replicates) were collected daily 

during fiber development from 6 DPA (elongation) to 24 
DPA (SCW synthesis) for a total of 57 samples (3 repli-
cates × 19 days). This developmental time period was 
selected because it represents gene expression in the 
earliest stages sufficient RNA could be extracted from a 
single boll to the point where accumulation of cellulose 
prohibits efficient RNA extraction. Replicates were typi-
cally from different plants, aside from two 7 DPA repli-
cates, which were derived from the same plant. Fiber 
was harvested by extracting whole locules from the bolls 
prior to flash freezing in liquid nitrogen. Harvested fiber 
(in locules) was stored at −80 °C until RNA extraction.

RNA‑extraction and RNA‑seq
Total RNA was extracted from each sample using a 
modification of the Sigma Plant Spectrum Total RNA 
kit (Sigma-Aldrich). First, frozen fibers were ruptured 
by vortexing locules with ≤ 106 μm acid-washed glass 
beads (Sigma-Aldrich) in liquid nitrogen for all DPA, 
and RNA was extracted using the Spectrum kit including 
optional washes. The extracted RNA was further puri-
fied using phenol–chloroform, as previously described 
[69]. RNA quality was assessed by the ISU DNA facility 
using the Agilent 2100 Bioanalyzer, and samples passing 
quality control (QC) were submitted for RNA-seq at the 
ISU DNA facility. All three replicates passed QC for each 
DPA, except for a single 20 DPA and a single 24 DPA 
sample that were omitted, along with a single 14 DPA 
sample, which exhibited low recovery of gene expression.

Libraries were constructed at the ISU DNA facility 
using the NEBNext Ultra II RNA Library Prep Kit and 
sequenced on the Illumina NovaSeq 6000 as paired-end 
150-nucleotide reads (PE150). Raw reads were quality 
and adapter trimmed using trimmomatic version 0.39 
[70] from Spack [71] as trimmomatic/0.39-da5npsr. Only 
surviving read-pairs (minimum length of 75nt per read) 
were retained for expression and network analyses.

Reference transcriptome generation and mapping
A species-specific, homoeolog-diagnostic reference tran-
scriptome was generated using the G. raimondii genome 
annotation [72] in conjunction with species/homoeolog-
specific SNP information [73] and a custom script avail-
able from https://​github.​com/​Wende​llab/​TM1fi​ber. This 
reference has previously been validated as performing 
well in the polyploid G. hirsutum [74] and allowing pre-
cise assignment of paired homoeologs. Kallisto v0.46.1 
[75] was used to pseudoalign and quantify transcripts 
from each sample using `kallisto quant` and processed in 
parallel using GNU parallel v20220522 [76].

Raw read counts were imported into R/4.2.2 [77], and 
the data were normalized using the variance stabiliz-
ing transformation (vst) in DESeq2 v.1.36.0 [78] and the 

https://github.com/Wendellab/TM1fiber
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design ` ~ DPA`. Principal Component Analysis (PCA) 
was conducted in DESeq2 using `plotPCA`, and the first 
two axes were visualized using ggplot2 v3.4.0 [79]. Mini-
mum volume enclosing ellipses were added in ggplot2 
using the ggforce v0.4.1 [80] Khachiyan-based [81] 
method ` + geom_mark_ellipse()`. Samples irregularly 
placed on the PCA were noted for follow-up, as they may 
represent pre-aborted bolls. Of these, only the 14 DPA 
sample exhibiting generally low expression was removed.

RNA-seq quality was also assessed by evaluating gen-
eralized expression metrics. Specifically, the number of 
expressed genes per sample (TPM > 0) was evaluated for 
consistency among replicates, as were the mean, median, 
and quantiles (in 10% steps) of these metrics. These 
metrics were plotted across developmental time using 
ggplot2, and visual outliers were discarded.

Differential gene expression
Differential gene expression (DGE) was analyzed in 
DESeq2 using the design ` ~ DPA`. Contrasts were 
conducted between adjacent DPA, and p-values were 
adjusted (i.e., padj) using the Benjamini–Hochberg cor-
rection method [82]. Differential expression was inferred 
for any contrast where padj < 0.05. Datatables were gener-
ated using tidyverse v1.3.2 [83], magrittr v.2.0.3 [84], and 
data.table v1.14.6 [85]. Relevant code is at https://​github.​
com/​Wende​llab/​TM1fi​ber.

Expression trajectories for genes within the time series 
were estimated by ImpulseDE2 [86] in R/4.2.2. Trajecto-
ries were classified by ImpulseDE2 into four categories: 
consistently increasing (up), consistently decreasing 
(down), impulse up (up*), and impulse down (down*). 
For the latter two (impulse) categories, the expression 
trajectories follow a unimodal pattern where the genes 
in those categories exhibit transiently high (up*) or low 
(down*) expression during the time course but return 
their expression to a level similar to the beginning of the 
time series.

Co‑expression and GRN analysis
Weighted gene coexpression networks were gener-
ated for the 18 remaining timepoints using WGCNA 
[87]. Raw gene expression values were log-transformed 
using the `rld` function in WGCNA, and 5327 genes 
with zero variance were removed, leaving 69,209 genes 
for coexpression network construction. Soft-thresh-
olding powers were evaluated using the function pick-
SoftThreshold and evaluating powers 1 to 10 and even 
numbers from 12 to 40, resulting in the selection of 
power = 10. The WGCNA function blockwiseModules 
was used for automatic network construction and mod-
ule detection using a blocksize that would contain all 
genes (block = 70,000). Module significance relative 

to the time course was assessed using an ANOVA and 
p < 0.05. Eigengene values across development were 
visualized in WGCNA, and modules were functionally 
assessed using topGO [88]. Module-phenotype correla-
tions were computed within WGCNA and visualized 
using ggplot2. Relevant code is at https://​github.​com/​
Wende​llab/​TM1fi​ber.

Crowd networks were generated using Seidr v0.14.2 
[89] and combining networks from 13 algorithms (Sup-
plementary Table  10). All networks were generated 
within Seidr except WGCNA, which was imported 
from the above analyses. Networks were combined 
within Seidr using the inverse rank product (IRP) algo-
rithm [89, 90]. This aggregated network was pruned 
using the backbone function in Seidr, which uses a 
backboning algorithm [91] to remove edges based on 
standard deviations from the expected value for that 
edge. In the present, we used `seidr backbone -F 1.64`, 
which corresponds to retaining edges with p < 0.05. 
Both the initial aggregate network and the backbone 
network were clustered using the Louvain [92] and 
InfoMap [93] algorithms from the igraph (v1.4.1) pack-
age [94]. Gene clusters from each algorithm were inter-
sected between themselves and the WGCNA-generated 
modules to form cluster-groups that are composed of 
those genes that belong to the same module, Louvain 
cluster, and InfoMap cluster.

Gene regulatory networks were generated by restrict-
ing the output from Seidr to only “directed” edges. 
Again this was done for the aggregate network and the 
backbone network, albeit with a more relaxed back-
bone threshold (`seidr backbone -F 1.64`, or p < 0.05) to 
recover more edges from the naturally less dense directed 
network. These networks were Louvain and InfoMap 
clustered (as above) and intersected with WGCNA mod-
ules to generate directed cluster-groups.

Transcription factor analysis
Transcription factors for the G. raimondii genome 
were downloaded from the PlantTFDB v 5.0 [95, 96]. 
Both transcription factor (TF) gene ID and family were 
retained. Expression profiles for transcription factors 
were extracted from the broader DESeq2 and Impul-
seDE2 analyses (above). TF presence in modules and 
cluster-groups was derived from the above analyses and 
recovered using tidyverse v1.3.2 [83] in R. With respect 
to the gene network analyses, two types of networks were 
considered: (1) TFe, or transcription factor extended, 
which retained edges when at least one of the two nodes 
was a transcription factor, and (2) TFr, or transcription 
factor restricted, which only retained edges when both 
nodes were transcription factors.

https://github.com/Wendellab/TM1fiber
https://github.com/Wendellab/TM1fiber
https://github.com/Wendellab/TM1fiber
https://github.com/Wendellab/TM1fiber
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Protein sequence alignments and phylogenetic analysis
Cellulose synthase (CESA) protein sequences from Pop-
ulus trichocarpa [97] and several landmark species [98] 
were downloaded from Phytozome V13 [99]. A multiple 
sequence alignment was generated using Clustal Omega 
at EMBL-EBI [100] with the number of combined itera-
tions set to 5 and setting the distance matrix as output. 
This distance matrix was used for the correlation analy-
sis between protein sequences and transcript abundances 
(see below). The phylogenetic tree was built from the 
alignment generated by Clustal Omega on EMBL-EBI 
(https://​www.​ebi.​ac.​uk/​Tools/​msa/​clust​alo/).

CesA network filtering
To evaluate the local neighborhood of the cellulose 
synthase (CesA) genes involved in SCW synthesis, we 
targeted genes that belong to the largest WGCNA coex-
pression module (ME1), Louvain cluster #6, InfoMap 
cluster #22 (henceforth 1–6–22), which contained 9 of 
the 12 SCW CesA genes. Using the top 10% of edges in 
the crowd network (54,705 nodes and 222,490 edges), 
we extracted only directed edges that included one of 
the 947 genes (nodes) from the SCW cluster as either a 
source or target node, resulting in a network composed 
of 1279 nodes and 1448 edges. We further restricted our 
edges to those included in the top 10% of edges for this 
SCW cluster, resulting in 225 nodes and 145 edges. We 
imported those edges into Cytoscape v3.10.1 [101], where 
we filtered nodes to retain only those with at least one 
outgoing edge and all CesA genes. We further reduced 
the network view to include only the nearest neighbors to 
the CesA genes by iteratively using “Select > First Neigh-
bors of Selected Nodes” five times.

Isolation of microsome (P200) fraction
The microsome (P200) fraction was obtained from intact 
cotton fiber tissue from 6 to 24 DPA [102]. Briefly, apo-
plastic proteins and extracellular vesicles were removed 
from the intact ovules (~ 200 mg) in one locule by dip-
ping each ovule into 5 mL of microsome isolation buffer 
(MIB) [50 mM Hepes/KOH (pH 7.5), 250 mM sorbitol, 
50 mM KOAc, 2 mM Mg(OAc)2, 1 mM EDTA, 1 mM 
EGTA, 1 mM dithiothreitol (DTT), 2 mM PMSF and 1% 
(v/v) protein inhibitor cocktail (160 mg/mL benzami-
dine-HCl, 100 mg/mL leupeptin, 12 mg/mL phenanth-
roline, 0.1 mg/mL aprotinin, and 0.1 mg/mL pepstatin 
A)] with 10 min incubation under gentle shaking. The 
ovules were recovered from the MIB buffer and fiber tis-
sues were isolated from seeds as described previously 
[98]. The fiber tissues were homogenized under cold MIB 
using a Polytron homogenizer (Brinkmann Instruments) 
and filtered through 4 layers of cheesecloth pre-soaked in 

cold MIB. Debris in the filtered homogenate was pelleted 
at 1,000 × g for 10 min using an Allegra X-30R centri-
fuge (Beckman Coulter Life Sciences). Microsomes were 
enriched at 200 k x g for 20 min at 4 °C using a Beckman 
Optima Ultracentrifuge with TLA110 rotor (Beckman 
Coulter Life Sciences) and washed twice with MIB. The 
final pellet was mixed with 200 μL of 8 Urea and incu-
bated for 1 h at room temperature to denature proteins 
from membranes. Undissolved debris was removed by 
centrifugation at 12,000 g for 15 min using an Allegra 
X-30R centrifuge. Three biological replicates were 
prepared.

Protein mass spectrometry analysis
LC–MS/MS run and peptide identification/quantifi-
cation were performed as described previously [98, 
102]). Briefly, 50 μg of proteins in the P200 fractions 
were digested using trypsin and digested peptides were 
subsequently purified using C18 Micro Spin Columns 
(74–4601, Harvard Apparatus). For each sample, 1 μg 
was analyzed by reverse-phase LC–ESI–MS/MS using a 
Dionex UltiMate 3000 RSLCnano System coupled with 
the Orbitrap Fusion Lumos Tribrid Mass Spectrometer 
(Thermo Fisher Scientific Inc.). The Andromeda search 
engine on MaxQuant (version 1.6.14.0) was used for 
relative protein abundance quantification and protein 
identification [103, 104]. The search parameters were 
as follows: (1) the match between runs function was set 
with a maximum matching time window of 0.7 min as 
default; (2) only proteins identified by a single unique 
peptide were selected; (3) the same reference generated 
for RNAseq was used; (4) label-free quantification was 
selected; and (5) all other parameters were set as default.

Cell wall and polysaccharide extraction
Alcohol-insoluble CW and subsequently the pec-
tin, hemicellulose and cellulose polysaccharides were 
extracted from cotton fiber in triplicate using a modi-
fication of previous methods [36] using the same time 
points sampled above (i.e., 6 to 24 DPA), as per Swami-
nathan et al. [37]. Each cotton boll (stored at −80 °C) was 
thawed until 28 °C, at which point fibers were removed 
using a scalpel and forceps and subsequently placed in 
a tube on ice. Harvested fibers were ground thoroughly 
in liquid nitrogen, and the CW was extracted by using a 
series of organic solvents [36]. From the CW, non-cellu-
losic polysaccharides, such as pectin and hemicellulose, 
were extracted, as previously described [105], using 50 
mM CDTA:50 mM ammonium oxalate (1:1) buffer fol-
lowed by 4 M KOH, respectively. The final cellulose pellet 
(containing a mixture of both amorphous and crystalline 
celluloses) that remained after the 50 mM CDTA:50 mM 

https://www.ebi.ac.uk/Tools/msa/clustalo/
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ammonium oxalate buffer and the 4 M KOH extractions 
was dried, weighed, and analyzed.

Turgor gene identification
Turgor pressures over the developmental timeline were 
estimated by inferring intermediate values based on 
existing measured values [106]. These data were origi-
nally measured by first determining osmolalities [107] 
and converting to MPa using 2.48 MPa per Osm kg−1, 
and then estimating turgor from the difference in osmotic 
and water potential. Measured values [106] include 0.075 
MPa (5 DPA), 0.11 MPa (10 DPA), 0.68 MPa (16 DPA), 
0.28 MPa (20 DPA), and 0.25 MPa (30 DPA). These 
points were used to generate a first order b-spline of 100 
datapoints in the 5 to 30 DPA interval. The values at 6 to 
24 DPA were used as estimates for turgor pressure vari-
ability over the time interval of this study.

Osmolytes involved in increasing turgor were iden-
tified from the literature [106, 108–110]. Arabidopsis 
thaliana genes involved in producing or transporting 
these osmolytes were identified in TAIR [111, 112]. Puta-
tive cotton homologs were identified using the ortholo-
gous groups available on Phytozome v12.1 [99] and were 
assumed to have similar involvement as in A. thaliana.

Candidates from this list of turgor-involved genes that 
were also present in the turgor-associated modules (ME8 
and ME9) were identified. Expression trajectories for 
those 6 genes were extracted from the log-transformed, 

normalized dataset used in WGCNA, and then smoothed 
and plotted in ggplot2.

Results
General description of the data
Gene expression during fiber development was surveyed 
from the early stages of PCW synthesis through the ini-
tiation and maintenance of SCW synthesis (i.e., 6—24 
DPA; Fig.  1). Three replicates were collected for each 
stage, except 20 and 24 DPA where only two replicates 
were recovered. These samples yielded between 1.5 and 
264.6 million (M) reads (mean = 41.2 M, median = 36.4 
M) per sample. Clean reads were mapped to the 74,776 
reference genes, resulting in an average of 55,008 genes 
exhibiting any expression (TPM > 0) across all time 
points, and 34,020 genes expressed at TPM ≥ 1 (Supple-
mentary Fig. 1; Supplementary Table 1).

Notably the number of expressed genes (~ 45 to 74% of 
transcriptome) is generally stable across replicates and 
DPA, with the exception of 14 DPA replicate A (Supple-
mentary Fig.  1). Because 14 DPA replicate A had sub-
stantially fewer expressed genes than the other replicates 
(Supplementary Fig.  1), we removed this sample as a 
potentially early-aborted capsule.

Principal component analysis (PCA) of the expressed 
genes was used to explore patterns in the data (Fig. 2). In 
general, the first axis (PC1; 56% variance) clustered rep-
licates and sequentially separated DPA along a temporal 

Fig. 2  PCA of expression data for cotton fiber sampled daily between 6 and 24 DPA. Each DPA is individually colored and listed, and ellipses 
encompass replicates for each DPA. First and second axes are displayed, accounting for 54% and 9% of the variance, respectively. PC1 generally 
separates samples by time, whereas PC2 likely reflects variation between plants or bolls
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axis (from left to right). A small gap on the primary axis is 
observed between 9 and 10 DPA, which reflects the mid-
dle of elongation via PCW synthesis. Notably, the largest 
gap in the primary axis (PC1) is between 16 and 17 DPA, 
which is at the beginning of the transition stage (~ 16–20 
DPA; [53]). Interestingly, the initial four timepoints (6–9 
DPA) and last six timepoints (19–24 DPA) surveyed 
exhibited little differentiation along the primary axis, per-
haps suggesting relative consistency in expression and/or 
tighter regulation of expression during the stages of early 
elongation and early CW thickening, respectively. The 
seven intervening timepoints (10–16 DPA), which are 
spread out along the primary axis, are correlated with the 
majority of elongation before the transition phase begins.

Gene expression trends across fiber development
Differential gene expression was evaluated for all 74,776 
reference genes for adjacent stages, as summarized 
in Fig.  2, and the top twenty up-regulated and down-
regulated genes are noted in Supplementary Table  2. In 
general, the number of differentially expressed genes 
was equivalent between both subgenomes (i.e., AT and 
DT). Consistent with the aforementioned observation 
of a distinct difference between 16 and 17 DPA samples 
(Fig.  2), the number of differentially expressed genes 
(DEG) between those timepoints was more than an 
order of magnitude greater than most other compari-
sons (11,417 DEG, versus 16—5,562 in other comparison; 

median = 269 DEG, mean = 1,531 DEG; Supplementary 
Table  2), suggesting massive changes in gene expres-
sion correlated with entering the transition stage. Other, 
smaller spikes in DEG number were also apparent in the 
subsequent two comparisons (i.e., 18 versus 17 DPA and 
19 versus 18 DPA), as well as between 22 and 23 DPA 
(Fig. 3). Few sharp increases were seen prior to the transi-
tion phase, save for small increases in DEG between 7—8 
DPA and between 12—13 DPA. Interestingly, despite the 
disjunction between 9 and 10 DPA evident in the PCA 
plot, few genes exhibited significant differences in expres-
sion, suggesting that this apparent disjunction between 
these two DPA is the result of numerous subtle (i.e., not 
statistically significant) changes in gene expression.

On average, the number of genes exhibiting down-
regulation on adjacent days slightly out-numbered up-
regulation (average of 805 versus 726, respectively) across 
the developmental timeline surveyed here. In nearly 
two-thirds of the adjacent DPA contrasts (60%; 11 con-
trasts), the number of down-regulated DEGs at the later 
days outnumbered the number of up-regulated DEGs; 
however, the opposite it true when evaluating patterns 
of differential expression in the context of a timeseries. 
When fit to a continuous model of gene-wise expression 
using ImpulseDE2, the number of genes that transition 
up (Tr-Up; 19,706 genes) or are transiently upregulated 
(Im-Up; 3,402 genes) during this developmental period 
(6 to 24 DPA) outnumbers those that transition down 

Fig. 3  Differential gene expression between adjacent DPA. The number of differentially expressed genes between adjacent DPA comparisons 
is depicted for the time series. The left panel represents all differentially expressed genes, whereas the middle and right panels are parsed as genes 
that are up- or down-regulated in the later DPA, respectively. Colors and line types represent either the number of DEG when considering 
both homoeologs together (green, short dash), the A-homoeolog only (red, solid line), or the D-homoeolog only (blue, long dash)
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(Tr-Down; 14,491genes) or are transiently downregulated 
(Im-Down; 1,871 genes; Fig. 4). The broad classifications 
of genes in these categories are available in (Supplemen-
tary Fig.  2). As defined by ImpulseDE2 (see methods), 
genes in the transition categories either continuously 
increase (TrGene-Up) or decrease (TrGene-Down) their 
expression throughout the sampled time period. The 
19,076 genes in the TrGene-Up category encode: glyco-
side hydrolases with a predicted role in deconstructing 
CW matrix polymers such as those found in the CFML 
[51]; transcriptional regulators of SCW synthesis; poly-
saccharide synthases, including cellulose synthases in all 
six major classes; accessory protein participants in cellu-
lose synthesis; modulators of the microtubule and actin 

cytoskeleton; FASCICLIN-like arabinogalactan proteins; 
hormone response regulators (e.g. auxin, brassinosteroid, 
ethylene, gibberellin, and jasmonic acid); producers and 
scavengers of reactive oxygen species; and many other 
proteins that can be logically associated with cotton fiber 
development (see other text and references in this arti-
cle). The TrGene-Up category also includes homologs of 
many other regulatory and structural proteins that have 
been characterized in cotton or other species (primarily 
Arabidopsis), as well as many uncharacterized proteins.

The transient (or impulse) categories refer to genes 
whose expression profiles exhibit either increased (Im-
Up) or decreased (Im-Down) expression during the 
middle of the time course and relatively lower or higher 

Fig. 4  ImpulseDE2 profiles for developing cotton fibers (6 DPA through 24 DPA). Categories include genes whose expression transition up (up, 
Tr-Up); transition down (down; Tr-Down); impulse up (*up, Im-Up); or impulse down (*down; Im-Down). Colors reflect relative expression levels, 
where blue indicates lower expression and red indicates higher expression. Bars at the top of the diagram indicate the phase in fiber development 
covered by those DPA, i.e., PCW synthesis to support rapid elongation, transitional CW remodeling, and SCW synthesis. Vertical black lines indicate 
the 9–10 and 16–17 DPA gaps from the PCA that also exhibit the most adjacent DPA expression changes
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expression at the beginning and end, respectively. Inter-
estingly, the beginning of the impulse periods (i.e., where 
Im-Up and Im-Down genes change expression) coincides 
with the small disjunction on the PCA between 9 and 10 
DPA and the apex of the impulse period coincides with 
the major shift in gene expression between 16 and 17 
DPA. The latter apex is particularly interesting, as it may 
reflect genes which regulate or participate in the massive 
changes in gene expression observed at the onset of the 
transition phase. Gene ontology (GO) analyses of these 
categories reveal many terms enriched within the Im-Up 
category for both Molecular Function (MF) and Biologi-
cal Process (BP), and comparatively fewer terms for the 
Im-Down category (Supplementary Fig.  2). Among the 
Im-Up genes (i.e., *up; Fig.  4) are genes related to CW 
extensibility [4], which is required for rapid elongation. 
Interestingly, the proportion of transcription factors in 
the Im-Up category (10.1%) is significantly lower than 
found in the Tr-Up category (20.3%, p < 0.01 1-sample 
proportion test) and the proportion of Im-Down tran-
scription factors (17.9%) is significantly greater than that 
found in the Tr-Down category (10.7%, p < 0.01 1-sample 
proportion test).

Interestingly, the time points sampled captured a small 
number of genes whose expression increased sharply 
between 23 and 24 DPA. DEG analysis revealed 201 
genes upregulated at 24 DPA relative to 23 DPA (log2 fold 
change of 0.80—33.34), with 82% of the genes having log2 
fold change > 2.0. Among these include genes that may be 
involved in the dominant process of cellulose deposition 
(see discussion) that begins circa 24 to 25 DPA in cotton 
fiber, including a GTPase protein (Gorai.011G031400, 
both homoeologs), two NAC transcription factors 
(Gorai.006G205300.A and Gorai.003G077700.D), and a 
MYB-like transcription factor (Gorai.001G138800.D).

Construction of a gene coexpression network
Expression relationships among genes were first analyzed 
using coexpression network analysis, which places genes 
into modules based on their correlated expression pat-
terns and summarizes the expression of the genes within 
each module as the eigengene (i.e., the first principal 
component of the module). Approximately 7% (5,237) 
of the 74,446 genes were removed due to zero variance 
across the sampled times. The remaining 69,209 genes 
were placed in 18 modules, referred to as ME0 through 
ME17 (Fig. 5; Supplementary Fig. 3), where ME0 (9,748, 
14.1%) comprises genes whose expression could not be 
assigned to a coexpression module [87]. Interestingly, the 
first two true modules (i.e., ME1 and ME2) each contain 
over 25% of the genes in the network. ME1 comprises 
22,583 genes (32.6%) and exhibits an eigengene profile 
consistent with increased expression over time (Fig.  5; 

Supplementary Fig. 3). Intersection between ME1 and the 
Tr-Up category of differential expression (above) reveals 
16,705 genes from ME1 are also contained within that 
category (Supplementary Table 3), representing 87.6% of 
the Tr-Up genes and 74.0% of ME1 genes. Complement-
ing ME1, ME2 (18,919 genes; 27.3% of network) exhibits 
an eigengene profile consistent with decreasing expres-
sion over the time series. Similar to ME1, a majority of 
Tr-Down genes (12,991 genes, or 89.7%; Supplementary 
Table 3) are contained within ME2, comprising 68.7% of 
the total genes in ME2. Notably, the expression profiles 
of the eigengenes for these first two modules exhibit axial 
flips between 16 and 17 DPA (Supplementary Fig.  3), 
reflecting both the disjunction observed in the PCA and 
the major shift in gene expression exhibited in the time 
series differential expression analysis.

Both ME1 and ME2 also contain relatively high pro-
portions of the Im-Up and Im-Down genes (Supplemen-
tary Table 3). ME1 contains 26.4% (899 out of 3,402) of 
the Im-Up genes and 21.4% of the Im-Down genes (400 
out of 1,871), while ME2 contains 10.9% (370 genes) and 
42.7% (798 genes), respectively. Although this represents 
37.3—64.0% of genes contained within each impulse 
category, these genes represent only about 2—4% of the 
total genes in each module (Supplementary Table  3). 
While the expression trajectories of these transiently 
expressed/suppressed genes may not directly correspond 
to the module eigengene expression trajectory, their 
inclusion in these modules may indicate their participa-
tion in the general increase or decrease in expression of 
these modules.

The remaining modules (ME3—ME17) contain far 
fewer genes (7,177 to 143, respectively), of which 12 
modules are significant with respect to development 
(p < 0.05; anova `ME ~ sample`; Fig.  5). Notable among 
these are ME8 (766 genes) and ME9 (531 genes), both of 
which contain a relatively high proportion of the Im-Up 
genes (~ 13% each) relative to the remaining modules 
(except ME1; Supplementary Table 3). In both modules, 
more than half of the genes are assigned to the Im-Up 
category (ME8: 450 genes, 58.0% and ME9: 443 genes, 
83.4%), which is reflected in their eigengenes, which 
start with low expression, peak in the middle of the time-
series, and then exhibit declining expression in the later 
time points; no Im-Down genes are detected in this cate-
gory. This pattern is particularly apparent in ME9, which 
exhibits a sharp increase in expression between 9—12 
DPA and a sharp decline between 16—19 DPA, and 
notably coincides with the fiber developmental periods 
encompassing rapid elongation and attenuation of elon-
gation, respectively.

Three additional, consecutive modules (i.e., ME12-14) 
exhibit a high proportion of genes that are considered 
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Im-Up or Im-Down (Supplementary Table  3), which is 
also somewhat consistent with their eigengene profiles 
(Fig. 5; Supplementary Fig. 3). Of those three, ME13 and 
ME14 have the greatest number of genes in the model 
that are Im-Up (i.e., 48.2% and 49.8% of module genes, 
versus 33.9% in ME12), and contain no genes that are 
considered Im-Down (as was observed for ME8 and 
ME9). Conversely, ME12 contains proportionately fewer 
Im-Up genes along with a small number of Im-Down 
genes (24; 6.1% of genes in module); however, the eigen-
gene trajectory in ME13 is more similar to ME12 than 
it is to ME14. That is, both ME12 and ME13 exhibit an 

increase in eigengene expression starting around 13 DPA 
that subsequently plummets at ~ 23 DPA. ME14 exhibits 
a dissimilar profile (i.e., increasing steadily from 6 DPA 
followed by a sharp decline at 19 DPA) to both of these, 
suggesting that it may reflect a different aspect of fiber 
development.

With respect to the remainder of the Im-Down cat-
egory genes, fewer modules (aside from ME1 and ME2) 
exhibit a relatively high number of these genes rela-
tive to the abundance in other modules (Supplementary 
Table  3). Interestingly, ME0 (i.e., unplaced genes) con-
tains the third greatest number of Im-Down genes after 

Fig. 5  Eigengene expression for coexpression modules derived from cotton fibers developing in stages, as indicated at the top. Modules are listed 
in numerical order, and modules significantly associated with development are noted with and * and in bold. Colors represent the relative module 
eigengene expression, and box size represents the standard error (SE), where larger boxes represent eigengene expression values with low SE. Fiber 
development stages are noted at the top, and the division between 9 versus 10 and 16 versus 17 DPA are noted by vertical lines
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ME1/ME2, perhaps indicating a role for some of these 
genes that is unclear from the current coexpression anal-
ysis. After ME0, ME4 and ME6 contain the most genes 
from the Im-Down category (ME4 = 157 and ME6 = 114), 
comprising 7.5% and 6.4% of the genes contained within 
each module, respectively. The eigengene for ME4 (Fig. 5, 
Supplementary Fig.  3) exhibits a transient-like pattern 
of expression, exhibiting a marked reduction between 
13 and 18 DPA after which it sharply increases before 
tapering to 24 DPA. ME6, on the other hand, exhibits 
low expression until about 22 DPA, where it displays a 
sharp peak between 22 and 24 DPA, potentially indicat-
ing genes important for SCW synthesis, although the 
standard error for these DPA is high. Nevertheless, 243 
genes from ME6 also exhibit significant DE between 22 
and 23 DPA, most of which are classified as Tr-Up (226 
genes). GO annotations for these genes are diverse, relat-
ing to metabolic processes (e.g., lipid, carbohydrate, and 
cellular), stimulus/stress response, etc.

Correlations between coexpression modules 
and measured phenotypes
We correlated module eigengenes with phenotypic data 
gathered from the same accession (i.e., G. hirsutum cv 
TM-1) across the same developmental period (Fig.  6; 
Supplementary Table 4; [37, 113]). As expected from the 
large number of genes present in the first two modules 
(22,583 and 18,919 genes, respectively) and the highly 
canalized nature of fiber development, most traits were 
significantly correlated (or inversely correlated) with 
those modules. Those molecules that contribute to 
CW development (e.g., encode genes involved in pec-
tin, hemicellulose, and cellulose biosynthesis; [37]) were 
strongly positively correlated with ME1, which increases 
in expression over development and strongly negatively 
correlated with ME2, which decreases over time (Fig. 6). 
Likewise, fiber length [113] was strongly positively cor-
related with ME1 and negatively with ME2; however, 
these two traits also exhibit relatively strong, significant 

Fig. 6  Associations between coexpression modules and phenotypes. Modules are listed on the left, and phenotypes are listed at the bottom. 
Pectin, hemicellulose, and crystalline cellulose are measured as mg per boll, as per Swaminathan et al. [37], and fiber length is measured as mm, 
as per Wilson et al. [113]. Turgor is interpolated from Ruan et al. [106], as described in the methods. Positive (red) and negative (blue) correlations are 
noted, and significant correlations are listed in each box
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correlation with ME8 as well. As expected by the enrich-
ment of Im-Up genes in this module, ME8 expression is 
impulse-like (Supplementary Fig. 3), whereby expression 
starts low, peaks at around 15 DPA, and then decreases 
again. GO analysis of the 776 genes in this module 
reveals glycosyl hydrolases, oxidoreductases, and peroxi-
dases (Supplementary Fig. 4), which are all important for 
elongation.

Interestingly, turgor pressure exhibited strong correla-
tions with different modules than the rest of the traits. 
Ruan and coworkers [106] used experimental data to esti-
mate turgor values in 5, 10, 16, 20, and 30 DPA, which 
represented early, mid-, and late-elongation (5 – 16 DPA); 
transition or early SCW synthesis (20 DPA); and mid-
SCW synthesis (30 DPA). For precise correlations with 
our daily transcriptome data, we interpolated the data to 
cover 6 – 24 DPA, which showed a gradual increase from 
6 – 16 DPA (Supplementary Table 4). Although the inter-
polated data may be overly smoothed, there was a grad-
ual increase to the peak at 16 DPA (0.67 MPa), followed 
by a decline through 20 DPA (0.28 mPa) and sustaining 
of similar values thereafter. Although turgor pressure is 
somewhat positively correlated with ME1 (r2 = 0.4) and 
negatively correlated with ME2 (r2 = −0.48), stronger cor-
relations were seen for ME8 (r2 = 0.9), followed by ME9 
(r2 = 0.62) and ME13 (r2 = 0.54). Like ME8, ME9 and (to 
a lesser degree) ME13 exhibits impulse-like behavior, 
peaking between 13–16 DPA for ME9 and at 17 DPA for 
ME13. Although the present correlations leverage previ-
ously established turgor measurements for related (albeit 
nonidentical) materials, the strong correlations observed 
here suggest that evaluating turgor in the context of fiber 
development may provide additional insights into fiber 
development not typically captured by the standard fiber 
morphological measurements.

Construction of a crowd network
Because gene network inference algorithms are known 
to exhibit biases [114], we used Seidr [89] to generate 
a crowd network employing 13 algorithms (see meth-
ods), including the high performing GEne Network 
Inference with Ensemble of trees (GENIE3; [115, 116]) 
and Weighted Gene Coexpression Network Analy-
sis (WGCNA). This network was aggregated using the 
inverse rank product [89, 90], resulting in 2.8 billion 
(B) edges (30%, or 0.85 B, “directed” edges) between all 
74,446 nodes (genes) that exhibit variation among time-
points. Among these, 21,227 undirected and 15,996 
directed edges connect nodes representing homoeologs. 
Since this dense network is composed of both “noisy” 
edges and those that represent core interactions, we cal-
culated the network backbone to retain only those edges 
that represent the strongest connections for each node 

[89, 91]. Employing a 90% confidence interval reduced 
the number of edges over 500-fold to 5.1 million (M), 
which was further reduced to 2.2 M under a 95% confi-
dence interval (see methods). Among these 2.2 M edges, 
the edge direction (i.e., which member of each pair of 
adjacent genes operates upstream of the other) is known 
for 721,101 edges (versus 1.5 M undirected edges). 
Despite the massively duplicated nature of this poly-
ploid network, < 1% of surviving edges (10,761) connect 
homoeologs; however, just over half of those (5,422) of 
those are considered directed.

We compared these 2.2 M backbone edges to the 
WGCNA-generated coexpression modules by first clus-
tering the edges of the overall graph using two different 
algorithms, i.e., Louvain and InfoMap, which produced 
188 and 1971 clusters, respectively. By overlapping these 
clusters with the WGCNA modules, we were able to 
place genes into 6,519 high confidence groups represent-
ing genes which are both placed within the same mod-
ule and cluster using both algorithms. From these 6,519 
groups, slightly less than half (3,094; or 47%) contain at 
least 1 edge (max: 118,932 edges and 2540 nodes), and 
possibly represent groups of genes that comprise small 
subdivisions of the broader gene network (Supplemen-
tary Table 5). As expected, the three largest clusters are 
derived from ME1 (1,500–2,540 genes each out of 22,583 
genes total); however, the next largest clusters are not 
derived from ME1 or ME2 (module membership: ~ 20 
k genes each) but are rather formed from genes placed 
in ME4 (1,438 out of 2,100 genes) and ME5 (1,298 out 
of 1,833 genes), the latter module which is notably not 
significant with respect to development. ME4, however, 
exhibits an eigengene profile consistent with Im-Down 
between 13 to 18 DPA, a pattern also consistent with the 
relative abundance of genes exhibiting transient down-
regulation expression profiles. While the average and 
median number of genes per group is relatively low (16 
and 3, respectively), 73 groups contain more than 100 
genes (average = 424 genes; median = 214) connected by 
at least 113 edges (average = 11,408; median = 1,620).

Because gene regulatory networks provide insight 
into the regulatory hierarchies among genes, we isolated 
those 850 M edges representing the directed gene expres-
sion network from the broader crowd network for fur-
ther analysis. From the top 10% of these edges (i.e., 8.5 M 
edges), few edges (7,330 or 0.09%) link homoeologs, most 
of which (5,422 or 74%) are retained in the network back-
bone described above. Louvain and Infomap clustering of 
these 8.5 M is similar to the above in that Infomap pro-
duces far more clusters (626) than Louvain (5); however, 
this clustering is notable in the small number of Louvain 
clusters (5), two of which together contain nearly 92% of 
genes (Louvain cluster 1 = 35,619 genes, or 48%; Louvain 
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cluster 3 = 32,735 genes, or 44%). When the composition 
of these clusters is merged with each other and the mod-
ule designations by WGCNA, it results in 2,206 cluster-
groups (Louvain-Infomap-WGCNA), approximately 
one-third the number of cluster-groups in the backbone 
that includes both directed and undirected edges. These 
clusters (Supplementary Table 1; Supplementary Table 5) 
represent the most confident directed associations 
among genes in this dataset.

Phenotypic association between cellulose content 
and gene regulatory networks
Cellulose deposition in plant cells, including cotton fib-
ers, is a tightly coordinated process driven by cellulose 
synthase complexes (CSC; [38]). Because mature cotton 
fibers are predominantly composed of cellulose, the ori-
entation of cellulose microfibrils and the amount of cellu-
lose deposited in the SCW are major determinants of key 
fiber properties (e.g., length and strength). As expected 
from the integral role of cellulose, crystalline cellulose 
accumulation (as measured in [37]) is significantly asso-
ciated with nearly half (8) of the 17 coexpression mod-
ules (Fig. 6). Also as expected, cellulose accumulation is 
most strongly positively correlated with ME1 and most 
strongly negatively correlated with ME2, the two most 
gene-rich modules in the coexpression network; how-
ever, a strong positive correlation (0.65) was found with 
the 1,784 genes comprising ME6 and a strong negative 
correlation (−0.74) was found with the 283 genes com-
prising ME14. ME6 exhibits generally low expression 
until around 22 DPA, where it increases rapidly. This 
module (ME6) notably contains two CesA interacting 
genes (i.e., a KORRIGAN1-like, KOR1, and a COM-
PANION OF CELLULOSE SYNTHASE3-like, CC, gene; 
Gorai.003G089600.A and Gorai.005G256100.D, respec-
tively), which are involved in cellulose synthesis [117].

Phylogenetic analysis of the annotated cotton 
homoeologs with existing cellulose synthase A (CesA) 
homologs from Populus trichocarpa [72, 97] and other 
species revealed 24 G. hirsutum CesA genes related to 
PCW and 12 related to SCW (Supplementary Fig.  5; 
Supplementary Table  6). Due to strong conserva-
tion of CesA families in vascular plants, expression 
of CesA genes can be broadly partitioned into three 
major isoform classes each that are expressed during 
PCW (CesA1, 3, 6 or 6-like) or SCW synthesis (CesA4, 
7, 8), assuming the 10-member CesA family of Arabi-
dopsis as the canonical reference point [118]. Genome 
duplication in G. hirsutum has fostered expansion of 
the expression set for most of the major CesA classes, 
while also resulting in a non-canonical expression pat-
tern during PCW synthesis for CesA8-A homologs. We 
observed that the three canonical PCW CesA classes 

typically maintain relatively even expression through-
out, which may correlate with sampling ending early 
in SCW synthesis. In contrast, representatives of the 
three major SCW CesA gene classes, which co-function 
during SCW cellulose synthesis, are all expressed at a 
low-level beginning at 13 DPA followed by increasing 
expression during the transition stage and the onset of 
SCW synthesis. In an exception, there is a decrease in 
expression for both homoeologs of CesA8-A, as noted 
previously [53, 119], which may indicate that only the 
CesA8-B paralog fulfills the canonical role in SCW 
synthesis at DPA. In most cases (i.e., CesA7-B, CesA8-
A, CesA8-B), the maternal and paternal homoeolog 
expression profiles were similar within gene; the sole 
outlier (Fig.  7), paralog CesA7-A (Gorai.001G04470), 
exhibited both comparatively reduced expression in the 
A homoeolog, as well as a delayed increase in expres-
sion (+ 5 DPA) that peaked at the same time as the rest 
of the SCW paralogs (~ 20 DPA).

We explored the gene-to-protein expression connec-
tion for these genes by comparing the abundance of 
CesA proteins in the membrane-associated (P200) frac-
tion to the transcriptional data for the same DPA pro-
filed here, which detected several secondary wall CESAs 
from fiber cell extracts (Fig. 7). Of the 36 CesA homoe-
ologs, all but two (i.e., putative paralogs CesA6-E-At and 
Dt; see Supplementary Table  1) exhibited measurable 
gene expression (Fig.  7) and in all cases both homoe-
ologs were distinguishable in the gene expression data. 
Due to the challenges of protein identification, however, 
only a subset of those genes were quantifiable via mass 
spectrometry (16, typically SCW-related; Fig.  7; Sup-
plementary Fig. 6), most of which were ambiguous with 
respect to homoeolog of origin (all but CesA-8A and 
CesA-8B). All of the quantifiable proteins were derived 
from the membrane-associated (P200) fraction, which is 
expected due to the multiple transmembrane domains 
present in CesAs [120]. Notably, the demonstrated pres-
ence of CesA8 proteins during PCW synthesis points to 
the need for future research to understand their specific 
function at this time (see [121] for a review of less com-
mon potential roles for CesA8 orthologs in other species 
and tissues).

Overall, protein expression profiles for SCW cellu-
lose synthase subunits were generally consistent with 
their corresponding gene expression profiles, albeit with 
approximately a 2–3 day difference in expression peaks 
(Fig.  7; Supplementary Fig.  6). Abundance profiles for 
GhCESA4-B, GhCESA7-A/B, and GhCESA8-B proteins 
were similar to their respective transcripts (Fig. 7), being 
first detected at ~ 16 DPA and exhibiting a 2–3 day lag 
relative to their transcripts. These preliminary results 
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provide a foundation for further exploration of CesA 
transcript-protein associations during fiber development.

We further compared the expression among CesA 
isoforms by considering putative regulatory elements 
involved in CesA gene expression. Using only the 
directed edges from the Seidr crowd network, we found 
putative known transcription factors [122] for 7 genes 
(10 homoeologs), representing ~ 41% of expressed CesA 
genes (~ 30% of CesA homoeologs; Supplementary 
Table 7). For 6 of the 10 homoeologs, only one transcrip-
tion factor was directly connected to that gene (3 each for 
PCW and SCW synthesis); however, for the remaining 
4 homoeologs (3 SCW, 1 PCW), between 2–9 putative 
transcription factors of varying scores and ranks were 
directly connected to those genes. For the PCW CesA, 
putative transcription factors were found for the homoe-
ologs GhCESA3-C-At and GhCESA3-C-Dt, although 

interestingly by transcription factors from different 
classes (Myb and ARF, respectively; Supplementary 
Table  7), both of which function in fiber development 
[57, 123]. The other two PCW genes (GhCESA3-B-Dt 
and GhCESA6-B-At) are putatively regulated by DOF 
(DNA-Binding with One Finger) transcription factors, 
the latter of which has multiple candidate transcription 
factors from diverse families (Supplementary Table  7). 
Slightly more putative regulators were found for the SCW 
genes, likely because the onset of PCW was not sampled 
here. A single putative TF regulator was associated with 
GhCESA4-A-At, GhCESA4-A-Dt, and GhCESA4-B-Dt, 
i.e., a TALE TF (Gorai.003G156000.D; Supplementary 
Table  7 [124, 125]), that rapidly increases in expression 
beginning around 10 DPA (Tr-Up). Putative regulators 
for the other subunits were found only for GhCESA7-B-
Dt and GhCESA8-B (both homoeologs), each of which 

Fig. 7  Gene and protein expression for 36 CESA genes across cotton fiber development. CESA homologs that function in primary and secondary 
wall synthesis (PCW and SCW) are shown. DPA are given across the top and bottom, and key timepoints are noted in vertical black lines. 1. Gene 
expression trends for CESA homoeologs for the A and D genomes. 2. Abundances of CESA proteins isolated from the membrane-associated 
fraction (P200). Expression for genes and proteins not detected here were rendered with gray background color. The proposed G. hirsutum CESA 
nomenclature and clades are summarized in Supplementary Fig. 5 and Supplementary Table 6
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had more than one potential TF, sometimes from diverse 
families. GhCESA7-B-Dt, for example, was associated 
with 7 possible regulators, including one GATA, two 
Myb, three NAC, and one TALE TF, with the strongest 
association (highest ranked edge) connecting GhCESA7-
B-Dt to the Myb Gorai.004G138300.D (Supplementary 
Table  7). Likewise, GhCesA8-B-Dt was associated with 
5 possible regulators, including one Dof, two Myb, and 
two TALE TF, with the strongest association with the 
TALE Gorai.004G206600.A (Supplementary Table  7). 
For GhCesA8-B-At, however, there were only two candi-
date TF, both of which were from the C2H2 family and 
one of which (Gorai.008G178000.D) exhibited a stronger 
association.

To understand the position of the SCW cellulose syn-
thase homologs in the context of the broader gene regu-
latory network (GRN), we explored a subset of the crowd 
network enriched for the strongest associations between 
those cellulose synthases and neighboring genes. This 
strict filtering criteria (see methods) resulted in three 

subnetworks, a main subnetwork containing representa-
tive homologs for each SCW cellulose synthase isoform 
(i.e., CesA4, CesA7, CesA8; Fig.  7, hereafter SCW sub-
network) and two smaller subnetworks that contained 
only the GhCesA4-A homoeologs or only GhCesA8-B-
Dt, both of which were less strongly connected to the 
larger subnetwork, given our filtering criteria (Fig. 8). The 
large subnetwork contained 3 CESA7s, 2 CESA4s, and 1 
CESA8, consistent with the cofunction of the encoded 
proteins in SCW cellulose synthesis. Both homoeologs 
of GhCESA4-B are adjacent and linked in the network, 
occupying a somewhat central location. Notably, some 
of the putative cellulose synthase transcription factors 
mentioned above were not present in this subnetwork, 
likely due to the limited strength of their connections. 
As expected, several genes that are closely linked to the 
SCW CesA genes have been previously noted for their 
importance to fiber development. For example, a FAS-
CICLIN-like arabinogalactan (FLA) precursor is adja-
cent to GhCESA8-2-At, as is a KOR1-like protein, both 

Fig. 8  SCW-related CesA subnetwork with neighboring genes. Red circles indicate A homoeologs and green indicate D homoeologs. Further 
information regarding nodes can be found in Supplementary Table 8 and edge information can be found in Supplementary Table 9. Abbreviations 
beginning with “Gh” are predicted homologs to the given gene (e.g., “GhCESA4” is homologous to CESA4 from other plants); abbreviations 
not beginning with “Gh” represent the closest gene annotation, as per [72]
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of which have been associated with SCW synthesis, 
but with unproven specific roles so far [117]. Another 
FLA-like protein is proximal to GhCESA7-B-Dt, as are 
a pectin-lyase and a O-glycosyl hydrolase (GH17) gene, 
which likely encode enzymes participating in cleavage 
of CW polymers. Different genes appear adjacent to the 
A-genome homoeolog for GhCESA7-B, including a gene 
for xylan side-chain synthesis (GhXAT-2) and a micro-
tubule-associated protein (MAP65-like), the latter of 
which also appears to be influenced by GhCESA7-A-Dt 
and both homoeologs of GhCESA4-B. In addition, both 
GhCESA4-B homoeologs are also linked to previously 
noted CW genes such as another FLA, a beta-6-tubulin 
(TUB6), and a reduced wall acetylation gene (GhRWA1-
4). Each of these observations has relevance to CW thick-
ening and other transition stage events, as discussed 
below.

Phenotypic association between turgor pressure and gene 
interactions
Although high turgor pressure is implicated in rapid 
elongation of cotton fibers [106, 126, 127], few genes have 
been identified that may contribute to changes in turgor 
during fiber development [106, 128]. Although we used 
previously established turgor measurements, we still find 
strong associations between turgor and several mod-
ules that exhibit transient expression patterns, which is 
perhaps unsurprising given the transient nature of high 
turgor pressure in driving fiber elongation. Estimated 
values for turgor pressure were most significantly asso-
ciated with ME8 (Fig.  5) in which gene expression was 
highest at 15 DPA followed by a gradual decline through 
24 DPA. A total of 776 genes are in ME8, including two 
with functional annotations related to turgor (i.e., a 
SWEET-like gene (Gorai.003G074400.D) and a PIP-like 
gene (Gorai.002G198900.D)), both with Im-Up expres-
sion patterns similar to the module. There were four 
genes with functional annotations related to turgor in 
ME9, which contained 531 genes. ME9 generally con-
tains genes with high expression at 13—16 DPA followed 
by a sharp decline. These ME9 turgor-related genes 
are: a PIP-like gene (Gorai.006G181300.A), a SWEET-
like gene (Gorai.003G074400.A), a SUT/SUC-like gene 
(Gorai.010G030700.A), and a bHLH transcription factor 
(Gorai.010G147100.A). As with the two ME8 genes, these 
genes are considered ImUp, exhibiting increased expres-
sion during the intermediate stages and often showing 
peak expression before 15 DPA when elongation begins to 
slow down (Fig. 9). Notably, the K + transporter GhKT1 
(here, Gorai.012G142000.A and Gorai.012G142000.D) 
originally noted by Ruan et  al. [106] was not found 
within either of these modules, but rather in ME2 where 
it exhibits expression that transitions down (considered 

Tr-Down by ImpulseDE2), congruent with observations 
in Ruan et al. [106]. A different K + transporter was iden-
tified in ME8 (Gorai.009G292800) that was also classi-
fied as Tr-Down, and two additional K + transporters 
(Gorai.012G082500.A and Gorai.012G082500.D) were 
identified in ME9, although their expression trend was 
not described by ImpulseDE2. See discussion for further 
interpretation of these and other genes relevant to turgor 
from this module.

Discussion
Cotton fiber development entails complex and intricate 
biological processes encompassing diverse biochemical 
pathways and transcriptional networks that collectively 
orchestrate the transformation of newly differentiated 
fiber initials into mature, elongated fiber cells composed 
primarily of cellulose. Because of its agronomic impor-
tance, understanding the processes that underlie fiber 
development and how they influence the mature fiber 
phenotype has been the subject of decades of research. 
Growth in our understanding of fiber developmental 
processes has emerged from a great diversity of molecu-
lar genetic and genomic studies, ranging from forward 
genetic analyses of individual genes to large population 
GWAS studies encompassing multiple accessions. This 
wealth of prior research has provided a foundation for 
and motivated the present study, in which carefully con-
trolled conditions were used to constrain experimental 
and environmental variability. In addition, we used high-
dimensionality coexpression and time-series analysis 
entailing daily sampling of the developing fiber transcrip-
tome to further illuminate the fine-scale molecular basis 
of fiber development during key stages from early fiber 
elongation to early CW thickening and associated key 
fiber modules with important cotton fiber phenotypes.

A striking demonstration of the complexity of cot-
ton fiber development is encapsulated in our observa-
tion, initially hinted at over 15 years ago using the less 
refined technology of the day [129], that a majority 
of the ~ 70,000 genes (74%) in the cotton genome are 
expressed in at least one time point in the develop-
ing cotton fiber. In general, the transcriptome samples 
generated here are arrayed along PC1, which divides 
samples almost linearly according to DPA. Notably, 
our daily transcriptomic analysis between 6 – 24 DPA 
diagnosed major, known, aspects of cotton fiber mor-
phogenesis that were hinted at previously but with 
less temporal resolution. Although prior studies of 
fiber development in growth chambers or greenhouses 
have varied in the accession(s) analyzed and the pre-
cise growing conditions, there is broad agreement that 
the transition stage begins at about 14–17 DPA [10, 
36, 53, 67, 119]. Notably, these same days were among 
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the most dynamic in our analyses (Figs. 2, 3, and 4), as 
indicated by numbers of differentially expressed genes. 
A genomically global demarcation in gene expression 
(11,417 DE genes) occurs between 16 – 17 DPA (Fig. 2), 
when the multi-dimensional cellular events character-
izing the transition stage are beginning [5]. Both the 
number of upregulated and downregulated genes are 
approximately an order of magnitude greater between 
16 and 17 DPA than between any other two adjacent 
DPA. This impressive and sharp transcriptional demar-
cation underscores the genome-wide complexity and 
coregulation of many thousands of genes and their dis-
tinctions before and after this transition. Collectively, 
these data point to this surprisingly brief develop-
mental window as being promising for future insights 

into the gene regulatory networks and their molecular 
genetic and chromatin level controls that are key to 
establishing the SCW synthesis machinery responsible 
for the development of cotton fiber, and perhaps for its 
agronomic improvement.

More subtle cellular changes are also revealed by dif-
ferences in gene expression on adjacent days, noted 
either by PCA or by adjacent DPA contrasts (Figs. 2, 3). 
A demarcation in gene expression (105 DE genes) occurs 
between 9 and 10 DPA (see the gap in PC1, Fig. 2), when 
the highest rate of fiber elongation occurs (although the 
majority of length increase occurs afterwards; [130]). At 
this time, changes also occur in the plasmodesmata that 
symplastically connect the fiber to the seed. Specifically, 
at ~ 10 DPA the plasmodesmata become impermeable 

Fig. 9  Expression trends for notable genes in ME8 and ME9 with putative relevance to turgor pressure. Genes are partitioned by family, and all lines 
are labeled except for the potassium transporters (upper left graph), which are distinguished by color. Graphs begin from the initial time point (6 
DPA) and continue through the last sampled time point (24 DPA). Intermediate DPA are noted at the bottom of the graphs
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and structurally begins to switch to a branched form 
prior to reopening at ~ 16 DPA. This change was hypoth-
esized to allow turgor to increase and drive the main 
phase of fiber elongation [106]. At the same time, ana-
lyzing gene expression changes in the context of a time 
series revealed expression differences too subtle to be 
statistically significant in adjacent DPA contrasts. This 
revealed an interesting difference: although adjacent DPA 
contrasts (as described above) suggest an overall excess of 
downregulated genes, the number of genes that increase 
expression (slowly or rapidly) during the time series is 
greater than the number of genes that decrease expres-
sion. This difference highlights complementary analyses 
afforded by daily sampling and suggests that expression 
may increase more slowly, but decline more rapidly, for 
many of the genes in this key developmental transition. 
Conceptually, this is consistent with the deposition of 
nearly pure cellulose into the SCW after the transition 
stage.

Remarkably, our coexpression analysis partitions nearly 
60% of genes into two primary modules reflecting a 
transcriptionally global synergistic coordination for the 
singular purpose of fiber CW biosynthesis. These two 
modules, ME2 and ME1, reflect the major processes of 
PCW synthesis (to facilitate fiber elongation) and SCW 
synthesis (to facilitate fiber thickening). Correspond-
ingly, ME2 gene expression generally decreases over 
time, whereas ME1 gene expression generally increases. 
ME1 contained the greatest number of genes (22,583) 
with high expression typically beginning at 17 DPA as 
CW thickening begins. Conversely, ME2 with the second 
greatest number of genes (18,919), showed decreasing 
expression through 17 DPA when elongation was ending. 
This genome-wide, massive transcriptomic rewiring has 
few if any precedents in plant biology and begs the ques-
tion whether other terminally differentiated cell types 
experience comparable dynamism, or if this property of 
plant CW development will be discovered to be more 
common for other cell types.

Although general expression and module association 
with phenotypes indicates that the fiber transcriptional 
network is committed to cellulose production during 
the surveyed timeframe, expression of secondary cell 
wall CESA genes peaked at around 20 DPA, diminish-
ing shortly thereafter. This result mirrors those from the 
other cultivated allopolyploid cotton species, G. bar-
badense (Pima cotton), whose developmental timeline is 
similar albeit with a longer elongation phase [53, 67, 131]. 
In previous research, gene expression of CW-related 
genes in G. barbadense peaked at 25 DPA [132], some-
what later than here, although the authors also note that 
other data demonstrated upregulation of CESA genes 
at 18 and 28 DPA [53]. Given these differences in CESA 

transcription between species and between studies, it 
will be of interest to compare the transcriptional pro-
gram utilized for fiber development in G. hirsutum to G. 
barbadense using a similarly controlled and temporally 
dense sampling of fibers in the latter species as imple-
mented here for the former. This comparison is likely to 
reveal both commonalities and differences in transcrip-
tional modular deployment, thereby offering possible 
insight into the important phenotypic traits that distin-
guish these two important crop species. Likewise, addi-
tional sampling is required to further refine the profile of 
SCW CESA transcription versus translation. At the pro-
tein level, SCW CESA subunit production peaks approxi-
mately 2 days later, suggesting that post-transcriptional 
and/or translational control may influence the timing and 
accumulation of CESA subunits in developing cotton fib-
ers. We note that the longevity of both the mRNA and 
protein for each SCW CESA isoform was not captured in 
the present timeline, requiring additional sampling dur-
ing later timepoints to estimate persistence of each in the 
cell.

The genes encapsulated by the sharp transcriptional 
change between the last sampled DPA (i.e., 23 and 24 
DPA) also hint at gene expression changes underlying 
the switch to massive cellulose production. These final 
sampled DPA correspond to: (a) the highest rate of dry 
matter accumulation beginning at 24–25 DPA in cot-
ton fiber in this and other studies [36, 131]; and (b) 
about 50% (w/w) crystalline cellulose in G. hirsutum var 
TM-1 fiber cell walls by this time, as observed in the cur-
rent work and previously [133]. Consistently, spectro-
scopic analyses show that cotton fiber cellulose begins 
to exhibit greater self-aggregation around this time [133, 
134], which is correlated with its progressively increasing 
proportion in the SCW [40]. Genes encoding regulatory 
proteins that were upregulated in this last surveyed time 
period were predicted to be positive regulators of mainly 
cellulose synthesis, which characterizes the final stage of 
cotton fiber SCW deposition through about 45 DPA.

These last two time points sampled (24–25 DPA) are 
followed developmentally by streamlined cellulose pro-
duction in cotton fiber, in which cotton fiber diverges 
from other plant SCWs to achieve about 95% cellulose 
content at maturity. This developmental divergence 
among species is important from fundamental and 
applied viewpoints; therefore, we highlight genes upreg-
ulated at the end of the sampled time series (23 DPA 
versus 24 DPA) that could logically encode positive regu-
lators of cellulose deposition and be candidates for future 
research. Two alleles of GhRAC13 (Gorai.011G031400.A 
and Gorai.010G242900.D; a small, signaling, GTPase pro-
tein; see [135] for the meaning of RAC) are upregulated 
between 23 and 24 DPA, which could result in activation 
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of NADPH oxidase and, consequently, an increasing con-
centration of H2O2 that stimulates CW thickening [136, 
137]. NAC transcription factors, all of which contain a 
conserved N-terminal NAC domain [138], are also likely 
to be important. Two NAC alleles (Gorai.006G205300.A 
and Gorai.003G077700.D) that resemble NST1/SND1 
in other species are significantly upregulated at 24 DPA 
and are able to activate SCW synthesis [53, 119]. An 
allele of another high-level SCW transcription factor 
(Gorai.001G138800.D, resembling MYB83/AT3G08500; 
see [139] for the meaning of MYB) is also significantly 
upregulated at this final timepoint. In primary xylem and 
wood, these transcription factors and others downstream 
regulate the synthesis of cellulose and other SCW com-
ponents [140, 141]; however, MYB46, an ortholog of the 
MYB83-type transcription factor upregulated here, can 
directly bind to the promoters of SCW CESAs and upreg-
ulate crystalline cellulose content when over-expressed in 
Arabidopsis [142]. We suggest that the upregulation of 
apparent orthologs of NST1/SND1 and MYB83, along 
with other direct regulators such as RAC13, may under-
lie the dominance of cellulose synthesis in cotton fiber 
after 24 DPA. Notably, putative orthologs of other SCW 
transcription factors, as inferred from studies of primary 
and secondary xylem in various species, are expressed in 
cotton fiber later in developmental time [53, 119], which 
highlights the value of the day-by-day sampling leveraged 
in this study that captured the first apparent day of tran-
scriptional change to support mainly cellulose synthesis. 
Further exploration of gene expression changes demar-
cating these latter DPA, including transcription factors 
and regulatory genes, and their associations within the 
GRN underscores the usefulness of this dataset in further 
exploration of how the synthesis of other typical SCW 
polymers is downregulated, enhancing our prior insights 
into how cotton fiber has no or very low lignin [53, 119].

Insights into phenotype via network analysis
Network analysis provides the opportunity to gain 
insight into the gene relationships that underlie phe-
notypes. While the spatiotemporal dynamics of several 
polysaccharides are important for conferring properties 
relating to fiber quality, we focus here on cellulose accu-
mulation during SCW. The primary GRN that contains 
representatives of all three main classes of SCW cellu-
lose synthases (CESA4, CESA7, and CESA8; Fig.  8) is 
broadly relevant to events occurring during the transi-
tion stage between PCW and SCW synthesis in cotton 
fiber. Most of the genes in the GRN have increased or 
sustained expression during the transition stage. Pre-
dictions from the function of Arabidopsis homologs 
support the association of known processes with the 
SCW CESA GRN. Beyond the increased expression 

of SCW CESAs, an essential gene for cellulose syn-
thesis, KOR1 (Gorai.010G143300.D, AT5G49720.1) is 
network-adjacent to GhCESA8-2-At. The glucanase-
like KOR1 protein interacts with the active cellulose 
synthase complex (CSC) during cellulose microfibril 
formation, although its function in  vivo is unknown 
[38]. Increased cellulose synthesis requires more CSCs 
to be exported to the plasma membrane, and a phos-
phoserine protein phosphatases superfamily protein 
(PAT; Gorai.011G011300.D, AT1G05000.1) can func-
tion in this intracellular trafficking [143], as can SYN-
TAXIN OF PLANTS61 (SYP61; Gorai.009G166000.D, 
AT1G28490.2) that is able to transport CESAs and 
KOR1 ([144] and references therein). Abundant, highly-
organized microtubules help to regulate the delivery and 
function of CSCs in the plasma membrane during SCW 
formation [145, 146]. Members of the GRN related to 
microtubule function include: WAVE-DAMPENED 
2-LIKE3 (WDL3 aka WVD/WDL; Gorai.011G171200, 
At5G61340) [147], which is involved in the stabilization 
of cortical microtubules; and MICROTUBULE-ASSO-
CIATED PROTEIN65-8, which is involved in micro-
tubule bundling during SCW synthesis in tracheary 
elements (MAP65; Gorai.005G168400.D, AT1G27920.1) 
[148]. Changes in the microtubule array correlate with 
an increasingly steep orientation of microtubules and 
cellulose microfibrils relative to the fiber axis in the dis-
tinct ‘winding’ CW layer that is deposited during the 
transition stage [40, 145]. Numerous proteins in the 
SCW CESA GRN that relate to CW polymer degrada-
tion or modification and xylan synthesis are discussed 
further based on daily characterization of the cotton 
fiber glycome conducted in parallel to this transcrip-
tomic study [37]. Consistent with the major transcrip-
tional change that occurs at 16 DPA between PCW 
synthesis (ME2) and SCW synthesis (ME1), the GRN 
defined by SCW CESAs reflects regulatory processes 
at several levels including hormones, calcium, manage-
ment of hydrogen peroxide [a stimulus for the transi-
tion to SCW synthesis in cotton fiber [136]], protein 
phosphorylation, transcription factors, sugar and ion 
transporters, and proposed cell surface glycoprotein 
sensors (the FLA proteins; see [117]). While it is beyond 
the scope of this article to discuss all the available func-
tional studies of the genes represented in this GRN, this 
overview establishes the relevance of the SCW CESA 
GRN for future research on the control of cotton fiber 
development and quality.

Turgor pressure, which is regulated through osmotic 
pressures, is an essential force for plant cell expansion 
[149–151]. In cotton fibers, high turgor pressure is impli-
cated in rapid elongation [106, 126, 127]. Turgor pressure 
is generated by the accumulation of osmotically active 
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solutes like malate [152], potassium [126], and soluble 
sugars including sucrose [153] in the central vacuole, fol-
lowed by the influx of water. During several days within 
the rapid elongation period, the pressure within the fiber 
cells increases in association with symplastic isolation as 
the plasmodesmatal connections to other seed epidermal 
cells transiently close by the synthesis of callose plugs 
[106]. While candidate genes for regulating synthesis and 
importation of water and solutes have been suggested 
[106, 128], key proteins involved in turgor pressure regu-
lation in cotton fiber remain enigmatic.

Although the turgor pressure estimates were derived 
from prior data [106] (Supplementary Table  4), we still 
identified strong correlations with our coexpression net-
work, suggesting that these data are adequate for approx-
imating the changes in turgor in the present plants. In 
contrast to other fiber phenotypes discussed here that 
were strongly associated with either ME1 or ME2, the 
changing turgor pressure estimates were strongly asso-
ciated with ME8, which exhibits an impulse-like expres-
sion profile for the module eigengene, or with ME9. Both 
ME8 and ME9 reflect transient gene up-regulation dur-
ing the latter part of elongation when the plasmodesmata 
are closed and turgor pressure is increasing. Afterwards, 
these modules reflect a sharp (ME9) or gradual (ME8) 
decline in gene expression in the transition stage when 
fiber elongation is slowing.

Within ME8 or ME9, results implicated genes of four 
major types as potentially underpinning high turgor in cot-
ton fiber, with cotton and Arabidopsis homolog names as 
follows: a SWEET-like gene (Gorai.003G074400.A and D; 
At4g10850, AtSWEET7; SUGAR WILL EVENTUALLY 
BE EXPORTED TRANSPORTER); a SUT/SUC-like gene 
(Gorai.010G030700.A, At1g09960, SUCROSE TRANS-
PORTER); two PIP-like genes (Gorai.002G198900.D; 
Gorai.006G181300.A; At4g35100 PIP2;7; AT4G00430.1, 
PIP1;4; PLASMA MEMBRANE INTRINSIC PROTEIN); 
and a bHLH transcription factor (Gorai.010G147100.A; 
At1g61660, AtBLH112; BASIC-HELIX-LOOP-HELIX). 
Some members of the sugar transporter families have been 
characterized in the context of loading photosynthetic 
sugar into the phloem of Arabidopsis leaves, as recently 
reviewed [154]. This analogy supports the putative role 
of the cotton fiber homologs in turgor pressure genera-
tion; however, only tentative inferences are appropriate, 
given evidence that AtSWEET7 functions as a glucose and 
xylose transporter in engineered yeast [155]. Character-
ized sugar transport mechanisms including these protein 
families often include an apoplastic component [154], 
which would be necessary when cotton fiber plasmodes-
mata are closed. PIP proteins (like the two detected here), 
or aquaporins, are well known to transport water across 
membranes [156], and the water will follow an increasing 

concentration of solutes into the central vacuole to 
increase turgor pressure. Reduced expression of PIP genes 
was correlated with shorter mature fibers in transgenic 
cotton [157] and natural mutants [61]. The AtBLH112 
transcription factor acts to increase the synthesis of pro-
line, which is an osmoticum and a free radical scavenger, 
and to increase the synthesis of enzymes that help to miti-
gate reactive oxygen stress [158]. Given the role of hydro-
gen peroxide in triggering the transition stage in cotton 
fiber [136], further research will be needed to determine 
the role(s) of the cotton homolog of AtBLH112 found in 
the turgor-associated ME9. In general, the potential role 
and relevance of these specific genes/proteins to turgor 
pressure must be functionally tested in cotton itself.

Conclusions
Here we have characterized the G. hirsutum cotton fiber 
transcriptome with unprecedented daily resolution in 
plants grown in a growth chamber with uniform light 
and temperature cycling. The data encompass the 6 – 24 
DPA period of fiber development, inclusive of high-rate 
primary cell elongation, the transition stage to second-
ary wall synthesis, and thickening of the secondary wall 
by mainly cellulose deposition. Overall, we report that 
fiber development involves a dramatically dynamic, 
genome-wide coordination during which approximately 
half of the transcriptome increases or decreases expres-
sion as development progresses. Our results revealed 
major gene expression modules associated with known 
aspects of fiber development, such as the switch from 
PCW to SCW synthesis. These co-expression modules 
contain genes, many of which we highlight here, that 
can be functionally characterized in future research. 
Sampling at daily intervals also revealed other, more 
transient gene expression profiles. Some of the tran-
siently expressed genes may prove to be key regulators 
of important processes, such as turgor pressure, war-
ranting further functional testing. Others may implicate 
as yet undescribed cellular changes in cotton fiber, stim-
ulating further research. For major discontinuities in 
gene expression on adjacent days, e.g. 16–17 DPA, even 
more fine scale temporal sampling will be worthwhile 
in the future. Applying this approach to other species, 
e.g. Gossypium barbadense with higher fiber quality, 
or cultivars with different fiber properties, may also be 
promising directions for studies aimed at understanding 
evolutionary divergence and crop improvement, respec-
tively. The concurrent proteomic, metabolomic, and 
phenotypic surveys cited here will provide additional 
insight into the molecular underpinnings of cotton fiber 
development and should be generally applicable to the 
fiber of other modern G. hirsutum accessions grown 
under non-stressful conditions.
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