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Abstract A recombinant inbred line mapping population
of intra-species upland cotton was generated from a cross
between the drought-tolerant female parent (AS2) and the
susceptible male parent (MCU13). A linkage map was
constructed deploying 1,116 GBS-based SNPs and public
domain-based 782 SSRs spanning a total genetic distance
of 28,083.03 cM with an average chromosomal span length
of 1,080.12 cM with inter-marker distance of 10.19 cM.A
total of 19 quantitative trait loci (QTLs) were identified in
nine chromosomes for field drought tolerance traits.
Chromosomes 3 and 8 harbored important drought tolerant
QTLs for chlorophyll stability index trait while for relative
water content trait, three QTLs on chromosome 8 and one
QTL each on chromosome 4, 12 were identified. One QTL
on each chromosome 8, 5, and 7, and two QTLs on chro-
mosome 15 linking to proline content were identified. For
the nitrate reductase activity trait, two QTLs were identi-
fied on chromosome 3 and one on each chromosome 8§, 13,
and 26. To complement our QTL study, a meta-analysis
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was conducted along with the public domain database and
resulted in a consensus map for chromosome 8. Under field
drought stress, chromosome 8 harbored a drought tolerance
QTL hotspot with two in-house QTLs for chlorophyll
stability index (qCSIO1, qCSI02) and three public domain
QTLs (qLP.FDT_1, qLP.FDT_2, qCC.ST_3). Identified
QTL hotspot on chromosome 8 could play a crucial role in
exploring abiotic stress-associated genes/alleles for drought
trait improvement.

Keywords Drought - Genetic mapping - Gossypium
hirsutum - QTL cluster - SNP - SSR

Introduction

Upland cotton (Gossypium hirsutum L.), is considered a
“cash crop”, due to its global demand for natural textile
fiber and also a major source of vegetable oil. Yield in
upland cotton is highly dependent on irrigation, specifically
during the flowering and boll developmental stages (Han
2001). However, the ever-changing climatic condition,
especially, water scarcity during the reproductive phase,
has drastically reduced cotton production. The effect of
drought at a molecular, biochemical, physiological, and
morphological level generally varied among different
plants (Hasan et al. 2018) but in cotton, water scarcity
adversely affects overall plant growth and reduces the
number and quality of bolls, thereby leading to reduced
fiber yield (Batista et al. 2013). Therefore, the genetic
improvement for water stress tolerance in cotton has long
been tried but met with limited success (Roy et al. 2011;
Schuster 2011; Abdelraheem et al. 2015; Ali et al. 2017).

Drought tolerance traits such as root architecture, cell
membrane stability, and relative water content have been

@ Springer


http://orcid.org/0000-0003-3472-4018
http://crossmark.crossref.org/dialog/?doi=10.1007/s12298-021-01041-y&amp;domain=pdf
https://doi.org/10.1007/s12298-021-01041-y

1732

Physiol Mol Biol Plants (August 2021) 27(8):1731-1745

studied in-depth to introgress such traits in the elite upland
cotton cultivars in breeding programs. However, the lack of
a deep understanding of the molecular and physiological
aspects of these traits and their effective incorporation
limits their progress. Under drought stress, plants undergo
several physiological and biochemical changes. Among
several parameters, plant height (PH), chlorophyll stability
index (CSI), percentage of relative water content (RWC),
proline content (PC), chlorophyll content (CC), and nitrate
reductase activity (NRA) are the most crucial and empha-
sized in several studies(Jones et al. 1980; Kumar and Singh
1998; Mohan et al. 2000; Ranawake et al. 2011; Arve et al.
2011; Parkash and Singh 2020; Igbal et al. 2020).Gener-
ally, faster growth leads to taller plants, which eventually
require more water. But in water scarcity, growth is likely
to be affected severely (Ranawake et al. 2011), and the
yield will be substantial. Drought stress leads to osmotic
stress and loss of turgor pressure in plants (Arve et al.
2011). It results in plant height and root length reduction,
as well as loss of chlorophyll content resulting in yellowing
leaves. Limited water supply also results in decreased entry
of essential minerals (nitrate, phosphorus, calcium, and
potassium) into the plant (Igbal et al. 2020) for their
growth. Drought tolerant genotypes with higher chloro-
phyll stability are more capable of withstanding drought
stress. With higher CSI, genotype results in more photo-
synthate that helps in higher biomass (Mohan et al. 2000).
RWC helps in maintaining turgidity and water levels in
cells (Kumar and Singh 1998), thereby drought-tolerant
genotypes with higher CSI have more photosynthate that
helps in having higher biomass. High RWC in genotypes is
a well-known indicator of drought tolerance. A lower level
of RWC leads to low photosynthate due to stomatal closure
and decreased cell turgidity (Parkash and Singh 2020).
Thus, both CSI and RWC are key parameters for drought
tolerance evaluation (Kumar and Singh 1998; Mohan et al.
2000). Higher proline content in leaves upon desiccation
was recorded as a common response in many crops or plant
species (Kannan 2017). Jones et al. 1980 suggest that high
proline content helps in osmotic regulation. It prevents
hydration of proteins in dried tissues, acts as a storage
compound for nitrogen and carbon, thus helps in cellular
functions. Nitrogen (N) is equally important as water for
plant growth and productivity. Under drought conditions,
transport, and uptake of N in above-ground plant parts
decrease drastically due to the unavailability of water for
uptake (Igbal et al. 2020) and reduces plant metabolism.
For a couple of decades, functional genomics and DNA
markers have thrown light on molecular mechanisms of
drought tolerance in plants (Nguyen 1999; Poland 2000;
Qin et al. 2009). DNA markers, especially Simple
Sequence Repeats (SSRs) and Single Nucleotide Poly-
morphism (SNPs) have proved their potentials in
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the genetic dissection of fiber quality under water stress
(Baytar et al. 2018). In addition, four drought tolerance-
associated candidate genes (RD2, HAT22, PIP2, and
PP2C) have been identified by combining GWAS and
RNA-seq data in upland cotton (Hou et al. 2018). In
another study, late embryogenesis abundant (LEA) proteins
have been shown to have a crucial role in protecting cotton
under drought stress (Magwanga et al. 2018). Tian et al.
(2019)showed that an endo-reduplication-related gene,
GaTOPG6B used to promote the growth of leaf and roots for
controlling drought tolerance in cotton. Drought tolerant
trait-linked specific genes, Quantitative Trait Loci (QTL)
or QTL clusters can be incorporated into the elite cultivars
using a marker-assisted selection strategy. However, such
effort in cotton as a sound breeding strategy for drought
tolerance is very few in comparison to rice, maize, and
sorghum. This may be due to low coverage of the cotton
genome with the molecular markers, diversified drought-
resistant component traits involved in cotton, and lack of
validation of identified genomic segments or QTLs, across
the various genetic backgrounds.

The present study was undertaken to construct a genetic
map for the intra-specific cross of G. hirsutum and identify
drought tolerance QTLs. The resulted genetic map and
QTLs in our study were merged with the drought tolerant
QTLs of the recent studies, available in the public domain
to develop a consensus map to identify QTL cluster-asso-
ciated with drought tolerance traits.

Material and methods
Plant materials

The two contrasting parents of upland cotton were selected
after exposure to drought stress (no irrigation) for 15 days
continuously to the full-grown vegetative plants. The intra-
specific mapping population of upland cotton was devel-
oped by crossing two contrasting parents with drought
tolerance trait. The two parents were selected based on the
earlier report by Ananthi and Vijayaraghavan (2012). AS2,
one upland cotton variety with a higher value of drought
characteristics such as RWC, CSI, PC was used as the
female drought-tolerant parent while MCU13 which is
drought susceptible upland cotton variety with lower value
of drought characteristics such as RWC, CSI, and proline
content was selected as the male parent.

The F;was grown at the CSIR-NBRI cotton experi-
mental field campus in the year 2015 and forwarded to F,
in 2016. With the single seed descent method, we advanced
these populations to F; and F, generation in the years 2017
and 2018, respectively. Finally, seeds from the F, genera-
tion were collected and sown in Odisha at a farmer’s cotton
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field as an Fs generation trial with 122 individuals. The Fs
generation plants were exposed to similar drought stress as
parents. However, due to reduced viability and cyclone
devastation, only 48 individuals of the F5 generation were
left for our experimentation. Thus, a total of 48 individuals
from the Fs generation were further used for the con-
struction of a genetic map and QTL analysis in the present
study.

GBS library preparation, genotyping, and SNP
calling

Fresh leaf was used for genomic DNA isolation by a
modified CTAB method. Genomic DNA was digested with
ApeKI, and the GBS library was constructed. The library
was sequenced using the Ion Torrent platform. GBS anal-
ysis and SNP calling were performed using the Tassel 5
GBSv2 pipeline (Glaubitz et al. 2014). Raw data FASTQ
files were prepossessed using FastQC (Andrews 2010) and
Trimmomatic (Bolger et al. 2014) to ensure that data is of
good quality without any adapter contamination (Bio-pro-
ject Accession Number PRINA638773, Bio-sample
Accession Number SAMN15207880 to SAMN15207929).
Barcoded sequence reads were collapsed into a set of
unique sequence tags and then master tags. The master tags
were then aligned to the reference genome of Gossypium
hirsutum cultivar TM-1 (Assembly: ASM98774v1, Seq
accession: GCF_000987745.1) to form tags on a physical
map that depicted the genomic position of each tag. The
barcode in the original sequence reads was then used
counts in each sample in the tags by taxa (TBT). Eventu-
ally, the recorded information in tags on the physical map,
tags by taxa were used to call SNPs at each tag locus and
filter the SNPs among 48 individuals of the F5 generation.
Only those SNPs, which resulted in all 48 individuals of
Fswith polymorphic alleles, were taken into account and
others were rejected in further analysis.

SSR markers and SSR-typing

For polymorphic SSRs, the parental lines were surveyed
using ~ 3,000 SSR primer pairs. The SSR primer pair
details were obtained from cottongen (https://www.cotton
gen.org/) with the following options: BNL primers, JESPR
primers, TM primers, NBRI primers. A cost-effective
method of fluorescent-labeled SSR typing was followed for
multiplex SSR PCR (Schuelke 2000). In this method, SSR
PCR fragments were fluorescent dye-labeled with a
sequence-specific forward primer and reversed primer one-
tube PCR reaction. This method allowed high-throughput
genetic analyses to improve SSR typing efficiency. The
829 parental polymorphic SSRs were used to screen the
RIL mapping population (Fs). The chi-square test for

goodness of fit was assessed for the Mendelian 1:1 inher-
itance ratio.

Genetic map construction

The genetic map was constructed by employing polymor-
phic SSR and SNP markers using ‘IciMapping 4.1°. The
feature Kosambi mapping function (Kosambi 1944) in the
software was used to convert the recombination frequency
into the genetic map distance (CentiMorgan, cM). Linkage
groups (LGs) were determined with a logarithm of odds
(LOD) score threshold of 3. RECORD algorithm was used
for the correct ordering of SNPs across chromosomes.
Rippling was also performed for fine-tuning the order of
markers by the sum of adjacent recombination frequencies
(SARF) with a window size of 5.

Assignment of LGs and collinearity

The developed LGs in the above analysis were assigned to
chromosomes using SNPs with known physical positions.
The physical location of SNPs was obtained by mapping
the sequencing reads on the reference genome Gossypium
hirsutum cultivar TM-1 (ASM98774v1).

Analysis of morphological and biochemical traits
for drought tolerance

The growth performance and a few biochemical analyses
of recombinant inbred lines (Fs) in addition to the parental
lines were assessed for drought tolerance in terms of plant
height (PH), chlorophyll stability index (CSI), percentage
of relative water content (RWC), proline content (PC),
chlorophyll content (CC), and nitrate reductase activity
(NRA). The youngest fully expanded leaves were taken for
recording relative water content. Barrs and Weatherley’s
(1962) method was adopted for RWC% and it was
expressed in percentage.

RWC = (Fresh weight — Dry weight)/
(Turgid weight — Dry weight) x 100

Similarly, CSI was calculated by the method described
by Murty and Majumder (1962). By the method of Bates
et al. (1973), the PC was estimated and expressed in pg
g 'fresh weight. Similarly, by adopting the method of
Nicholas and Shah (1976), the NRA was determined and
expressed as pg of NO2 g™ h™'. CC was measured
according to the method described by Arnon and Whatley
1949 using the following formula:
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Chlorophyll a = 12.7 (OD663) — 2.6 (OD645>
x mL acetone/mg leaf tissue

Chlorophyll b = 22.9 (ODg45) — 4.7 (ODgg3)
x mL acetone/mg leaf tissue

Total Chlorophyll = Chlorophyll a + Chlorophyll b

The trait distribution was assessed for all physiological
and phenotypic traits using the Kolmogorov—Smirnov test.

QTL analysis

QTL analysis was performed using QTL IciMapping 4.1
software with the Inclusive composite interval mapping
(ICIM) method. The identified QTLs were located for
drought tolerance under a single environment. No multi-
environmental conditions were considered for the QTL
analysis. ICIM was performed with a window of 0.2 cM
probability in stepwise regression of 0.001. For significant
QTLs of each trait, either LOD threshold of > 2.5 or R?
value of > 0.5 was considered with 1,000 permutation test
at P = 0.05. The comparative QTL clustering was made
taking all the drought tolerance QTLs and genetic maps
from the latest field drought-related study by Abdelraheem
et al. (2018) into the context.

Construction of consensus map and combined QTL
ANALYSIS

A consensus map was constructed with IciMappingV4.2
(Meng et al. 2015). “CMP” tool was used to make the
consensus map by integrating our in-house high-density
genetic linkage map and one of the public domain linkage
maps with SNP/SSRs markers and drought trait QTLs. The
algorithm used was “nnTwoOpt”, the linkage was calcu-
lated using the “SAD” option, and grouping was done as a
single group with a window size of 5. QTL clustering was
performed for our in-house data and public domain data
(Abdelraheem et al. 2018). The information file of con-
sensus mapping reveals only chromosome 8 had the com-
mon markers to be carried out for the QTL clustering for
the drought-associated QTLs. All the identified QTLs in
the present study and public domain study were analyzed
for QTL clustering.

Results
GBS sequencing and its data analysis
Ion Torrent sequencing generated 319,598,638 reads

(~ 47 GB), which were processed and cleaned for
removing the adaptors and contaminants. A total of
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293,808,976 (~ 41.9 GB) cleaned reads were obtained
and subjected to further analyses (Supplemental data S1).
In these cleaned reads, short sequence sample barcode
analysis was performed and resulted in 160,438,503
(54.61%) sequencing reads with sample barcodes for fur-
ther downstream analysis of separate tag counts and master
tag counts. The separate tag counts were merged into a
total of 96,063,846master tag counts (Supplemental data
S1). Only master tags occurring at/or above 48 minimum
number of reads across all of the FASTQ files in the
experiment were retained in the output master tag list as
good master tags. Finally, good master tags were mapped
against the reference genome G. hirsutum cultivar TM-1
(ASMO98774v1). Overall, 60.15% (635,202/1,055,954) of
good master tags were able to map with the reference
genome, and 39.85% (420,752/1,055,954) of good master
tags remained unmapped (Supplemental data S1). Com-
paring the above tags information on physical map of
cotton (ASMO98774v1, GCF_000987745.1), a total of
108,272 SNP sites were identified (Table 1). However, two
parental lines of the above-mentioned 48 RILs population
resulted in 41,702 polymorphic SNP sites with sequencing
data of ~ 240 MB in AS2 and ~ 197 MB in MCUI3.
When the same polymorphic SNP calls of parental lines
were compared with the SNP calls of 48 RILs population, it
resulted in 2,834 common polymorphic SNPs. There are
many SNP calls specific to each RILs that could not be
included further.

Table 1 Detailed statistics about SNP calling in GBS sequencing of
48 RILs

Stat type Value
Number of taxa 48
Number of sites 108,272
Sites x taxa 5,197,100
Number not missing 4,076,300
Proportion not missing 0.78434
Number missing 1,120,800
Proportion missing 0.21566
Number gametes 10,394,000
Gametes not missing 8,152,500
Proportion gametes not missing 0.78434
Gametes missing 2,241,600
Proportion gametes missing 0.21566
Number heterozygous 1,228,500
Proportion Heterozygous 0.23639
Average minor allele frequency 0.23947

Taxa is represented here as per the output file of SeqToTBTHDF5-
Plugin in GBS pipeline from tags on physical map (TOPM) file into
tags by taxa (TBT) file. Taxa is represented by sample in this study
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Genetic map construction and consensus mapping

A total of 3,663 polymorphic markers (829 SSRs and 2,834
SNPs) between both parents were initially included for the
genetic map construction. After filtering > 20% binning
SNPs (i.e. 1,262 SNPs), and 503 excluded markers (in-
cluding both SSR and SNP markers), a total of 1,898
markers (1,116 SNP and 782 SSRs) were finally mapped
across 26 chromosomes (Fig. 1) and formed a genetic map
(Supplemental data S2). The genetic map harbored a total
distance of 28,083.03 cM with an average inter-marker
distance of 10.19 cM (Table 2). Large numbers of SNPs
were mapped on chromosomes 5, 15, 19, 20 and 21.
Among SSRs, > 50 SSRs were allocated on chromosomes
5 and 26while 35 SSRs each on chromosomes 2 and 11.
Chromosome 5 was found to be the largest chromosome
with a maximum number of 126 markers and a span length
of 1,732.13 cM. Chromosome 23 was found to be the
shortest chromosome with an overall span length of
442.83 cM and 24 mapped markers. A total of 923 loci
were mapped in At sub-genome (AO1-A13) with a total

Chromosome_3 Chromasome_4 Chromosome_§

Fig. 1 Genetic map showing molecular linkage groups of the intra-
species cross of small RIL population for AS2 and MCU13 and QTLs
of field drought traits. Map distances between adjacent markers are

mmmmmmmmmmmmmmmmmmmmmmmmmmmmmmmmmmmmmmmmm

span length of 14,432.45 cM with an average marker dis-
tance of 10.9 cM. Whereas, Dt sub-genome (DO01-D13)
consisted of 975 markers with a full span length of
13,650.58 cM and an average marker distance of 9.4 cM.
We constructed the consensus map taking both the maps of
in-house as well as public domain by Abdelraheem et al.
(2018). Six SSR markers were found to be common in both
maps. A maximum of three SSRs was found to be common
in chromosome 8 in the consensus map (Fig. 2a).

Evaluation of the physiological and biochemical
parameters

Plant height (PH) revealed significant differences between
the two parental lines as well as in the Recombinant Inbred
Lines (RILs) (Fig. 3). The AS2 was estimated to a higher
PH than the other parent, MCU13 (the average PH of AS2
is 35.3 cm and the average PH of MCU13 is 31. 7 cm). The
mean PH of RILs of AS2xMCU13 was 44.9 cm. A gradual
increase in plant height was also noticed throughout the
growth period of RILs, however water deficit significantly

nnnnnnnnnnnn

represented in centimorgan (cM), Various QTLs represented in the
right side of map with designed block and name
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Chromosome_11 Chromosome_12 Chromosome_13 Chromosome 14 Chromosome_15

qtl_CSI01 (Chromosome 3) @ qtl_RWCO03 (Chromosome 8)

N
qtl_NRAOI (Chromosome 3) k\ gtl_NRAO3 (Chromosome 8)

qtl NRAO2 (Chromosome 3) qtl_CS104 (Chromosome 8)

qtl_RWCOI (Chromosome 4) qtl_RWC04 (Chromosome 8)
qtl_PCO01 (Chromosome 5) qtl_TCCOI (Chromosome 8)
gtl_PC02 (Chromosome 7) qtl_ RWCOS5 (Chromosome 12)

qtl_CSI02 (Chromosome 8) qtl_NRA04 (Chromosome 13)

qtl_CSI03 (Chromosome 8) gtl_PC04 (Chromosome 15)

qtl_ RWC02 (Chromosome 8) gtl_NRAOS5 (Chromosome 26)

qtl_PC03 (Chromosome 8)

Fig. 1 continued

reduced the plant height than the parents. Similarly, data on
total chlorophyll content (TCC) recorded at the vegetative
stage significantly influenced over parents. Higher total
chlorophyll content of 1.0075 mg/g of AS2 was observed
than 0.8975 mg/g of MCUI3. The genotype AS2
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maintained higher total chlorophyll content in all stages
than others even under the stress conditions. The total
chlorophyll values were significantly lower in the case of
MCU13. The mean value of total chlorophyll content of the
RIL population wasl.025 mg/g while the variance was
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Table 2 Details of chromosome number, mapped markers, total span length, and average marker distance of the intra-specific cross genetic map

Chromosome number No. of SNPs mapped

No. of SSR mapped

Total span length (cM) Average marker distance (cM)

Chrl 30 22
Chr2 43 35
Chr3 20 19
Chr4 26 20
Chr5 74 52
Chr6 33 42
Chr7 22 26
Chr8 33 41
Chr9 71 35
Chrl10 68 28
Chrll 30 35
Chrl2 30 37
Chrl3 19 32
Chr14 41 21
Chrl5 96 21
Chr16 26 22
Chrl7 34 19
Chrl8 35 32
Chr19 77 47
Chr20 79 12
Chr21 81 36
Chr22 37 11
Chr23 4 20
Chr24 41 34
Chr25 34 32
Chr26 32 51
Total 1116 782

910.57 10.84
1094.65 9.28
750.52 12.72
921.07 12.97
1732.13 8.70
1230.03 11.60
967.83 14.23
1103.78 10.41
1499.21 8.47
1293.13 7.93
878.32 9.34
1098.99 11.45
952.22 13.80
1024.77 10.15
1168.77 5.57
834.56 11.43
851.16 9.90
1151.63 11.29
1513.34 7.60
1261.87 7.56
1374.96 6.98
716.01 8.42
442.83 15.82
1136.53 9.88
896.24 8.96
1277.91 9.61
28,083.03 264.92

0.012 mg/g at the vegetative stage. The statistical test of
the normal distribution of TCC data was also represented in
Table 3. The proline content (PC) was revealed to increase
when drought stress is subjected to the plant. There was
also an increase in PC concerning the age of the plant,
however, it was found to be increased till the flowering
stage and decreased till the boll development stage. A
mean quantity of 848.00 pugg™ of proline was recorded at
the vegetative stage of AS2 while other parent, MCU13
showed a decrease in the PC (823.25 pgg') without irri-
gation. Contrary to the parental lines, RILs under drought
stress showed a mean PC value of 816.29 ugg™. The details
of the distribution test are represented in Table 3. As mean
data on nitrate reductase activity (NRA) was recorded at
different stages, a higher value of NRA was observed with
AS2 (9.16 pg of NO2 g~'h™") in contrast to MCU13
(8.55 ug of NO2 g~' h™"). The overall NRA estimate
varied significantly among RILs with a range from 7.92 to
8.86 pug of NO2 g~' h™'. Between two parental lines, AS2

recorded a higher value of relative water content (RWC)
percentage than MCU13. However, the RILs of AS2x
MCU13 recorded a mean of 77.30 RWC percentage.

QTL analysis and drought QTL clustering

QTL clustering was performed on a consensus genetic map
and a total of 19 QTLs were identified in nine different
chromosomes (chromosome 3, 4, 5, 7, 8, 12, 13, 15, and
26) (Supplemental data S3, S4). Chromosomes 3 and 8
harbored important drought tolerance QTLs for CSI traits.
The qtlICSIO1 was harboured on chromosome 3 and span-
ned by the SNP markers of NBRI_250675 and
NBRI_27009576. The other three QTLs (qtlCSI02,
qtlCSI03, and qtlCSI04) were contained on chromosome 8.
Three QTLs of RWC (qtIRWCO01, qtIRWCO03, qtIRWCO05)
were identified on chromosome 8 and two QTLs of RWC
(qtIRWCO02 and qtIRWCO04) were identified on chromo-
some 4 and chromosome 12, respectively. There were five
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Fig. 2 Consensus map of chromosome 8 and QTL cluster analysis
taking QTL and map data of in-house mapping population from the
cross AS2 x MCU13 and public domain data of drought tolerance

QTLs identified for each biochemical drought trait such as
PC and NRA. The qtIPCO1, qtlIPC02, and qtIPCO3 were
found on chromosome 8, 5 and 7, respectively while
chromosome 15 contained two PC QTLs (qtlIPC04,
qtIPCOS5). Similarly, two QTLs of NRA (qtINRAO2,
qtINRAO3) were harboured on chromosome 3 while the
other three QTLs of NRA such as qtINRAO1, qtINRAO4,
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traits (Abdelraheem et al. (2018); a QTL clustering on consensus map
of Chromosome 8, b Enlarged view of QTL clustering on chromo-
some 8

qtINRAOS were contained on chromosomes 8, 13, and 26.
Besides the above-mentioned QTLs, one important QTL
(i.e. qtITCCO1) was found on chromosome 8 spanning in
between NBRI_e0509 and NBRI_30441289. All the details
of the QTLs are represented in supplemental data S3,
S4 for their respective LOD, position, flanking SNPs, r2
value, and o significance value (Table 4). The QTL
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Fig. 3 Box plot analysis of RILs in addition to the parental lines for
physiological and biochemical traits related to drought tolerance;
Plant height (PH), Chlorophyll stability index (CSI), Percentage of

relative water content (RWC), Proline content (PC), Chlorophyll
content (CC), and Nitrate Reductase Activity (NRA)

Table 3 Detailed measure of drought associated traits and its normal distribution test

Trait name (unit) Parental data

Mapping population

AS2 MCU13 Mean Variance Smir normality test (kolmogorov-nov) P-value
PH (cm) 353 31.7 44.9 1.093 0.152 0.0216
RWC (%) 74.8 70.7 71.3 3.672 0.262 0.0028
CSI (%) 68.26 62.57 63.206 11.26 0.274 0.0015
PC (ngg-") 848.00 823.25 815.29 221.218 0.221 0.0182
TCC (mgg™) 1.0075 0.8975 1.025 0.012 0.184 0.0762
NRA (ugg'hrh) 9.16 8.55 8.307 0.063 0.193 0.0564

Probabilities > 0.05 indicate that the data are normal; Probabilities < 0.05 indicate that the data are not normal; PH plant height, RWC relative
water content, CSI chlorophyll stability index, PC proline content, TCC total chlorophyll content, NRA nitrate reductase activity

clustering analysis on chromosome 8 revealed that the two
QTLs of CSI (qCSIO01, qCSI02) were clustered with three
QTLs (qLP.FDT_1, qLP.FDT_2, and qCC.ST_3) of the
public domain data of Abdelraheem et al. (2018) resulting
in drought tolerance QTL hotspot on chromosome 8§
(Fig. 2a, b). It was further explored that in addition to this
QTL hotspot, there was another QTL cluster of six drought
QTLs of the public domain within a range of nearly 3 cM
(Fig. 2b,). We tried to explore the uniqueness of the QTLs
clustered on chromosome 8, however synteny analysis
revealed that chromosome 8 shared similarity with other
chromosomes of G. hirsutum too.

Discussion

Drought is undoubtedly one of the major constraints to all
crop production leading to a substantial decline in yields
(Dabbert and Gore 2014). The restricted plant growth and
development is the result of drought stress by altering
metabolic activity and biological function (Fahad et al.
2015) of the plant evolved with several cellular and
molecular make-ups to overcome the drought. Drought
tolerance is a complex and multi-factor trait involving
several signalling pathways and various molecular
responses through differentially expressed genes (Price
et al. 2002). QTLs mapping is one of the appropriate
approaches to dissect the genetic basis of drought tolerance
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Table 4 Details of identified QTLs, position, flanking markers, respective LOD, R? for drought linked physiological and biochemical traits

Mapping population/  QTL name Chromosome Flanking markers LOD R?  Position start End oat o at
QTL no no (cM) position position 0.01 0.05
(cM) (cM)

AS2XMCUI13_QTL1 ¢t CSI01 3 NBRI_250675- 212 049 2282 222.48 243.23 3.041 2.047
NBRI_27009576

AS2XMCUI13_QTL2  qtINRAOI 3 NBRI_30876977- 299 046 418.7 361.39 446.22 2.789 2.353
BNLA4017

AS2XMCUI13_QTL3  gtINRAO2 3 NBRI_e1232- 249 023 1284 103.2 153.78 2.789 2.353
BNL1379

AS2XMCUI13_QTL4  qtiRWCOI 4 NBRI_2169- 25 056 1943 132.69 224.04 2.759 2.486
NBRI_42744745

AS2XMCU13_QTL5  ¢tlPCOI 5 NBRI_35963016- 4.1 035 1877 165.11 213.04 3.655 2.625
NBRI_22782432

AS2XMCUI13_QTL6  ¢tlPCO02 7 NBRI_1703998- 29 048 1476 126 163.69 2.633 2.273
NBRI_40588422

AS2XMCU13_QTL7  qtlCSI02 8 NBRI_1431- 4 032 65.46 34.66 92.93 2782 2.135
NBRI_e1012

AS2XMCU13_QTLS  qtICSI03 8 JESPRO48- 32 023 14491 120.39 172.38 3.057 2.543
NBRI_1177

AS2XMCU13_QTL9  qtIRWC02 8 NBRI_1842- 2.83  0.28 395.68 369.26 416.48 2.344 2.003
NBRI_e1000

AS2XMCU13_QTL10 qtIPC0O3 8 NBRI_e0930- 43 018 416.48 395.66 435.98 2.875 2432
NBRI1352

AS2XMCUI13_QTL11 qtIRWCO03 8 NBRI_1352- 299 0.21 457.99 435.98 47722 2.756 2.635
NBRI_1711

AS2XMCUI13_QTL12 qtINRAO3 8 NBRI_38446584- 27 031 47722 457.99 499.23 3.003 2.356
NBRI_68866415

AS2XMCU13_QTL13 qtlCSI0O4 8 NBRI_68866415- 35 0.23 52437 499.23 543.87 3.062 2.383
NBRI_gkO015

AS2XMCU13_QTL14 qtIRWC04 8 NBRI_87529784- 3.1 0.21 631.23 613.9 644.79 2.555 2.019
NBRI_19886666

AS2XMCU13_QTL15 qtITCCO1 8 NBRI_e030- 35 032 74224 693.38 759.57 2112 2.023
NBRI_1352

AS2XMCUI13_QTL16 gtRWCO0S5 12 NBRI_2007- 47 055 358 0 53.15 312 2.62
NBRI_e1376

AS2XMCUI13_QTL17 qtINRAO4 13 NBRI_e1866- 37  0.65 318.9 288.14 346.41 3.623 2.738
NBRI_1390

AS2XMCU13_QTL18 gqtIPCO4 15 NBRI_1270235- 32 049 5268 496.56 538.77 2.822 235
NBRI_90900848

AS2XMCU13_QTL19 gtINRAO5S 26 NBRI_e1019- 32 044 1083 1028.15 1110.55 2988 2.715
NBRI1296

(Ashraf 2010). However, the high degree of interaction
between QTL and the environment is the major flaw for
which the selection of an appropriate QTL for drought
tolerance is hindered (Tuberosa and Salvi 2006). Thus,
once a QTL is identified for drought tolerance, its char-
acterization with structural organization and validation is
indeed a vital role for crop improvement programs (Salvi
and Tuberosa 2005). Genetic maps are considered for rapid
progress towards the improvement of crops for complex
traits like drought tolerance. With the recent developments
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and technologies in plant sciences, a detailed in-depth
understanding of drought tolerance is still underway.

GBS sequencing and sequencing data

Genotyping by Sequencing (GBS) is one of the powerful
tools in molecular breeding and has the potential to bridge
the genotypic data with specific traits. More specifically,
GBS lowers the cost of molecular work of marker-geno-
typing through the recent advancement of NGS technology.
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Thus, GBS is the single approach that is generally used to
produce a large amount of marker data in a cost-effective
way, for which many researchers prefer the GBS approach
for high-density genetic mapping for QTL analysis.

High-density genetic mapping

In this study, a high-density map has been developed with a
total of 1,898 markers including 1,116 SNPs and 782 SSRs.
Thus, the high-density map of both marker systems (SSRs
and SNPs) resulted from this study will have wider appli-
cations and suit for the consensus mapping. There are a
dozen genetic maps in the public cotton domain, however,
it will be unique among many genetic maps harboring both
types of markers. This map can comply with earlier
reported SSR-based as well as recent development of SNP-
based genetic maps. One genetic map based on cotton
SNP8OK assay with 12,116 SNPs (Tan et al. 2018), two
genetic maps based on 63 K SNParray containing 22,829
SNPs (Hulse-Kemp et al. 2015), and genetic map based on
IntlCottonSNPConsortium_70K Chip with 2,393 SNPs
(Zhang et al. 2017) were comparable with our present map.
In addition, the genetic linkage map is the basis of all QTL
analysis and dissects the genetic basis of important traits. It
also plays a fundamental role in understanding the structure
of the genome and explains various events of evolution. In
contrast to the above-cited SNP-based linkage maps, Yu
et al. (2012) developed a linkage map with 2,072 loci
(1,825 SSRs and 247 SNPs) like our genetic map. How-
ever, the number of SSRs and SNPs were reverse in our
developed genetic linkage map. This is only possible due to
the recent advancement of high throughput DNA se-
quencing technology like RNA sequencing, gene-enriched
sequencing, or sequencing of reduced representational
libraries. Unlike our developed genetic map, where 26 LGs
were assigned, many other genetic maps could not resolve/
assign all the loci into 26 LGs due to various reasons. For
example-Wang, et al. (2015a, b) used 1,013 loci and they
were able to map all these loci into 50 LGs with 41 linkage
groups assigned to 23 chromosomes. Cotton researchers
also used to have the obvious advantages of SNPs, InDels,
ESTs and then used these important genomic resources to
develop the genetic linkage map like Li et al. (2014) in
which 1,349 EST-based SNPand InDel markers were
screened and the genetic map could be possible only with
137 loci. This showed another bottleneck of cotton genetic
mapping, where low polymorphism is a huddle to over-
come on the way towards high-density genetic mapping. In
such context, the present developed genetic map in our
study has advantages, with a large number of SNPs like
other available public domain genetic maps. Besides, a few
hundred SSRs can also play an additional advantage for

consensus mapping as the unique characteristic of co-
linearity.

The genetic maps are generally constructed using dif-
ferent types and sizes of mapping populations. All these
sizes and types of mapping population can affect the effi-
ciency of mapping because of the differences in the genetic
distance between markers and the degree of recombination
in various crossovers during division. The size of the
experimental mapping population thus exerts an influence
on the accuracy of genetic maps. The higher number of
individuals in the mapping population, the more precise is
the map. However, 200 individuals were considered being
sufficient for the construction of a reasonably accurate
genetic map (He et al. 2001). In the present study, the
mapping population was small, which was unintentional
due to natural calamity as mentioned in the material and
methods section. As studied mapping population is RILs,
unlike BC and F2 populations, it would not get hugely
affected in the genetic distances because of minimal
recombination frequency errors. The same was discussed
by He et al. (2001) in their work. Further, it is still
inconclusive to determine the ideal number of individuals
of a mapping population for establishing an accurate
genetic map (Ferreira et al. 2006). With above context, our
genetic map is relatively dense with lesser inter marker
genetic distance and less prone to genetic distance errors.
The span length of our genetic map was found to be larger
than usual. However, for such mapping span length
expansion, there are many factors such as the size and type
of mapping population (Lee et al. 2015; Bai et al. 2016)
and few other factors such as segregation distortion, excess
of heterozygosity, genotyping errors, missing values, and
mapping software (N’Diaye et al. 2017). Similar map
expansion has also been observed previously in various
crops such as potato (Tanksley et al. 1992), tomato (Paran
et al. 1995), and maize (Anderson et al. 2003). However,
the high map span length due to the small mapping pop-
ulation size in the present study could not be ignored.

Segregation distortion is widespread in mapping popu-
lations. It is relatively serious in RILs because of genetic
drift (Zhang et al. 2009) linked with natural and artificial
selection for several generations (Xian-Liang et al. 2006).
In the present study, the frequency of segregation distortion
was relatively higher than the previously reported map.
This suggests that RIL development may probably con-
tribute to more distorted segregation. The same conclusion
was also found in several reports on cotton (Wang et al.
2015; Li et al. 2016; Zhang et al. 2016; Zhang et al. 2017).
The earlier reported RILs-based SNP maps for upland
cotton exhibited segregation distortion ranging from 13.29
to 63.77% (Wang et al. 2015; Li et al. 2016; Zhang et al.
2016; Zhang et al. 2017). This infers that the divergence
level of the parental lines of the mapping population may
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also play a critical role in segregation distortion (Paterson
et al. 1988).

Physiological and biochemical parameters

The distribution of PH data and NRA of the mapping
population was out of range of that of the parents. This may
resulted due to raising of parents and mapping populations
in different climatic zone. Under drought conditions,
nitrate accumulates mostly in the roots and least in the
leaves; Thus, NRA activity got reduced in our drought
experiment. The drought tolerant parent, AS2 showed
higher NRA activity while in relatively drought sensitive
parent, MSU13, NRA activity was in the range of mapping
population. Hence the difference of NRA activity from the
parents is fairly expected. The RWC of the mapping pop-
ulation was not out of the parental range rather it is more
towards AS2 parental type (drought tolerant). CSI index of
the mapping population was also in the parental range. It is
more towards MCUI13 type (drought susceptible). The
proline and chlorophyll content of the mapping population
was also in the parental range. Thus, all the physiological
and biochemical data was not out of range of parental type
except plant height and nitrate reductase activity.

Consensus mapping and drought QTL cluster linked
to physiological and biochemical analysis

In the present study, 19 QTLs related to drought stress
characteristics were identified in cotton on a high-density
intra-specific genetic map on nine different chromosomes
such as chromosome 3, 4, 5, 7, 8, 12, 13, 15, and 26 under
single environmental condition. In the same line, many
cotton researchers reported QTLs for drought traits.
Abdelraheem et al. (2018) like our study reported a total of
150 QTLs for field drought tolerance and 80 QTLs for salt
tolerance in green-house conditions. Similarly, Zheng et al.
(2016) studied 11 morphological and physiological traits
under water-limited (W1) and well-watered (W2) regimes
at three growth stages (bud, flowering, and full boll) and
reported four consistent QTLs under water-limited condi-
tion while no consistent QTLs were found in well-watered
condition. In our study, QTL analysis has not been per-
formed under multi-environmental conditions, for which
we could not infer the Q X E effect with stable/consistent
QTL. As we consider only one environment in our study
for the identification of QTLs simulating drought stress, it
may not be majorly affected by other minor environmental
factors. The identified QTLs are standalone for the studied
environment and they may be influenced slightly with trait
value when those are studied in other environments.

The small size mapping population followed the “Bea-
vis effect” in general for which there is a possibility of the
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inaccuracy of QTL position. However, the inter-maker
distance in our study was relatively small (10.90 cm in the
At-subgenome and 9.47 cM in the Dt-subgenome) for
which QTL position will be reliable and accurate. Besides,
we performed composite interval mapping (CIM) for QTL
identification that may not lead to any false positive like
SMA analysis. The same effect of small mapping popula-
tion sizes was also discussed on the reliability of QTL
mapping (Raghavan and Collard 2012). Most of the iden-
tified QTLs are definite and bear reliable information
through stringent criteria with LOD of > 2.5 or R? value
of > 0.5. In our study, out of 19 QTLs chromosome 8
harbored the maximum number of identified QTLs (Three
QTLs for CSI trait, three QTLs for RWC trait, one QTL for
PC, three QTLs for NRA trait, and one important QTL for
TCC) with comparison to other chromosomes. Due to a
lack of common markers on chromosomes between two
maps (one in-house developed map with SNPs and SSRs
and the other public domain reported map) in other chro-
mosomes, a consensus map for chromosome 8 was only
possible. A consensus map of chromosome 8 revealed an
island having drought tolerance QTL hotspot with two
QTLs of CSI (qCSI01, qCSI02) from the present study and
three QTLs (qLP.FDT_1, qLP.FDT_2, and qCC.ST_3) of
the public domain data of Abdelraheem et al. (2018).
Similar to our finding on chromosome 8, Zheng et al.
(2016) reported earlier a consistent QTL on chromosome 8
for field drought tolerance with few biochemical and
physiological characteristics.

The drought QTL cluster on chromosome 8§ from our
study will be a novel genomic resource. It could be further
characterized to identify few essential genes involved in
governing the drought tolerance in cotton. In a similar
context, Abdelraheem et al. (2017) also performed a QTL
cluster analysis for abiotic stress in cotton which helped in
the identification of a candidate gene and opened the
gateway for molecular breeding programs. Thus, it is
assumed that the present identified drought tolerance QTL
hotspot can be characterized in Indian cotton varieties for a
better understanding of the molecular and genetic mecha-
nism underlying abiotic stress tolerance.

Conclusion

In this study, a genetic linkage map containing 1,116 SNPs
and 782 SSRs was constructed, which spanned
28,083.03 cM of span length with an average distance of
10.19 cM between markers. Nineteen QTLs were identified
in nine chromosomes (chromosome-3, 4, 5, 7,8,12, 13, 15
and 26) for field drought tolerance traits such as plant
height (PH), chlorophyll stability index (CSI), relative
water content (RWC), proline content (PC), chlorophyll



Physiol Mol Biol Plants (August 2021) 27(8):1731-1745

1743

content (CC), nitrate reductase activity (NRA). Further,
one QTL hotspots on chromosome 8 inferred from the
consensus-based mapping approach with the mapping data
of public domain (Abdelraheem et al. 2018). All these
findings were credible and deserved priority for fine map-
ping to identify candidate genes/alleles of drought toler-
ance in upland cotton and further be deployed in marker-
assisted selection (MAS) in cotton breeding programs.
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