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Abstract: Rice blast, sheath blight and bacterial leaf blight are major rice diseases found worldwide.
The development of resistant cultivars is generally perceived as the most effective way to combat
these diseases. Plant disease resistance is a polygenic trait where a combinatorial effect of major
and minor genes affects this trait. To locate the source of this trait, various quantitative trait loci
(QTL) mapping studies have been performed in the past two decades. However, investigating the
congruency between the reported QTL is a daunting task due to the heterogeneity amongst the QTLs
studied. Hence, the aim of our study is to integrate the reported QTLs for resistance against rice
blast, sheath blight and bacterial leaf blight and objectively analyze and consolidate the location
of QTL clusters in the chromosomes, reducing the QTL intervals and thus identifying candidate
genes within the selected meta-QTL. A total of twenty-seven studies for resistance QTLs to rice blast
(8), sheath blight (15) and bacterial leaf blight (4) was compiled for QTL projection and analyses.
Cumulatively, 333 QTLs associated with rice blast (114), sheath blight (151) and bacterial leaf blight
(68) resistance were compiled, where 303 QTLs could be projected onto a consensus map saturated
with 7633 loci. Meta-QTL analysis on 294 QTLs yielded 48 meta-QTLs, where QTLs with membership
probability lower than 60% were excluded, reducing the number of QTLs within the meta-QTL to 274.
Further, three meta-QTL regions (MQTL2.5, MQTL8.1 and MQTL9.1) were selected for functional
analysis on the basis that MQTL2.5 harbors the highest number of QTLs; meanwhile, MQTL8.1
and MQTL9.1 have QTLs associated with all three diseases mentioned above. The functional analysis
allows for determination of enriched gene ontology and resistance gene analogs (RGAs) and other
defense-related genes. To summarize, MQTL2.5, MQTL8.1 and MQTL9.1 have a considerable number
of R-genes that account for 10.21%, 4.08% and 6.42% of the total genes found in these meta-QTLs,
respectively. Defense genes constitute around 3.70%, 8.16% and 6.42% of the total number of
genes in MQTL2.5, MQTL8.1 and MQTL9.1, respectively. This frequency is higher than the total
frequency of defense genes in the rice genome, which is 0.0096% (167 defense genes/17,272 total
genes). The integration of the QTLs facilitates the identification of QTL hotspots for rice blast, sheath
blight and bacterial blight resistance with reduced intervals, which helps to reduce linkage drag
in breeding. The candidate genes within the promising regions could be utilized for improvement
through genetical engineering.
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1. Introduction

Rice blast (RB), sheath blight (SHB) and bacterial leaf blight (BLB) are the major rice diseases
reported in rice. Rice blast is the number one destructive disease, followed by sheath blight and bacterial
leaf blight. The former two diseases are generally caused by fungal pathogens, Magnaporthe oryzae
and Rhizoctonia solani, respectively, while the latter is caused by a bacterial pathogen, Xanthomonas
oryzae. Rice blast can cause up to 30% reduction in yield annually and, under favorable conditions,
the losses can be up to 100% [1]. Meanwhile, for sheath blight, the reduction in yield can be up to 42% [2],
and for bacterial leaf blight, the losses can be up to 60% [3]. Continuous effort has been undertaken
to keep these diseases under control by encouraging farmers to exercise good farming practices. While
fungicides are the main method of controlling disease, their detrimental effects on the environment
and the handlers cannot be discounted. This has caused the rice industry to be largely dependent
on the generation of new resistant varieties as it is perceived to be the most efficient way by far.

Exploitation of the genetic determinants will improve other susceptible varieties. Taking this
into account, breeders and biotechnologists are striving to locate the source of resistance
to understand and utilize the genetics underlying this process. The emergence of molecular markers
such as simple sequence repeats (SSR) and single nucleotide polymorphism (SNP) are amenable
for large-scale screening in breeding. It also provides a useful avenue to map genes or quantitative
trait loci (QTL) responsible for a particular trait.

There has been a large number of QTL mapping studies for disease resistance against rice blast,
sheath blight and bacterial leaf blight [4–31]. However, these studies are conditioned to various
breeding methods and different QTL mapping analyses, which makes it difficult to handpick suitable
QTL candidates for breeding programs that carry multiple resistance. In view of this, it would
be interesting if these QTLs could be presented in an integrated manner with an exhaustive analysis
to evaluate the reported QTLs. To accomplish this, a structured, statistical method that takes into
account the parameters used in previous experiments is required to provide robust, viable and stable
target QTLs. In an effort to breed for multiple disease resistance, pyramiding of multiple QTLs
for different diseases has been conducted by breeders [32,33]. However, this method can be quite
a lengthy process as it begins with combining two QTLs for two different diseases into one line and then,
as the generation is established, another QTL is added to achieve the desirable traits. Moreover,
the QTLs that are introgressed may have epistatic interaction, which may affect the outcome of the
introgression process. However, if there are incidences where QTLs for different diseases coincide,
the attempt to introgress multiple QTLs can be avoided. To observe such incidences, all the QTLs
reported for the diseases should be presented in an integrated manner and mapped out to see if there
is any co-localization of QTLs.

Meta-QTL analysis has the ability to integrate information from various QTL mapping studies,
enabling a high degree of statistical power over the exorbitant amount of data. This particular
method is made possible through several software programs, such as Meta-QTL and BioMercator V4.2,
where specific sets of algorithms are formulated and embedded for precise evaluation and recalculation
of the genetic position for any given QTL [34]. The generation of a consensus map and the subsequent
projection of QTL allows for the identification of regions that are heavily populated with the QTL
for any given trait. On top of this, new genetic positions that agree with all the maps from the previous
experiments are also derived. Although each software program includes the same set of algorithms,
BioMercator V4.2 is the most advanced as compared to the former program, which is not user-friendly
and requires command lines to conduct each analytical function in meta-QTL analysis. Further, almost
all the previous meta-QTL studies used BioMercator V4.2. This would make comparison between
studies easier.

The extensive use of meta-QTL analysis demonstrates the importance of this method. Said et al.
(2019) accumulated 1223 QTLs associated with fiber quality, yield, yield-related and morphological
traits, drought tolerance and disease resistance from 42 different QTL studies in cotton (Gossypium spp.)
and identified putative QTL clusters through meta-QTL analysis [35]. Similarly, Swamy et al. (2011)
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conducted a meta-QTL analysis on 15 studies involving QTL associated with grain yield during
drought in rice and identified 14 meta-QTLs with reduced genetic intervals from 53 individual
QTLs [36]. A meta-analysis on 12 QTLs studied for salt tolerance at seedling stage was conducted,
where 11 meta-QTLs with reduced genetic intervals were mapped [37]. However, meta-QTL analysis
for disease resistance QTL in rice has not been reported. These meta-QTLs will be useful for the breeding
of multiple disease resistance in rice. The markers that closely flank the meta-QTL region can be used
for the screening of resistant progenies through marker-assisted selection to circumvent the usual
conventional screening process.

2. Results and Discussion

2.1. Compilation and Characterization of QTL Studies Involving Sheath Blight, Rice Blast and Bacterial Leaf
Blight Resistance

An exhaustive search against the published papers on QTL mapping enabled us to compile
27 different studies (15 SHB, 8 RB, 4 BLB) for the generation of a consensus map and meta-QTL
analysis (Table 1). These 27 studies varied in the form of markers, parents, population size and method
of breeding. Various types of markers, such as simple sequence repeat (SSR), restriction fragment
length polymorphism (RFLP), and insertion and deletions (InDels), were used to build the linkage maps
in these studies. The number of markers used ranged from 62 to 279, at an average of 141 markers per
study. In addition, the population size used for screening was between 82 and 1200 progenies. Some of
these studies had to be excluded as they lacked important information such as the genetic positions
of the QTL and markers, phenotypic variance and logarithm of odds (LOD). Some excluded studies
did not have any common markers with the rest of the studies compiled. After careful examination
of the QTLs, a total number of 333 QTLs associated with sheath blight, rice blast and bacterial leaf
blight resistance were compiled and prepared as individual input files for each study and subjected
to mapping, QTL projection and meta-QTL analysis. The compilation of 333 QTLs does not necessarily
cover all the QTL published. The results obtained are the best representation of what could be obtained
to our maximum potential.
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Table 1. Summary of QTL mapping studies employed for the generation of consensus map (RB: rice blast, SHB: sheath blight, BLB: bacterial leaf blight, F: filial
generation, RILs: recombinant inbred lines, DH: double haploid, BC: backcross, NIL: near isogenic line).

Disease Parents Cross Type No of Markers Used Type of Marker Population Size No. of QTLs References

RB Mahsuri x Pongsu
Seribu F3 63 SSR 300 40 [4]

SHB Tetep x HP2216 RILs, F2:10 126 SSR 127 12 [5]

RB ZhenShan97 x
Minghui63 RILs 127 SSR, RFLP 241 12 [6]

BLB Azucena x IR64 RILs 226 SSR 172 14 [38]
SHB RSB03 x HH1B RILS, F2:7 and F2:8 123 SSR, InDel 121 28 [7]

RB Owarihatamochi x
Nipponbare BC1F3 118 SSR, RFLP 82 4 [8]

SHB Teqing x Lemont RILs SSR, RFLP 240 2 [9]
SHB Jasmine85 x Lemont RILs 199 SSR 227 9 [10]
SHB Teqing x Lemont Bulk F4 113 RFLP 255 6 [11]
BLB Teqing x Lemont RILs, F13 279 SSR, RFLP 292 23 [12]
BLB Teqing x Lemont DH 176 RFLP 125 28 [12]
RB ZhenShan x MingHui RILs, F10 227 SSR, RFLP 241 22 [13]

SHB Jasmine85 x Lemont RILs, F5 199 SSR 250 12 [14]
SHB Jasmine95 x Lemont RILs, F5 199 SSR 250 14 [15]
SHB Jasmine85 x Lemont F2 clonal 94 SSR, RFLP 128 3 [16]
RB KHZ x TAM F2 clonal 74 SSR 192 7 [17]

SHB Rosemont x Pecos F2:3 149 SSR 279 8 [18]

RB KDML105 x
CT9993-5-10-M RILs, F8 121 SSR, RFLP 141 10 [19]

RB Teqing x Lemont RILs, F8 173 RFLP 280 9 [20]
RB Moroberekan x C039 RILs, F7 171 RFLP 300 10 [21]

BLB TN1 x SA0423 F2 151 SSR, InDel 184 3 [22]
SHB Yangdao4 x Lemont F2 and F2:3 180 SSR, InDel 568 21 [23]
SHB Baiyeqiu x Maybelle DH 282 SSR 251 4 [24]
SHB ARC10531 x BPT-5204 BC1F2 70 SSR 150 9 [25]
SHB Teqing x Lemont NIL, BC6F1 114 SSR, InDel 1200 1 [26]
SHB CJ06 x TN1 DH 214 SSR 116 16 [27]
SHB Jasmine85 x Lemont F2 clonal 118 SSR, RFLP 128 8 [28]
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2.2. Generation of Consensus Map and Projection of QTLs

The iterative projection of the maps along with the QTL onto the reference map [39] resulted
in a total number of 7633 loci composed of markers and some important genes. Figure 1 presents the
genetic map size and the number of loci mapped in each chromosome. The map size of the chromosomes
ranged from 134.4 to 604.77cM. The iterative map carefully removed any studies or QTLs that had
inverted or unlikely positions as compared to the reference map to avoid any discrepancy in generating
the consensus map. This resulted in a reduction of the total number of QTLs mapped to 303 QTLs
(from 333 QTLs). The highest number of QTLs is attributed to chromosome 3 with 42 QTLs, followed
closely by chromosome 2 and 1 with 40 and 39 QTLs, respectively. Chromosome 10 has the lowest
number of QTLs (eight QTLs), which is expected to be owing to the smallest size of this chromosome
(22.4 MB) [40].
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mapped in the 12 chromosomes. Chromosome 7 has the largest map size, while chromosome 1 has
the highest number of loci mapped.

2.3. Meta-QTL for Sheath Blight, Rice Blast and Bacterial Leaf Blight Resistance

A great number of QTL studies have been conducted over the past few years to help pinpoint
regions with significant associations with a desired trait. In addition to the overwhelming amount
of data, which is tedious to browse through, the discrepancies that exist between these studies make
the analyses even more complicated. Since the introduction of meta-analysis for QTLs back in 2000 [41],
a spurt of meta-analysis studies for QTL in various organisms were observed in subsequent years.
The earliest reports of QTL meta-analysis in rice were documented for blast resistance, drought
tolerance and root architecture, while rice grain yield under drought was studied years later. Most
recently, meta-analyses on QTL associated with seedling-stage salt tolerance and panicle-related traits
in rice were also performed.

In this study, we have conducted meta-QTL analysis on QTLs associated with resistance against
rice blast, sheath blight and bacterial leaf blight to investigate the consensus between these diseases
and to refine the QTL clusters. The previously published meta-analysis on QTL and genes in rice blast
resistance was performed on a physical map and the meta-QTLs were obtained through the method
devised by Gerber and Goffinet [42]. In contrast, the present study made use of a more advanced
method by Veyrieras, which is performed on a genetic map. This method allows for the detection
of more than four clusters, in contrast to the Gerber and Goffinet method, which limits the meta-QTLs
to four clusters.
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From 303 QTLs projected in the current study, only 294 QTLs could be assigned to their
respective meta-QTL clusters following meta-QTL analysis. The consensus map that was subjected
to meta-analysis is represented in Figure 2. A total of 48 meta-QTLs were discovered, with confidence
intervals ranging from 0 to 23.94cM. Meanwhile, the LOD and r2 of the initial QTL vary from 0.87 to 36.7%
and 0.2% to 67.9% respectively. These meta-QTL regions were screened further based on the following
criteria: [40] (1) the membership probability of the QTL assigned to the respective meta-QTL should be
>60%, (2) the meta-QTL region should at least include two QTLs with the aforementioned membership
probabilities, and (3) the lowest number of QTLs must come from independent studies [43].

In chromosome 1, 36 QTLs provided the basis for four meta-QTLs. Twelve (12) QTLs were
excluded as their membership probability was <60%. MQTL1.1 had the highest number of QTLs (11)
associated with sheath blight and rice blast in chromosome 1. Chromosome 2, with the highest number
of QTLs projected (40 QTLs), had a total of six meta-QTLs. Nevertheless, two meta-QTLs had to be
discarded as they did not meet the criteria. MQTL2.5 had the highest number of QTLs associated with
sheath blight and rice blast resistance (19 QTLs) as compared to all meta-QTLs in all chromosomes. In
total, five meta-QTLs were identified in chromosome 3 from the initial 35 QTLs after excluding QTLs
with >60% membership probability. MQTL3.3 had the highest number of QTLs (11) linked to resistance
against sheath blight and bacterial leaf blight. A total of 14 QTLs were projected in chromosome 4,
resulting in the identification of six meta-QTLs. However, three meta-QTLs were excluded as they did
not comply with the criteria established.

Chromosome 5 had a total of 16 QTLs which were assigned to four meta-QTLs. Chromosome
6 had 19 QTLs, which was reduced to 16 QTLs. Around two meta-QTLs were identified, with the
highest number of QTLs attributed to MQTL6.1 (12 QTLs), solely contributing to resistance against
rice blast. Around four meta-QTLs were identified in chromosome 7, with 17 QTLs reduced from 23
QTLs. MQTL7.1 had 12 QTLs associated with resistance against rice blast, sheath blight and bacterial
leaf blight. In chromosome 8, 20 QTLs were clustered into four meta-QTLs. MQTL8.1 had the highest
number of QTLs (12 QTLs) associated with rice blast, sheath blight and bacterial leaf blight.

In chromosome 9, four meta-QTLs were identified with 33 QTL projections, which was then
reduced to 24. The highest number of QTLs in chromosome 9 was associated with MQTL9.1, with 10
QTLs associated with rice, blast, sheath blight and bacterial leaf blight. We also managed to discover
two meta-QTLs in chromosome 10, which had the lowest number of QTLs (six QTLs). Meta-analysis
on chromosome 11, with an initial projection of 30 QTLs, which was reduced to 24 QTLs, resulted in
four meta-QTLs. The highest number of QTLs belonged to MQTL11.3, with eight QTLs associated with
rice blast and bacterial leaf blight. Lastly, five meta-QTLs were discovered in chromosome 12, with 15
QTLs at initial projection and 14 QTLs after exclusion of QTLs with low membership probability.

Based on the observations above, it can be concluded that variation exists in terms of the number
of QTLs assigned as members for each meta-QTL. The maximum number of QTLs clustered in one
meta was from MQTL2.5, with 19 QTLs associated with RB and SHB resistance. On the other hand,
it was also noted that singular QTLs were assigned as one meta-QTL. This was observed with 10
meta-QTLs: MQTL2.4, MQTL2.6, MQTL4.1, MQTL4.3, MQTL4.4, MQTL7.2, MQTL8.2, MQTL9.3,
MQTL12.2 and MQTL12.5. Since these regions only had singular QTLs, they were excluded from
further elucidation. Further, regions with QTLs from the same study were also excluded (MQTL5.3
and MQTL 10.2), bringing down the total meta-QTLs to 36 (Figures 2 and 3 and Table 2). Figure 4
depicts and summarizes the size and position of meta-QTLs in each chromosome along with the
frequency of QTLs assigned for each meta-QTL.
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Figure 2. The consensus map of the QTLs associated with RB, SHB and BLB resistance following
meta-analysis, (a) chromosomes 1–4; (b) chromosomes 5–8; (c) chromosomes 9–12. The colored regions
represent the meta-QTL regions with reduced confidence intervals. The QTL are colored according to
their respective meta-QTL regions.
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Figure 3. Distribution of QTLs associated with resistance against sheath blight, rice blast and bacterial
leaf blight across the chromosomes. The bar chart on the left depicts the number of QTLs assigned after
meta-analysis, while the bar chart on the right depicts the number of QTLs after exclusion of QTLs
with membership probability <60%.
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Table 2. Meta-QTLs associated with resistance against RB, SHB and BLB along with other information
such as the range of LOD and phenotypic variance of initial QTL and the confidence interval of
the meta-QTL.

Chromosome MQTL Number of
QTL(s) Involved

Confidence
Interval (cM)

Diseases
Involved LOD R2 (%)

1

MQTL1.1 11 0.49 SHB, RB 1–12.3 1.6–42.6
MQTL1.2 8 2.37 SHB, RB 2.2–8.18 2–4.83
MQTL1.3 2 2.67 BLB, RB 2.17–5.7 0.89–6.84
MQTL1.4 3 0.4 BLB, RB 5.07–30.6 13.4–36.4

2

MQTL2.1 11 1.18 SHB, BLB 2.23–6.3 1.75–22.1
MQTL2.2 3 4.57 SHB, RB 3.1–4.14 0.93–8.2
MQTL2.3 4 3.97 SHB 2.6–4.1 3.2–6.64
MQTL2.4 1 0.22 BLB 1.35–27.8 3–44.2
MQTL2.5 19 0.21 SHB, RB 2.85
MQTL2.6 1 1.18 RB 5.88 2.13

3

MQTL3.1 7 2.41 SHB, RB 2.97–17.61 0.229–9.96
MQTL3.2 8 0.12 SHB, RB 1.9–4.04 3.2–15.9
MQTL3.3 13 0.5 SHB, BLB 1.54–7.57 0.63–31.53
MQTL3.4 5 2.34 RB 2.34–5.36 10.9–17.61
MQTL3.5 2 0.07 SHB 1.65–2.8 3–5.57

4

MQTL4.1 1 1.56 RB 6.24 14.45
MQTL4.2 2 5.09 RB, SHB 2.7–3.35 4.15–5.6
MQTL4.3 1 5.51 RB 5.86 1.99
MQTL4.4 1 11.87 BLB 2.26 0.91–0.91
MQTL4.5 3 7.79 SHB, BLB 3.403–3.8 10–15.7
MQTL4.6 2 1.73 SHB, RB 3–11 17.53–29.4

5

MQTL5.1 3 5.01 SHB, RB 4.4–6.1 0.24–5.1
MQTL5.2 5 2.8 BLB 3.4–6.7 1.01–11.5
MQTL5.3 2 7.73 SHB 3.66 10
MQTL5.4 6 0.3 SHB 2.03–6.8 5.7–15.7

6
MQTL6.1 12 0.76 RB 0.87–13.7 0.28–40
MQTL6.2 4 5.63 RB, BLB 2.66–13.2 4.6–9.58

7

MQTL7.1 7 0.13 RB, SHB,
BLB 2.6–16.01 2.3–36.6

MQTL7.2 1 0.1 RB 2.7
MQTL7.3 7 0.98 RB 2–8.8 2.1–21.76
MQTL7.4 2 23.94 RB 3 11–12

8

MQTL8.1 12 3.13 RB, SHB,
BLB 3–15.04 0.165–16.71

MQTL8.2 1 4.27 RB 4.5–4.5 7.22–7.22
MQTL8.3 2 1.82 RB, BLB 3.51–6.11 1.43–10.49
MQTL8.4 5 2.99 SHB 3.5–6 5.8–23.5

9

MQTL9.1 10 1.38 SHB, BLB,
RB 2–5.9 3–12.9

MQTL9.2 4 0.04 SHB, RB 4.44–10.1 0.99–4.75
MQTL9.3 1 0.07 SHB 6.9–6.9 2.5
MQTL9.4 9 0 SHB, RB 2.27–19.9 2.82–27.2

10
MQTL10.1 6 19.78 RB 1.04–7.7 3–5
MQTL10.2 2 0.07 BLB 2.68–5.04 0.77–1.13

11

MQTL11.1 7 10.78 SHB 3.7–6.19 1.56–15.19
MQTL11.2 2 8.44 SHB 3–4.38 9.77–21.59
MQTL11.3 8 4.82 BLB, RB 1.39–36.78 3–67.9
MQTL11.4 7 1.76 BLB, RB 2.66–26.6 3.53–26.53

12

MQTL12.1 3 0.63 SHB 3.31–4.2 6.99–11.95
MQTL12.2 1 10.74 SHB 3.12 10.49
MQTL12.3 3 3.97 RB 4.52–5.49 7.2–8.7
MQTL12.4 6 4.17 RB 4.33–20.1 4.16–13.7
MQTL12.5 1 10.66 3 9.15
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For individual resistance against rice blast, MQTL6.1 and MQTL7.3 seem like the best regions
as they accommodated 12 and 7 QTLs for rice blast, respectively. On the other hand, MQTL5.5, MQTL8.4
and MQTL11.1 are the best regions for resistance against sheath blight, with six, five and seven QTLs
for sheath blight, respectively. Finally, MQTL5.2 possesses the highest number of QTLs (five QTLs)
for resistance against bacterial leaf blight.

Over the years, a substantial amount of resistance genes which are highly specific to certain
diseases were discovered. However, these resistance genes are often defeated by the ever-evolving
pathogens. In contrast, QTL regions which confer non-specific resistance and are highly durable
could provide a “killing two birds with one stone” situation, where it may provide multiple resistance
to diseases. For multiple disease resistance, three meta-QTLs, MQTL2.5, MQTL8.1 and MQTL9.1,
appear to be excellent regions to breed for broad-spectrum resistance. MQTL2.5 has the highest number
of QTLs associated with sheath blight and rice blast, while MQTL8.1 and MQTL9.1 have the highest
number of QTLs associated with all three diseases. Given these reasons, these three meta-QTLs were
selected as candidates for functional analysis to mine for candidate genes.

2.4. Identification of Candidate Genes within the Best Candidate meta-QTL

To discover candidate genes, a functional analysis was performed on best meta-QTL regions.
Out of the 41 candidate meta-QTLs identified, we selected the best three meta-QTLs, MQTL2.5,
MQTL8.1 and MQTL9.1, for functional analysis. MQTL2.5 was chosen because it has the highest
number of QTLs (19 QTLs) compared to other meta-QTLs, which exhibits good potential for breeding
against sheath blight and rice blast. Meanwhile, MQTL8.1 and MQTL9.1 have the highest numbers
of QTLs associated with resistance to all three diseases, rice blast, sheath blight and bacterial leaf blight,
with 12 and 10 QTLs, respectively (Table 2). These two meta-QTLs are the most promising regions
as they house the highest number of QTLs associated with multiple disease resistance.

2.4.1. MQTL2.5

The 0.21cM interval of MQTL2.5 constitutes a 0.48kbp region in chromosome 2, where around
108 genes were annotated. Based on the gene ontology mapping and annotation for these genes
(depicted as scatterplot in Figure 5), we found that the oxidation-reduction process, electron transport
chain, ethanol oxidation and interstrand crosslink repair were among the most enriched biological
processes in MQTL2.5. Around 12 genes were annotated with the oxidation-reduction process. Redox
regulation was deemed to be crucial to alleviate the rapid oxidative burst that occurs as a consequence
of stress imposition on plants during pathogen invasion [44]. Electron transport chain facilitates
the generation of reactive oxygen species. While ethanol oxidation may not necessarily be linked
to disease resistance, interstrand crosslink repair has been associated with DNA-related general
housekeeping processes.

Further, around 11 resistance gene homologues were identified after a blast search against
PRGdb (Figure 6a and Appendix A Table A1). This group of genes was described as disease resistance
proteins, DUF640 domain containing proteins, OsWAK24, dehydrogenase, dihydroflavonol-4-reductase,
cinnamoyl CoA reductase, serine/threonine-protein kinase, putative, ELMO/CED-12 family protein
and pib. The full details on these genes are provided in the Appendix A Table A1. These genes were
annotated as disease-resistant proteins and pib is analogous to the Pib gene, an NBS-LRR R-gene
for M. oryzae in rice [45]. DUF640 domain containing protein is a match for the RPP2A resistance
gene in A. thaliana, which demonstrates resistance against Hyaloperonospora parasitica [46]. OsWAK24
is a wall-associated receptor kinase with similarity to the Yr36 R-gene in Triticum turgidum subsp.
Dicoccoides [47]. Dehydrogenase, dihydroflavonol-4-reductase and cinnamoyl CoA reductase show
similarity to the Hm2 R-gene in Zea mays [48]. Serine/threonine-protein kinase and ELMO/CED-12
family protein are identical to PBS1 in A. thaliana, which is needed for RPS5 disease resistance
protein-mediated plant defense [49] (Figure 6a and Appendix A Table A1).
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In terms of defense genes, several genes are involved in cell wall fortification and reactive oxygen
species (ROS) production and scavenging (Figure 6b and Appendix A Table A2). Around four copies
of cinnamoyl-CoA reductase 1 have been implicated in lignin biosynthesis, which fortifies
and strengthens the cell wall to provide the first line of defense against the penetration of the host by
the pathogen. A study by Mutuku et al. (2019) demonstrated that, upon infection of Striga hermonthica
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in rice, the accumulation of metabolites related to the deposition of lignin was observed at the site
of infection. Lignin makes up the cell wall of vascular plants and is induced upon biotic stress [50].
A rapid burst of ROS was observed as one of the earliest events after the imposition of stress [51].
Apart from this, four copies of protein LUTEIN DEFICIENT 5 were involved in oxidoreductase
activity involving ROS. The production of ROS can trigger the defense signal and activate downstream
genes. However, when above the threshold, ROS can be toxic to the host plant. Hence, to scavenge
the excessive ROS, protein LUTEIN DEFICIENT 5 is required through the action of oxidoreductase
activity [52] (Figure 6b and Appendix A Table A2).

2.4.2. MQTL8.1

MQTL8.1, with a confidence interval of 3.13cM, spans around 1.13kbp in chromosome 8. Function
alanalysis of this region yielded around 196 annotated genes. The most enriched biological processes
in this MQTL are regulation of transcription, DNA integration, proteolysis and negative regulation
of plant type hypersensitive response (Figure 7). Transcription factors govern various physiological
and biochemical processes for an orderly series of events leading to defense in plants [53]. A high
number of genes involved in DNA integration are transposable elements, which are largely repetitive
elements in the plant genome that cause genome expansion [54]. Proteolysis by proteases not only
helps in the detection of pathogen invasion but also induces defense response and activates defense
signaling regulators [55]. The hypersensitivity response, which is manifested as cell death in the form
of necrotic lesions, is important to contain further propagation of pathogens [56].
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Around nine RGAs were found in the blast search against PRGdb, which are annotated
as CGMC_MAPKCMGC_2_ERK.13, ABC-2 type transporter domain containing protein, RGH1A, mla1,
BRASSINOSTEROID INSENSITIVE 1-associated receptor kinase 1 precursor and disease resistance
protein RPM1. CGMC_MAPKCMGC_2_ERK.13 is analogous to the Yr36 gene in T. turgidum [47].
ABC-2 type transporter domain containing protein shows similarity to Lr34 in Triticum aestivum [57].
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RGH1A and mla1 is matched against Pi36, a rice R-gene for M. oryzae [58]. BRASSINOSTEROID
INSENSITIVE 1-associated receptor kinase 1 precursor and disease resistance protein RPM1 are identical
to BAK1 in A. thaliana [59] (Figure 8a and Appendix A Table A3).
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In addition, defense genes that are related to cell wall fortification, hypersensitive response,
ROS, defense signaling, transcriptional activity and terpenoid biosynthesis were found in MQTL8.1.
Two genes annotated as hydroxyproline-rich glycoprotein-like are plant wall glycoproteins that serve as
barriers against pathogens. Cell wall hardening caused by these proteins was observed during pathogen
infection, suggesting their involvement in the first line of defense [60]. Meanwhile, a gene annotated
as O-methyltransferase, involved in the biosynthesis of lignin, was identified and noted for its
involvement in cell wall fortification [61]. Aside from this, a gene annotated as mitogen-activated
protein kinase 2 (MAPK2) is involved in MAPK cascades that serves as a central signaling pathway
related to downstream defense processes [62] (Figure 8b and Appendix A Table A4).

Around seven copies of lesion stimulating disease protein-1 (LSD-1) involved in negative
regulation of the plant hypersensitive response prevents the elicitation of the hypersensitive response.
The silencing of this gene in rice has made the plant mimic disease lesion, which in turn upregulates the
expression of PR-1 proteins [63]. A gene annotated as transposon protein, CACTA, En/Spm sub-class,
has been implicated as being involved in transcriptional activity related to plant defense. Transposon
is a repetitive element found throughout the genomes of organisms which are responsible for the
expansion of the genome as they replicate the DNA sequence into other parts of the genome [54,64].
RIM2 elements in the transposon (CACTA family) were transcriptionally activated upon infection by
Magnaporthe grisea, suggesting a hypothetical role in plant defense at the transcriptional level [65].
Around three genes annotated as reticuline oxidase are involved in oxidoreductase activity that serves
to scavenge excess ROS and prevent cellular and molecular damage to plants [52]. Lastly, a gene
annotated as uncharacterized protein LOC4344772 is involved in terpenoid biosynthesis. Terpenoids
are compounds with antimicrobial activity that may be induced upon infection by the pathogen.
An overexpressed rice terpene synthase gene (OsTPS19) led to increased resistance of rice against
M. oryzae [66] (Figure 8b and Appendix A Table A4).

2.4.3. MQTL9.1

The 1.38cM interval of MQTL9.1 corresponds to the 0.46kb region in chromosome 9. The total
number of genes annotated in MQTL9.1 via Blast2GO is 109. The top enriched biological processes are
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related to the oxidation-reduction process, translation, regulation of transcription, positive regulation
of transcription from RNA polymerase II promoter and regulation of cyclin-dependent protein
serine/threonine activity (Figure 9). Translation is a major biological process required for the translation
of transcripts to protein. Positive regulation of transcription from RNA polymerase II is crucial to
accelerate transcription. These two processes are perceived as general housekeeping processes. The
involvement of cyclin dependent kinases in plant defense against pathogens is believed to be exhibited
through its role in the transcriptional activation of a plant’s defense pathway [67].
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Figure 9. Scatterplot representing the enriched biological process gene ontology in MQTL9.1
The intensity of the color increases from blue to red as the GO term is enriched. The most enriched processes
in MQTL9.1 are oxidation-reduction, translation, regulation of transcription, positive regulation
of transcription from RNA polymerase II promoter and regulation of cyclin-dependent protein
serine/threonine activity.

In addition, around seven RGAs, annotated as conserved hypothetical protein, expressed
protein, OsFBX334-F-box domain containing protein and OsFBX335-F-box domain containing protein,
were identified. The conserved hypothetical protein and OsFBX335-F-box domain containing
protein are identical to the RPP5 gene in A. thaliana. Three expressed proteins were matched
to R3a (Solanum tuberosum), RPP2A (A. thaliana) and Xa13 (O. sativa) genes, disease resistance
genes against potato late blight, downy mildew and bacterial leaf blight, respectively [46,68,69].
OsFBX334-F-box domain containing protein is akin to SSI4, a TIR-NBS-LRR containing R-gene
in A. thaliana [70] (Figure 10a and Appendix A Table A5).
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Further, two pathogenesis-related (PR) proteins, namely glucan endo-1,3-beta-glucosidase,
commonly known as β-1,3-glucanases (PR-2 protein), were identified in MQTL9.1 and are known
to facilitate downstream defense processes. A copy of peroxidase, a PR-9 protein, was also identified.
This protein plays a pivotal role in generating ROS that triggers the hypersensitivity response
and restricts infection [71]. Three genes involved in oxidoreductase activity were chloroplast envelope
quinone oxidoreductase homolog and L-ascorbate oxidase (Figure 10b and Appendix A Table A6).

3. Materials and Methods

3.1. Bibliographic Search and Data Mining

We conducted an exhaustive bibliographic search against all the published papers between 1995 to
2019 and compiled all the information on QTLs pertaining to resistance against RB, SHB and BLB
in rice (Oryza sativa L.). The information includes parent population, type of mapping population
(recombinant inbred line, RIL, and backcross, BC), size of population assayed, logarithm of odds (LOD),
phenotypic variance (R2), molecular markers flanking the QTL along with its genetic position and the
genetic position of the QTL interval. After careful examination of the compiled information, the studies
that lacked the required information, such as the genetic position, LOD and phenotypic variance, were
excluded. For those studies that provided p-values instead of LOD scores, a spreadsheet to convert
p-values to LOD and vice versa by Nyholt et al. (2000) was used [72]. In total, around 27 studies were
compiled for our current analysis and are summarized in Table 1.

3.2. Generation of Consensus Map

Following data compilation, two separate input files (map file and QTL file) were prepared for each
study according to the user guide provided for BioMercator V4.2 [73] in txt. format. The files were
then uploaded into BioMercator V4.2. To construct a consensus map, all the maps with the markers
and QTLs were iteratively projected on a reference map produced by Temnykh et al. (2004) [74] in order
of highest quality to lowest quality to ensure smooth arrangement of the markers. Any markers that
did not comply (inverted) in terms of linkage were automatically discarded.

3.3. Meta-QTL Analysis

Following the construction of the consensus map and projection of the QTLs, meta-QTL
analysis was performed on individual chromosomes to refine the QTL hotspot regions. To achieve
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this, the algorithm developed by Veyrieras was used, which involves a two-step analysis. In the first
step, the best model (best number of meta-QTLs for a chromosome) is computed. The output for this
step is produced in 3 files containing the computation data. The first file contains the computation data
based on 5 criteria, namely Akaike Information Criterion (AIC), corrected Akaike Information Criterion
(AICc), Akaike Information Criterion 3 (AIC3), Bayesian Information Criterion (BIC) and Approximate
Weight of Evidence Criterion (AWE). These criteria evaluate the quality of the different models that are
being compared, where the model with the lowest criterion value and 0 delta value is considered as the
best model as it corresponds to the least information lost as compared to other models. For example,
if model 4 has the lowest AIC value and 0 delta value, the suitable and precise number of meta-QTLs
estimated for a particular chromosome will be 4. In the second file, the computation data from the
previous file are summarized to display the best model suggested by each criterion. The best model has
the majority of the suggested criteria. The third file comprises the summary of the clustering results.
The second step involves setting up the appropriate parameters for the meta-analysis, including the
number of meta-QTLs to be mapped. Here, we selected the suggested model from previous steps
and kept the other parameters as default. Following the second step, another file was added into the
task pane that contained the information of the meta-QTL analysis.

3.4. Functional Analysis

The selected meta-QTL regions were subjected to functional analysis to identify candidate genes
related to the trait of interest. The physical positions of the markers flanking the meta-QTL regions
were determined by Gramene [75] or by subjecting the primer sequence of the marker to nucleotide
blast in NCBI [76] to identify the range of the sequence in the reference genome of Nipponbare [77].
Then, the nucleotide sequence within the region of interest was uploaded into Blast2GO [78] in fasta
format for functional analysis. The description and the gene ontology (GO) of the list of genes within
the region was then obtained. InterProScan [79] was used to determine the domains or repeats found
in the genes. The gene ontology enrichments were visualized using ReviGO, where the intensity of the
bubble color increases from blue to red as the GO term is enriched [80]. The fasta sequence of the
QTL region was also subjected to blast against the plant disease resistance gene database (PRGDB)
to determine the resistance gene analogs [81]. The positions and frequency of the meta-QTLs on the
12 rice chromosomes were visualized using ClicO FS [82].

4. Conclusions

A vast number of studies have been conducted to determine QTLs associated with rice blast, sheath
blast and bacterial leaf blight across different regions and varieties. However, meta-QTL analyses for
these QTLs have not been reported to date. Considering this, we have integrated all the QTL mapping
studies pertaining to RB, SHB and BLB resistance to investigate the consensus between these diseases
and performed a meta-analysis to refine the QTL clusters. A total of 48 meta-QTLs were obtained
through the meta-analysis using BioMercator V4.2, which was further reduced to 36 meta-QTLs after
filtering out the undersaturated regions. In terms of resistance against multiple diseases, only three
meta-QTLs were eligible for multiple resistance, MQTL2.5, MQTL8.1 and MQTL9.1, which had 19,
12 and 10 QTLs, respectively, as members. A considerable number of R-genes and defense genes were
identified within these meta-QTL regions through functional analysis. The R-genes were found to
confer resistance against a wide array of pathogens, including fungi and bacteria, that go beyond
the microorganisms’ links to the diseases elucidated in this study. The defense genes identified were
associated with diverse functions such as cell wall fortification, defense signaling, reactive oxygen
species, anti-microbial activity, biosynthesis of secondary metabolites and transcriptional activity.
The R-genes recognize the pathogen and relay the signals to activate defense genes, which elicit broad
spectrum resistance against the pathogen. The information on the markers associated with these
meta-QTL regions and genes occupying the region will be useful in breeding for resistance against
multiple diseases.
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Appendix A

Table A1. List of R-genes in MQTL2.5.

Locus ID Gene Description Locus ID PRGdb

LOC_Os02g57305.1 disease resistance protein,
putative, expressed 150957_PIB

LOC_Os02g56610.1 DUF640 domain containing
protein, putative, expressed 170018_RPP2A

LOC_Os02g56630.1 OsWAK24—OsWAK receptor-like
protein kinase, expressed 170039_Yr36

LOC_Os02g56680.1 dehydrogenase, putative,
expressed 1499_Hm2

LOC_Os02g56690.1 dihydroflavonol-4-reductase,
putative, expressed 1499_Hm2

LOC_Os02g56700.1 dehydrogenase, putative,
expressed 1499_Hm2

LOC_Os02g56720.2 cinnamoyl CoA reductase,
putative, expressed 1499_Hm2

LOC_Os02g57080.1 serine/threonine-protein kinase,
putative, expressed 170031_PBS1

LOC_Os02g57080.2 serine/threonine-protein kinase,
putative, expressed 170031_PBS1

LOC_Os02g57160.1 ELMO/CED-12 family protein,
putative, expressed 170031_PBS1

LOC_Os02g57310.1 pib, putative, expressed 150957_PIB
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Table A2. List of defense genes in MQTL2.5.

Locus ID Gene Description Gene Ontology

LOC_Os02g56680.1 cinnamoyl-CoA reductase 1

F:protein binding; C:cytoplasm;
P:defense response; P:lignin

biosynthetic process;
F:oxidoreductase activity, acting
on the CH-OH group of donors,

NAD or NADP as acceptor;
F:cinnamoyl-CoA reductase

activity; F:coenzyme binding;
P:oxidation-reduction process

LOC_Os02g56690.1 cinnamoyl-CoA reductase 1-like

F:protein binding; C:cytoplasm;
P:defense response; P:lignin

biosynthetic process;
F:oxidoreductase activity, acting
on the CH-OH group of donors,

NAD or NADP as acceptor;
F:cinnamoyl-CoA reductase

activity; F:coenzyme binding;
P:oxidation-reduction process

LOC_Os02g56700.1 cinnamoyl CoA reductase

F:protein binding; C:cytoplasm;
P:defense response; P:lignin

biosynthetic process;
F:oxidoreductase activity, acting
on the CH-OH group of donors,

NAD or NADP as acceptor;
F:cinnamoyl-CoA reductase

activity; F:coenzyme binding;
P:oxidation-reduction process

LOC_Os02g56720.2 cinnamoyl-CoA reductase 1-like

F:protein binding; C:cytoplasm;
P:defense response; P:lignin

biosynthetic process;
F:oxidoreductase activity, acting
on the CH-OH group of donors,

NAD or NADP as acceptor;
F:cinnamoyl-CoA reductase

activity; F:coenzyme binding;
P:oxidation-reduction process

LOC_Os02g57290.1 protein LUTEIN DEFICIENT 5,
chloroplastic

F:iron ion binding; C:chloroplast
envelope; F:carotene beta-ring

hydroxylase activity;
P:xanthophyll biosynthetic

process; F:oxidoreductase activity,
acting on paired donors, with
incorporation or reduction of

molecular oxygen; F:heme binding;
P:oxidation-reduction process

LOC_Os02g57290.4 protein LUTEIN DEFICIENT 5,
chloroplastic

F:iron ion binding; C:chloroplast
envelope; F:carotene beta-ring

hydroxylase activity;
P:xanthophyll biosynthetic

process; F:oxidoreductase activity,
acting on paired donors, with
incorporation or reduction of

molecular oxygen; F:heme binding;
P:oxidation-reduction process
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Table A2. Cont.

Locus ID Gene Description Gene Ontology

LOC_Os02g57290.2 protein LUTEIN DEFICIENT 5,
chloroplastic

F:iron ion binding; C:chloroplast
envelope; F:carotene beta-ring

hydroxylase activity;
P:xanthophyll biosynthetic

process; F:oxidoreductase activity,
acting on paired donors, with
incorporation or reduction of

molecular oxygen; F:heme binding;
P:oxidation-reduction process

LOC_Os02g57290.3 protein LUTEIN DEFICIENT 5,
chloroplastic

F:iron ion binding; C:chloroplast
envelope; F:carotene beta-ring

hydroxylase activity;
P:xanthophyll biosynthetic

process; F:oxidoreductase activity,
acting on paired donors, with
incorporation or reduction of

molecular oxygen; F:heme binding;
P:oxidation-reduction process

Table A3. List of R-genes in MQTL8.1.

Locus ID Gene Description Locus ID PRGdb

LOC_Os08g06060.1
CGMC_MAPKCMGC_2_ERK.13—CGMC

includes CDA, MAPK, GSK3
and CLKC kinases, expressed

170039_Yr36

LOC_Os08g07010.1 ABC-2 type transporter domain
containing protein, expressed 161470_Lr34

LOC_Os08g07330.2 RGH1A, putative, expressed 161436_Pi36
LOC_Os08g07340.1 mla1, putative, expressed 161436_Pi36
LOC_Os08g07370.1 RGH1A, putative, expressed 161436_Pi36

LOC_Os08g07390.1

BRASSINOSTEROID
INSENSITIVE 1-associated
receptor kinase 1 precursor,

putative, expressed

170016_BAK1

LOC_Os08g07774.1 disease resistance protein RPM1,
putative, expressed 161439_Lr10

LOC_Os08g07774.2 disease resistance protein RPM1,
putative, expressed 170016_BAK1

Table A4. List of defense genes in MQTL8.1.

Locus ID Gene Description Gene Ontology

LOC_Os08g06060.1 mitogen-activated protein kinase 2

P:MAPK cascade; F:MAP kinase
activity; F:protein tyrosine kinase
activity; F:ATP binding; C:nucleus;
C:cytoplasm; P:regulation of gene

expression; P:peptidyl-tyrosine
phosphorylation
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Table A4. Cont.

Locus ID Gene Description Gene Ontology

LOC_Os08g06100.1 O-methyltransferase

C:nucleus; C:cytoplasm; C:plasma
membrane; C:plasmodesma;

P:response to wounding;
P:response to ethylene; P:response

to salicylic acid; P:lignin
biosynthetic process;

F:acetylserotonin
O-methyltransferase activity;

P:melatonin biosynthetic process;
F:luteolin O-methyltransferase

activity; F:quercetin
3-O-methyltransferase activity;

P:methylation; F:myricetin
3′-O-methyltransferase activity;

P:response to hydrogen peroxide;
F:protein dimerization activity;
F:caffeate O-methyltransferase
activity; P:flavonol biosynthetic

process; F:quercetin
3′-O-methyltransferase activity

LOC_Os08g06170.1 reticuline oxidase
F:oxidoreductase activity;

P:oxidation-reduction process;
F:FAD binding

LOC_Os08g06180.1 reticuline oxidase
F:oxidoreductase activity;

P:oxidation-reduction process;
F:FAD binding

LOC_Os08g06190.1 reticuline oxidase
F:oxidoreductase activity;

P:oxidation-reduction process;
F:FAD binding

LOC_Os08g06280.1 protein LSD1

C:nucleus; P:negative regulation
of plant-type hypersensitive
response; P:regulation of cell

differentiation

LOC_Os08g06280.2 protein LSD1

C:nucleus; P:negative regulation
of plant-type hypersensitive
response; P:regulation of cell

differentiation

LOC_Os08g06280.3 protein LOL1-like

C:nucleus; P:negative regulation
of plant-type hypersensitive
response; P:regulation of cell

differentiation

LOC_Os08g06280.4 protein LSD1

C:nucleus; P:negative regulation
of plant-type hypersensitive
response; P:regulation of cell

differentiation

LOC_Os08g06280.7 protein LSD1

C:nucleus; P:negative regulation
of plant-type hypersensitive
response; P:regulation of cell

differentiation
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Table A4. Cont.

Locus ID Gene Description Gene Ontology

LOC_Os08g06280.8 protein LSD1

C:nucleus; P:negative regulation
of plant-type hypersensitive
response; P:regulation of cell

differentiation

LOC_Os08g06280.9 Protein LSD1

C:nucleus; P:negative regulation
of plant-type hypersensitive
response; P:regulation of cell

differentiation

LOC_Os08g06380.1 cellulose synthase-like CslF6

C:Golgi membrane; C:trans-Golgi
network; C:plasma membrane;
P:plant-type primary cell wall

biogenesis; C:integral component
of membrane; F:cellulose synthase
(UDP-forming) activity; P:cellulose

biosynthetic process; F:mannan
synthase activity; P:cell wall

organization; P:mannosylation

LOC_Os08g06970.1 hydroxyproline-rich
glycoprotein-like

F:serine-type endopeptidase
activity; P:proteolysis

LOC_Os08g07350.1 transposon protein, putative,
CACTA, En/Spm sub-class

P:proteolysis; P:defense response;
F:cysteine-type peptidase activity

LOC_Os08g07430.1 uncharacterized protein
LOC4344772

F:magnesium ion binding;
C:cytoplasm; P:defense response;

F:terpene synthase activity;
C:integral component of
membrane; P:terpenoid

biosynthetic process;
F:beta-sesquiphellandrene

synthase activity

Table A5. List of R-genes in MQTL9.1.

Locus ID Gene Description Locus ID PRGdb

LOC_Os09g32400.1 conserved hypothetical protein 1493_RPP5
LOC_Os09g32580.1 expressed protein 147_R3a

LOC_Os09g32600.1 OsFBX334—F-box domain
containing protein, expressed 161441_SSI4

LOC_Os09g32610.1 expressed protein 170018_RPP2A

LOC_Os09g32860.1 OsFBX335—F-box domain
containing protein, expressed 1493_RPP5

LOC_Os09g32860.2 OsFBX335—F-box domain
containing protein, expressed 1493_RPP5

LOC_Os09g32992.1 expressed protein 161451_Xa13
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Table A6. List of defense genes in MQTL9.1.

Locus ID Gene Description Gene Ontology

LOC_Os09g32390.1 transposon protein, putative,
mutator sub-class

F:aspartic-type endopeptidase
activity; F:hydrolase activity,

hydrolyzing O-glycosyl
compounds; P:carbohydrate

metabolic process; P:proteolysis;
F:zinc ion binding;

F:oxidoreductase activity, acting
on the CH-OH group of donors,

NAD or NADP as acceptor;
F:NAD binding;

P:oxidation-reduction process

LOC_Os09g32570.1 chloroplast envelope quinone
oxidoreductase homolog

F:oxidoreductase activity;
P:oxidation-reduction process

LOC_Os09g32620.1 chloroplast envelope quinone
oxidoreductase homolog

F:oxidoreductase activity;
P:oxidation-reduction process

LOC_Os09g32952.1 L-ascorbate oxidase

F:copper ion binding;
C:extracellular region;

F:oxidoreductase activity;
P:oxidation-reduction process

LOC_Os09g32964.1 peroxidase 73

F:peroxidase activity;
C:extracellular region; P:response

to oxidative stress; C:integral
component of membrane; F:heme

binding; P:hydrogen peroxide
catabolic process; F:metal ion

binding; P:oxidation-reduction
process; P:cellular oxidant

detoxification

LOC_Os09g32550.1 probable glucan
endo-1,3-beta-glucosidase A6

F:hydrolase activity, hydrolyzing
O-glycosyl compounds;

P:carbohydrate metabolic process;
C:anchored component of plasma

membrane

LOC_Os09g32550.2 probable glucan
endo-1,3-beta-glucosidase A6

F:hydrolase activity, hydrolyzing
O-glycosyl compounds;

P:carbohydrate metabolic process;
C:anchored component of plasma

membrane

References

1. Asibi, A.E.; Chai, Q.; Coulter, J.A. Rice Blast: A Disease with Implications for Global Food Security. Agronomy
2019, 9, 451. [CrossRef]

2. Molla, K.A.; Karmakar, S.; Molla, J.; Bajaj, P.; Varshney, R.K.; Datta, S.K.; Datta, K. Understanding sheath
blight resistance in rice: The road behind and the road ahead. Plant Biotechnol. J. 2020, 18, 895–915. [CrossRef]

3. Yasmin, S.; Hafeez, F.Y.; Mirza, M.S.; Rasul, M.; Arshad, H.M.I.; Zubair, M.; Iqbal, M. Biocontrol of Bacterial Leaf
Blight of Rice and Profiling of Secondary Metabolites Produced by Rhizospheric Pseudomonas aeruginosa BRp3.
Front. Microbiol. 2017, 8, 1895. [CrossRef] [PubMed]

4. Ashkani, S.; Rafii, M.Y.; Rahim, H.A.; Latif, M.A. Genetic dissection of rice blast resistance by QTL mapping
approach using an F3 population. Mol. Biol. Rep. 2012, 40, 2503–2515. [CrossRef]

5. Channamallikarjuna, V.; Sonah, H.; Prasad, M.; Rao, G.J.N.; Chand, S.; Upreti, H.C.; Singh, N.K.;
Sharma, T.R. Identification of major quantitative trait loci qSBR11-1 for sheath blight resistance in rice.
Mol. Breed. 2009, 25, 155–166. [CrossRef]

http://dx.doi.org/10.3390/agronomy9080451
http://dx.doi.org/10.1111/pbi.13312
http://dx.doi.org/10.3389/fmicb.2017.01895
http://www.ncbi.nlm.nih.gov/pubmed/29018437
http://dx.doi.org/10.1007/s11033-012-2331-3
http://dx.doi.org/10.1007/s11032-009-9316-5


Plants 2020, 9, 1491 25 of 28

6. Chen, H.; Wang, S.; Xing, Y.; Xu, C.; Hayes, P.M.; Zhang, Q. Comparative analyses of genomic locations
and race specificities of loci for quantitative resistance to Pyricularia grisea in rice and barley. Proc. Natl. Acad.
Sci. USA 2003, 100, 2544–2549. [CrossRef]

7. Fu, D.; Chen, L.; Yu, G.; Liu, Y.; Lou, Q.; Mei, H.; Xiong, L.; Li, M.; Xu, X.; Luo, L.J. QTL mapping of sheath
blight resistance in a deep-water rice cultivar. Euphytica 2011, 180, 209–218. [CrossRef]

8. Fukuoka, S.; Mizobuchi, R.; Saka, N.; Suprun, I.; Ivan, S.; Matsumoto, T.; Okuno, K.; Yano, M. A multiple
gene complex on rice chromosome 4 is involved in durable resistance to rice blast. Theor. Appl. Genet.
2012, 125, 551–559. [CrossRef]

9. Han, Y.-P.; Xing, Y.; Chen, Z.-X.; Gu, S.-L.; Pan, X.-B.; Chen, X.-L.; Zhang, Q.-F. Mapping QTLs for horizontal
resistance to sheath blight in an elite rice restorer line, Minghui 63. Acta Genet. Sin. 2002, 29, 622–626.

10. Jia, Y.; Liu, G. Mapping Quantitative Trait Loci for Resistance to Rice Blast. Phytopathology 2011, 101, 176–181.
[CrossRef]

11. Li, Z.; Pinson, S.R.M.; Marchetti, M.A.; Stansel, J.W.; Park, W.D. Characterization of quantitative trait loci
(QTLs) in cultivated rice contributing to field resistance to sheath blight (Rhizoctonia solani). Theor. Appl. Genet.
1995, 91, 382–388. [CrossRef]

12. Li, Z.-K.; Arif, M.; Zhong, D.B.; Fu, B.Y.; Xu, J.L.; Domingo-Rey, J.; Ali, J.; Vijayakumar, C.H.M.; Yu, S.B.;
Khush, G.S. Complex genetic networks underlying the defensive system of rice (Oryza sativa L.) to Xanthomonas
oryzae pv. oryzae. Proc. Natl. Acad. Sci. USA 2006, 103, 7994–7999. [CrossRef]

13. Li, Y.; Wu, C.; Xing, Y.; Chen, H.; Pages, Y.H.; Martínez-Ramírez, H.; Jeaurond, E.; De Lange, C. Dynamic
QTL analysis for rice blast resistance under natural infection conditions. Aust. J. Crop Sci. 2008, 2, 73–82.

14. Liu, G.; Jia, Y.; Correa-Victoria, F.J.; Prado, G.A.; Yeater, K.M.; McClung, A.; Correll, J.C. Mapping Quantitative
Trait Loci Responsible for Resistance to Sheath Blight in Rice. Phytopathology 2009, 99, 1078–1084. [CrossRef]

15. Liu, G.; Jia, Y.; McClung, A.; Oard, J.H.; Lee, F.N.; Correll, J.C. Confirming QTLs and Finding Additional Loci
Responsible for Resistance to Rice Sheath Blight Disease. Plant Dis. 2013, 97, 113–117. [CrossRef]

16. Pan, X.; Zou, J.; Chen, Z.; Lu, J.; Yu, H.; Li, H.; Wang, Z.; Pan, X.; Rush, M.C.; Zhu, L. Tagging major
quantitative trait loci for sheath blight resistance in a rice variety, Jasmine 85. Chin. Sci. Bull. 1999, 44,
1783–1789. [CrossRef]

17. Sabouri, H.; Sabouri, A.; Jafarzadeh, M.R.; Mollashahi, M. Detection of QTLs controlling field blast resistance
in rice (Oryza sative L.). Plant Omics 2011, 4, 1.

18. Sharma, A.; McClung, A.M.; Pinson, S.R.M.; Kepiro, J.L.; Shank, A.R.; Tabien, R.; Fjellstrom, R. Genetic
Mapping of Sheath Blight Resistance QTLs within Tropical Japonica Rice Cultivars. Crop. Sci. 2009, 49,
256–264. [CrossRef]

19. Sirithunya, P.; Tragoonrung, S.; Vanavichit, A.; Pa-In, N.; Vongsaprom, C.; Toojinda, T. Quantitative Trait Loci
Associated with Leaf and Neck Blast Resistance in Recombinant Inbred Line Population of Rice (Oryza Sativa).
DNA Res. 2002, 9, 79–88. [CrossRef]

20. Tabien, R.; Li, Z.; Paterson, A.; Marchetti, M.; Stansel, J.; Pinson, S. Mapping QTLs for field resistance
to the rice blast pathogen and evaluating their individual and combined utility in improved varieties.
Theor. Appl. Genet. 2002, 105, 313–324. [CrossRef]

21. Wang, G.L.; Mackill, D.J.; Bonman, J.M.; McCouch, S.R.; Champoux, M.C.; Nelson, R.J. RFLP Mapping of
Genes Conferring Complete and Partial Resistance to Blast in a Durably Resistant Rice Cultivar. Genetics
1994, 136, 1421–1434. [PubMed]

22. Tseng, H.-Y.; Lin, D.-G.; Hsieh, H.-Y.; Tseng, Y.-J.; Tseng, W.-B.; Chen, C.-W.; Wang, C.-S. Genetic analysis
and molecular mapping of QTLs associated with resistance to bacterial blight in a rice mutant, SA0423.
Euphytica 2015, 205, 231–241. [CrossRef]

23. Wen, Z.; Zeng, Y.; Ji, Z.; Yang, C. Mapping quantitative trait loci for sheath blight disease resistance in Yangdao
4 rice. Genet. Mol. Res. 2015, 14, 1636–1649. [CrossRef] [PubMed]

24. Xu, Q.; Yuan, X.; Yu, H.; Wang, Y.; Tang, S.; Wei, X. Mapping quantitative trait loci for sheath blight resistance
in rice using double haploid population. Plant Breed. 2010, 130, 404–406. [CrossRef]

25. Yadav, S.; Anuradha, G.; Kumar, R.R.; Vemireddy, L.R.; Sudhakar, R.; Donempudi, K.; Venkata, D.; Jabeen, F.;
Narasimhan, Y.K.; Marathi, B.; et al. Identification of QTLs and possible candidate genes conferring sheath
blight resistance in rice (Oryza sativa L.). SpringerPlus 2015, 4, 175. [CrossRef]

http://dx.doi.org/10.1073/pnas.0437898100
http://dx.doi.org/10.1007/s10681-011-0366-5
http://dx.doi.org/10.1007/s00122-012-1852-4
http://dx.doi.org/10.1094/PHYTO-06-10-0151
http://dx.doi.org/10.1007/BF00220903
http://dx.doi.org/10.1073/pnas.0507492103
http://dx.doi.org/10.1094/PHYTO-99-9-1078
http://dx.doi.org/10.1094/PDIS-05-12-0466-RE
http://dx.doi.org/10.1007/BF02886159
http://dx.doi.org/10.2135/cropsci2008.03.0124
http://dx.doi.org/10.1093/dnares/9.3.79
http://dx.doi.org/10.1007/s00122-002-0940-2
http://www.ncbi.nlm.nih.gov/pubmed/7912216
http://dx.doi.org/10.1007/s10681-015-1435-y
http://dx.doi.org/10.4238/2015.March.6.10
http://www.ncbi.nlm.nih.gov/pubmed/25867306
http://dx.doi.org/10.1111/j.1439-0523.2010.01806.x
http://dx.doi.org/10.1186/s40064-015-0954-2


Plants 2020, 9, 1491 26 of 28

26. Yin, Y.; Zuo, S.; Wang, H.; Chen, Z.; Gu, S.; Zhang, Y.; Pan, X. Evaluation of the effect of qSB-9Tq involved in
quantitative resistance to rice sheath blight using near-isogenic lines. Can. J. Plant Sci. 2009, 89, 731–737.
[CrossRef]

27. Zeng, Y.-X.; Xia, L.-Z.; Wen, Z.-H.; Ji, Z.-J.; Zeng, D.; Qian, Q.; Yang, C.-D. Mapping resistant QTLs for rice
sheath blight disease with a doubled haploid population. J. Integr. Agric. 2015, 14, 801–810. [CrossRef]

28. Zou, J.H.; Pan, X.B.; Chen, Z.X.; Xu, J.Y.; Lu, J.F.; Zhai, W.X.; Zhu, L. Mapping quantitative trait loci controlling
sheath blight resistance in two rice cultivars (Oryza sativa L.). Theor. Appl. Genet. 2000, 101, 569–573. [CrossRef]

29. Chanthran, S.S.D.; Cheah, B.H.; Nadarajah, K. In silico analysis of disease resistance and defence-related
genes for a major sheath blight qShb 9-2 QTL in rice. Malays. J. Microbiol. 2018, 14, 534–546. [CrossRef]

30. Kumar, I.S.; Amran, N.A.; Nadarajah, K. In silico Analysis of qBFR4 and qLBL5 in Conferring Quantitative
Resistance against Rice Blast. J. Pure Appl. Microbiol. 2018, 12, 1703–1718. [CrossRef]

31. Kumar, I.S.; Zaharin, N.; Nadarajah, K. In silico Identification of Resistance and Defense Related Genes for
Bacterial Leaf Blight (BLB) in Rice. J. Pure Appl. Microbiol. 2018, 12, 1867–1876. [CrossRef]

32. Noraziyah, A.A.S.; Swamy, B.P.M.; Ratnam, W.; Cruz, M.T.S.; Raman, A.; Kumar, A. Marker assisted
pyramiding of drought yield QTLs into a popular Malaysian rice cultivar, MR219. BMC Genet. 2016, 17, 30.

33. Hossain, K.; Jena, K.; Bhuiyan, A.R.; Ratnam, W. Development of pyramidal lines with two major QTLs
conferring resistance to sheath blight in rice (Oryza sativa L.). AIP Conf. Proc. 2014, 1614, 765–768.

34. Arcade, A.; Labourdette, A.; Falque, M.; Mangin, B.; Chardon, F.; Charcosset, A.; Joets, J. BioMercator:
Integrating genetic maps and QTL towards discovery of candidate genes. Bioinformatics 2004, 20, 2324–2326.
[CrossRef]

35. Said, J.; Lin, Z.; Zhang, X.; Song, M.; Zhang, J. A comprehensive meta QTL analysis for fiber quality,
yield, yield related and morphological traits, drought tolerance, and disease resistance in tetraploid cotton.
BMC Genom. 2013, 14, 776. [CrossRef]

36. Swamy, B.P.M.; Vikram, P.; Dixit, S.; Ahmed, H.; Kumar, A. Meta-analysis of grain yield QTL identified
during agricultural drought in grasses showed consensus. BMC Genom. 2011, 12, 319. [CrossRef]

37. Islam, S.; Ontoy, J.; Subudhi, P.K. Meta-Analysis of Quantitative Trait Loci Associated with Seedling-Stage
Salt Tolerance in Rice (Oryza sativa L.). Plants 2019, 8, 33. [CrossRef]

38. Djedatin, G.; Ndjiondjop, M.-N.; Sanni, A.; Lorieux, M.; Verdier, V.; Ghesquiere, A. Identification of novel
major and minor QTLs associated with Xanthomonas oryzae pv. oryzae (African strains) resistance in rice
(Oryza sativa L.). Rice 2016, 9, 18. [CrossRef]

39. Wu, Y.; Huang, M.; Tao, X.; Guo, T.; Chen, Z.; Xiao, W. Quantitative trait loci identification and meta-analysis
for rice panicle-related traits. Mol. Genet. Genom. 2016, 291, 1927–1940. [CrossRef]

40. Consortium, R.C.S. In-depth view of structure, activity, and evolution of rice chromosome 10. Science
2003, 300, 1566–1569.

41. Goffinet, B.; Gerber, S. Quantitative trait loci: A meta-analysis. Genetics 2000, 155, 463–473. [PubMed]
42. Ballini, E.; Morel, J.-B.; Droc, G.; Price, A.; Courtois, B.; Notteghem, J.-L.; Tharreau, D. A Genome-Wide

Meta-Analysis of Rice Blast Resistance Genes and Quantitative Trait Loci Provides New Insights into Partial
and Complete Resistance. Mol. Plant Microbe Interact. 2008, 21, 859–868. [CrossRef] [PubMed]

43. Veyrieras, J.-B.; Goffinet, B.; Charcosset, A. MetaQTL: A package of new computational methods for the
meta-analysis of QTL mapping experiments. BMC Bioinform. 2007, 8, 49. [CrossRef] [PubMed]

44. Matika, D.E.F.; Loake, G.J. Redox Regulation in Plant Immune Function. Antioxid. Redox Signal. 2014, 21, 1373–1388.
[CrossRef] [PubMed]

45. Vasudevan, K.; Cruz, C.M.V.; Gruissem, W.; Bhullar, N.K. Geographically Distinct and Domain-Specific
Sequence Variations in the Alleles of Rice Blast Resistance Gene Pib. Front. Plant Sci. 2016, 7, 915. [CrossRef]

46. Sinapidou, E.; Williams, K.; Nott, L.; Bahkt, S.; Tör, M.; Crute, I.; Bittner-Eddy, P.; Beynon, J.L. Two
TIR:NB:LRR genes are required to specify resistance toPeronospora parasiticaisolate Cala2 inArabidopsis.
Plant J. 2004, 38, 898–909. [CrossRef]

47. Peng, F.Y.; Yang, R.-C. Prediction and analysis of three gene families related to leaf rust (Puccinia triticina)
resistance in wheat (Triticum aestivum L.). BMC Plant Biol. 2017, 17, 108. [CrossRef]

48. Chintamanani, S.; Multani, D.S.; Ruess, H.; Johal, G.S. Distinct Mechanisms Govern the Dosage-Dependent
and Developmentally Regulated Resistance Conferred by the Maize Hm2 Gene. Mol. Plant Microbe Interact.
2008, 21, 79–86. [CrossRef]

http://dx.doi.org/10.4141/CJPS08112
http://dx.doi.org/10.1016/S2095-3119(14)60909-6
http://dx.doi.org/10.1007/s001220051517
http://dx.doi.org/10.21161/mjm.1461812
http://dx.doi.org/10.22207/JPAM.12.4.03
http://dx.doi.org/10.22207/JPAM.12.4.22
http://dx.doi.org/10.1093/bioinformatics/bth230
http://dx.doi.org/10.1186/1471-2164-14-776
http://dx.doi.org/10.1186/1471-2164-12-319
http://dx.doi.org/10.3390/plants8020033
http://dx.doi.org/10.1186/s12284-016-0090-9
http://dx.doi.org/10.1007/s00438-016-1227-7
http://www.ncbi.nlm.nih.gov/pubmed/10790417
http://dx.doi.org/10.1094/MPMI-21-7-0859
http://www.ncbi.nlm.nih.gov/pubmed/18533827
http://dx.doi.org/10.1186/1471-2105-8-49
http://www.ncbi.nlm.nih.gov/pubmed/17288608
http://dx.doi.org/10.1089/ars.2013.5679
http://www.ncbi.nlm.nih.gov/pubmed/24206122
http://dx.doi.org/10.3389/fpls.2016.00915
http://dx.doi.org/10.1111/j.1365-313X.2004.02099.x
http://dx.doi.org/10.1186/s12870-017-1056-9
http://dx.doi.org/10.1094/MPMI-21-1-0079


Plants 2020, 9, 1491 27 of 28

49. Zhang, J.; Li, W.; Xiang, T.; Liu, Z.; Laluk, K.; Ding, X.; Zou, Y.; Gao, M.; Zhang, X.; Chen, S.; et al. Receptor-like
Cytoplasmic Kinases Integrate Signaling from Multiple Plant Immune Receptors and Are Targeted by a
Pseudomonas syringae Effector. Cell Host Microbe 2010, 7, 290–301. [CrossRef]

50. Mutuku, J.M.; Cui, S.; Hori, C.; Takeda, Y.; Tobimatsu, Y.; Nakabayashi, R.; Mori, T.; Saito, K.; Demura, T.;
Umezawa, T.; et al. The Structural Integrity of Lignin Is Crucial for Resistance against Striga hermonthica
Parasitism in Rice. Plant Physiol. 2019, 179, 1796–1809. [CrossRef]

51. Nadarajah, K.K. ROS Homeostasis in Abiotic Stress Tolerance in Plants. Int. J. Mol. Sci. 2020, 21, 5208.
[CrossRef] [PubMed]

52. Snezhkina, A.V.; Kudryavtseva, A.V.; Kardymon, O.L.; Savvateeva, M.V.; Melnikova, N.V.; Krasnov, G.S.;
Dmitriev, A.A. ROS Generation and Antioxidant Defense Systems in Normal and Malignant Cells.
Oxidative Med. Cell. Longev. 2019, 2019, 1–17. [CrossRef] [PubMed]

53. Moore, J.W.; Loake, G.J.; Spoel, S.H. Transcription Dynamics in Plant Immunity. Plant Cell 2011, 23, 2809–2820.
[CrossRef] [PubMed]

54. Razali, N.M.; Cheah, B.H.; Nadarajah, K.K. Transposable Elements Adaptive Role in Genome Plasticity,
Pathogenicity and Evolution in Fungal Phytopathogens. Int. J. Mol. Sci. 2019, 20, 3597. [CrossRef]

55. Baek, K.-H.; Choi, D. Roles of Plant Proteases in Pathogen Defense. Plant Pathol. J. 2008, 24, 367–374.
[CrossRef]

56. Balint-Kurti, P.; Balint-Kurti, P. The plant hypersensitive response: Concepts, control and consequences.
Mol. Plant Pathol. 2019, 20, 1163–1178. [CrossRef]

57. Krattinger, S.G.; Sucher, J.; Selter, L.L.; Chauhan, H.; Zhou, B.; Tang, M.; Upadhyaya, N.M.; Mieulet, D.;
Guiderdoni, E.; Weidenbach, D.; et al. The wheat durable, multipathogen resistance geneLr34confers partial
blast resistance in rice. Plant Biotechnol. J. 2015, 14, 1261–1268. [CrossRef]

58. Liu, X.; Lin, F.; Wang, L.; Pan, Q. The in Silico Map-Based Cloning of Pi36, a Rice Coiled-Coil–Nucleotide-Binding
Site–Leucine-Rich Repeat Gene That Confers Race-Specific Resistance to the Blast Fungus. Genetics 2007, 176,
2541–2549. [CrossRef]

59. Malik, N.A.A.; Kumar, I.S.; Nadarajah, K.K. Elicitor and Receptor Molecules: Orchestrators of Plant Defense
and Immunity. Int. J. Mol. Sci. 2020, 21, 963. [CrossRef]

60. Rashid, A. Defense responses of plant cell wall non-catalytic proteins against pathogens. Physiol. Mol.
Plant Pathol. 2016, 94, 38–46. [CrossRef]

61. Bhuiyan, N.H.; Selvaraj, G.; Wei, Y.; King, J. Role of lignification in plant defense. Plant Signal. Behav.
2009, 4, 158–159. [CrossRef] [PubMed]
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