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A B S T R A C T

Identifying molecular markers linked to tobacco bacterial wilt resistance is crucial for developing 
resistant tobacco varieties, thereby enhancing tobacco production and quality. In this two-year 
study, we evaluated the tobacco bacterial wilt disease index (TBWDI) in a mapping population 
of 78 tobacco accessions using SSR/InDel markers across 1377 marker loci. Two association 
models, GLM_Q and MLM_Q + Kinship, were used for association analysis. By considering mul
tiple environments, selection thresholds, and phenotype values, we identified 19 reliable marker 
loci (P = 7.07-E05–4.98-E02) that explained 5.37–19.10 % of the phenotypic variation. Among 
these, we selected 11 accessions with high resistance to tobacco bacterial wilt, each containing at 
least one excellent locus. The models predicted five hybrid combinations whose offspring 
aggregated additional excellent loci. Additionally, one locus was identified during quantitative 
trait loci mapping, with accessions carrying this locus exhibiting significantly different TBWDI 
values from those without it, confirming its reliability and stability. A candidate gene 
(LOC107795335) was also identified downstream at 17.58 Kbp of the locus. Our study pinpointed 
reliable loci associated with bacterial wilt resistance, identified important materials for breeding 
resistant tobacco varieities, and predicted the best hybrid combinations for low disease indexes. 
The results of our study offer invaluable theoretical insights for breeding varieties with high and 
stable resistance.

1. Introduction

Tobacco (Nicotiana tabacum L.) is a globally important economic crop, with breeders continually striving to improve its yield and 
quality. However, tobacco is prone to bacterial wilt during growth, significantly decreasing yield and quality [1]. Current control 
strategies, such as agricultural control [2], biological control [3], and chemical control [4], have limited effectiveness [5]. Developing 
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bacterial wilt-resistant tobacco varieties offers a promising solution to mitigate the damage caused by this disease. Moreover, iden
tifying molecular markers associated with tobacco bacterial wilt (TBW) resistance can expedite the selection of resistant materials, 
accelerating the breeding of resistant varieties.

Two main approaches for identifying molecular markers linked to TBW resistance are quantitative trait loci (QTL) mapping using 
pedigree populations and linkage disequilibrium (LD) mapping using natural populations [6]. Nishi et al. [7] pioneered QTL mapping 
for TBW resistance using a double haploid (DH) population and identified a QTL associated with resistance. Later studies by Lan et al. 
[1], Qian et al. [8], and Drake-Stowe et al. [9] also explored the genetics of TBW resistance through genetic linkage mapping, 
identifying eight, four, and three QTL, respectively. While QTL mapping has advanced the understanding of TBW resistance, it has 
limitations. Using pedigree populations in linkage analysis only involves two alleles at the same locus, resulting in a narrow genetic 
background and limited recombination events, compromising mapping accuracy and resolution [10]. In contrast, association analysis 
leverages natural populations with greater genetic variation, eliminating the need to construct mapping populations, and is more 
time-efficient [11]. By using multiple generations of recombination events, association analysis offers broader genetic backgrounds 
and higher resolutions [10]. Consequently, association analysis has gained prominence in mapping loci related to TBW resistance [12].

Despite the advances in identifying QTL or molecular markers linked to TBW resistance through linkage and LD analyses, the body 
of literature remains limited and practical applications of these findings are scarce. Resistance to TBW is a complex quantitative trait 
[13] influenced by multiple genes and environmental factors, rendering it impractical to await the identification of adequate gene loci 
before aggregating them. Therefore, identifying stable and reliable representative molecular markers and applying these findings to 
assess TBW resistance is essential. This approach facilitates the selection of materials with multiple excellent variant loci, improving 
the likelihood of selecting tobacco materials with high TBW resistance.

In this study, we used SSR/InDel markers developed in previous research [14–16] and in-house [17] to genotype 78 tobacco ac
cessions. We conducted association analysis with a multi-year TBW disease index (TBWDI) to achieve three key objectives: (1) explore 
the genetic diversity of tobacco germplasm; (2) identify outstanding variant loci associated with TBWDI; (3) screen materials with 
stable resistance and multiple outstanding variant loci for potential hybrid combinations.

Table 1 
Origins and types of 78 tobacco accessions.

No. Accession Origin Type No. Accession Origin Type

1 D101 USA Flue-cured 40 Xiaohuangjin Guangdong China Flue-cured
2 RG17 USA Flue-cured 41 Xujin No.1 Henan China Flue-cured
3 Changbohuang Henan China Flue-cured 42 Yanyan97 Fujian China Flue-cured
4 C151 Guangdong China Flue-cured 43 Yinnizhong Indonesia Flue-cured
5 C212 Guangdong China Flue-cured 44 Yunyan87 Yunnan China Flue-cured
6 CO139 USA Flue-cured 45 Zhongyan14 Shandong China Flue-cured
7 CO176 USA Flue-cured 46 123-13-2 China (breeding) Sun-cured
8 CV087 Shandong China Flue-cured 47 5669-1-qing-1 China (breeding) Sun-cured
9 G28 USA Flue-cured 48 Baiguniuli Guangdong China Sun-cured
10 K149 USA Flue-cured 49 Daqiugen-2 Guangdong China Sun-cured
11 K326 USA Flue-cured 50 Dashangou Yunnan China Sun-cured
12 K346 USA Flue-cured 51 Datong Guangdong China Sun-cured
13 K358 USA Flue-cured 52 Dayemihe Guangdong China Sun-cured
14 K399 USA Flue-cured 53 Dazhongbaimao Guangdong China Sun-cured
15 K730 USA Flue-cured 54 Fengkai-10 Guangdong China Sun-cured
16 NC60 USA Flue-cured 55 Guju Guangdong China Sun-cured
17 NC95 USA Flue-cured 56 Guangyeshugeng Guangdong China Sun-cured
18 OX2028 USA Flue-cured 57 Guanghuang No.5 China (breeding) Sun-cured
19 R-158 USA Flue-cured 58 Hainanyan Hainan China Sun-cured
20 RG11 USA Flue-cured 59 Jiangyouyan Sichuan China Sun-cured
21 RG-22 USA Flue-cured 60 Jincaiding-2 Guangdong China Sun-cured
22 RG-8 USA Flue-cured 61 Kuanjian Guangdong China Sun-cured
23 ATNARELLO Mauritius Burley 62 Lingshuiligong-3 Hainan China Sun-cured
24 KY26 USA Burley 63 Maoyantieganzi Sichuan China Sun-cured
25 Baxishailiangyan Brazil Burley 64 Mihezai Guangdong China Sun-cured
26 Gezaji jiangxi China Flue-cured 65 Miyayan Guangdong China Sun-cured
27 Cuibi NO.1 Fujian China Flue-cured 66 Mianchengyan Guangdong China Sun-cured
28 Dabaijin599 Shandong China Flue-cured 67 Nahuo Guangdong China Sun-cured
29 Fengzi No.1 Guangdong China Flue-cured 68 Niuliyan Guangdong China Sun-cured
30 Gexin No.6 Shandong China Flue-cured 69 Qinggeng Guangdong China Sun-cured
31 Honghuadajinyuan Yunnan China Flue-cured 70 Qiongzhongwuzhishan Hainan China Sun-cured
32 Jinxing Shandong China Flue-cured 71 Renheyan Guangdong China Sun-cured
33 Anbalima No.2 China (breeding) Sun-cured 72 Yunluo01 Guangdong China Sun-cured
34 Lingnong No.1 Guangxi China Flue-cured 73 Xingzizhouye-1 Guangdong China Sun-cured
35 Lvyin No.1 China (unknown) Flue-cured 74 Yulaoyan Guangdong China Sun-cured
36 Luodingjinxing Guangdong China Flue-cured 75 Zhongshan Guangdong China Sun-cured
37 Meifu No.4 Guizhou China Flue-cured 76 Ziyan Guangdong China Sun-cured
38 Qingshengyan Henan China Flue-cured 77 Yanshanyan Guangdong China Sun-cured
39 xiangyan Hunan China Sun-cured 78 2040 Cuba Cigar
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2. Materials and methods

2.1. Plant materials and phenotyping

A natural population of 78 tobacco accessions, provided by the Nangxiong Tobacco Research Institute in Guangdong Province, 
China, was used as the mapping population. These materials encompassed four tobacco types—flue-cured, cigar, sun-cured, and 
burley—originating from the United States of America (USA), Cuba, Brazil, Indonesia, Mauritius, and China (see Table 1 for details).

The 78 tobacco accessions were cultivated in an experimental field at the Nangxiong Tobacco Research Institute in Guangdong 
Province, China, in 2011 (denoted E1) and 2013 (denoted E2). Plants were spaced 0.5 m apart in rows with a row spacing of 1.2 m. 
Each accession, comprising 20 plants, was arranged in a randomized complete block design, and field management practices followed 
local guidelines. Bacterial wilt disease, caused by the biochemical type III race-1 strain of Ralstonia solanacearum, was introduced via 
stem puncture inoculation during the vigorous growth phase using a cell suspension adjusted to approximately 1 × 108 CFU mL− 1 

(OD600 nm = 0.1) [12,18]. Disease assessment followed established protocols [12], and the TBWDI was calculated following the 
method described by Lan et al. [1] and categorized as follows: 0 < TBWDI ≤25 (highly resistant), 25 < TBWDI ≤50 (moderately 
resistant), 50 < TBWDI ≤75 (moderately susceptible), and 75 < TBWDI ≤100 (highly susceptible).

2.2. Phenotypic data analysis

The skewness and kurtosis of TBWDI for the 78 tobacco accessions were calculated using IBM SPSS 19.0 software [19,20]. Analysis 
of variance (ANOVA) and deviation analysis were performed to assess normal distribution. A normal distribution plot of TBWDI for the 
tobacco accessions was generated using the ‘NORMDIST’ function [21], and the range, mean, variance, and coefficient of variation 
were computed. Broad-sense heritability (H2) of TBWDI was calculated as follows: 

H2 = σg2 / (
σg2 + σe2 / n

)

where σg2 is the genetic variance and σe2 is the environmental variance, and n is the number of environmental factors.

2.3. DNA extraction and genotyping

Fresh young leaves were collected from each accession for DNA extraction using a modified CTAB method [22]. The quality and 
concentration of the extracted DNA were assessed via agarose gel electrophoresis and a NanoDrop UV–Vis spectrophotometer, 
respectively. The extracted DNA was diluted to 30 ng L− 1 for use as a PCR amplification template.

A combination of previously reported tobacco SSR markers [14–16] and SSR/InDel markers developed through RAD-seq 
(restriction-site associated DNA sequencing) using ‘118–3’ and ‘Yueyan 98’ in our laboratory [17] were used. These markers, 
which displayed clear bands, good specificity, and polymorphism in ‘YanYan 97’, ‘Honghuadajinyuan’, ‘118–3’ and ‘Yueyan 98’ 
resulted in 512 SSR/InDel markers for genotyping the population.

The PCR reaction mixture for SSR and InDel marker amplification (10 μL total) included 2 μL DNA template, 0.3 μL forward primer 
(1 μmol L− 1), 0.3 μL reverse primer (1 μmol L− 1), 0.8 μL MgCl2 (25 mmol L− 1), 0.1 μL Taq DNA polymerase (5 U⋅μL− 1), 1 μL 10 × PCR 
buffer, 0.3 μL dNTPs (10 mmol L− 1), and 5.2 μL double-distilled water. The PCR amplification program included an initial denaturation 
step at 94 ◦C for 5 min, followed by 38 cycles of denaturation at 94 ◦C for 45 s, annealing at the corresponding primer annealing 
temperature for 45 s, and extension at 72 ◦C for 1 min. The final extension step was performed at 72 ◦C for 10 min, with the resulting 
PCR products analyzed using 6 % non-denaturing polyacrylamide gel electrophoresis and a silver staining method [23]. Gel images 
were scanned with a BenQ M800 scanner and analyzed using GelBuddy software [24]. Allelic variations were determined by band 
presence or absence, and a binary data matrix (1, 0) was constructed for population genotyping. All reagents were purchased from 
Sangon Biotech (Shanghai, China) Co., Ltd.

2.4. Population structure, kinship, linkage disequilibrium, and association analysis

Principal component analysis (PCA) was conducted using the ‘Dcenter’ and ‘Eigen’ subroutines in NYSYS-PC 2.1 software [25]. The 
unweighted pair-group method with arithmetic means (UPGMA) clustering analysis was performed in the same software using the 
‘Clusting’ and ‘SAHN’ subroutines. Population structure was analyzed using Structure 2.3 software [25], estimating the optimal 
number of population clusters (K), with the K value range set to 1–11, with the software run to ascertain the inflection point of the 
posterior probability value [LnP(K)] to determine K. The maximum ΔK value method [26] was applied to determine K and obtain the 
corresponding population correction coefficient Q-value.

Genotyping data were imported into TASSEL 3.0 software [27]. The ‘Kinship’ and ‘Linkage Disequilibrium’ subroutines were used 
to calculate the kinship coefficient between accessions and the LD R2 value between loci, respectively. Haploview software [28] 
generated LD plots for key loci.

Association loci related to traits were identified using a general linear model with Q (GLM_Q) and a mixed linear model with Q and 
kinship coefficient (MLM_Q + Kinship) in TASSEL3.0 software [27]. The models were validated through Q-Q plot analysis and lambda 
value (λ-value) = median (chi2)/0.456 [29] analysis using R_4.0.4 software. Peak loci were determined with a significance level of P <
0.05 [30], and false discovery rate (FDR) was controlled using the method of Benjamini and Hochberg [31]. Associated markers with 
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FDR (q)-values <0.05 (P < 0.05) were retained.

2.5. Sequence alignment and three-dimensional structure prediction

Homologous proteins were identified using the NCBI (https://blast.ncbi.nlm.nih.gov) and TAIR (https://www.arabidopsis.org/) 
databases. Sequence alignment was conducted using DNAMAN7.0 software, and three-dimensional structure prediction was per
formed using SWISS-MODEL software (https://swissmodel.expasy.org/) [32].

2.6. Phenotypic effect and evaluation of tobacco bacterial wilt disease index

The phenotypic effect value (Ai) was calculated using the methods of Zhang et al. [33] and Zhu et al. [34], as follows: 

Ai=
∑

Xij
/

ni –
∑

Nk
/

nk 

where Ai is the phenotypic effect value of the i-th variant locus, Xij is the measured value of the j-th material phenotype carrying the i- 
th variant locus, ni is the number of materials with the i-th variant locus, and 

∑
Nk/nk represents the average value of all material 

phenotype measurements. A negative or positive Ai value indicates a negative (denoted by ‘–‘) or positive (denoted by ‘+‘) phenotypic 
effect, respectively.

Based on the average disease index, tobacco materials were evaluated for disease resistance over multiple years. A higher disease 
index indicates greater disease severity and lower disease resistance. Therefore, TBWDI was used as a correlated trait, and the 
phenotypic effect of the associated loci was calculated to assess tobacco material resistance. Negative phenotypic effects indicate a 
reduction in TBWDI, while positive effects indicate an increase in TWBDI.

3. Results

3.1. Statistical analysis of tobacco bacterial wilt disease index

The TBWDI exhibited substantial variation (>89), with a high coefficient of variation (>51 %) across both environments (E1 and 
E2). This variability suggests the presence of highly resistant varieties, which could serve as foundational materials for breeding su
perior varieties (Table 2; Fig. 1A and B). The skewness and kurtosis values for TBWDI in both environments had absolute values < 1 
(Table 2), and the normality deviations were evenly distributed around the zero axis (Fig. 1C and D), indicating a normal distribution. 
Furthermore, the broad-sense heritability of TBWDI exceeded 70 % in both environments, highlighting a substantial genetic influence 
on TBWDI. ANOVA analysis revealed significant differences in TBWDI between E1 and E2 (Fig. 1E), indicating that environmental 
factors also affected TBWDI. These findings confirm significant variability in TBW disease resistance among the selected germplasm 
population, consistent with the quantitative trait characteristics and complex genetic patterns.

3.2. Genetic diversity, population structure, and linkage disequilibrium analysis

Using 1377 loci from SSR and InDel marker genotyping, we calculated 3003 pairwise kinship coefficients for the 78 tobacco ac
cessions. The results revealed some kinship relationships among the accessions (Fig. 2A; Table S1). However, 2714 combinations had 
kinship coefficients below 0.5, accounting for 90.38 % of the total combinations (Table S1), suggesting that while most accessions are 
related, a significant amount of allelic variation exists, which is beneficial for identifying relevant gene loci through phenotype mining. 
These kinship coefficients can also be used as correction factors to reduce false associations [35].

Population structure was assessed using UPGMA clustering (Fig. S1; Table S2), PCA (Fig. 2B; Table S2), and population structure 
analysis (Fig. 2C and D; Table S2), which grouped the population into two subgroups (subgroup-1/2). The classifications from UPGMA 
clustering (subgroup-u1/u2) and PCA (subgroup-p1/p2) were consistent. Subgroup 1 comprised 19 flue-cured tobacco materials, 
while subgroup 2 included 59 materials: 36 air-cured tobacco, 19 flue-cured tobacco, three burley tobacco, and one cigar tobacco. The 
population structure analysis (subgroup-s1/s2) differed only for the flue-cured tobacco variety ‘Zhongyan14’ from China, but the 
classifications for the other materials were consistent across methods, with subgroup-s1 comprising 18 materials and subgroup-s2 
containing 60 materials. These consistent results indicate that population structure analysis, corrected Q-values, can be used for 
subsequent association analysis.

Linkage disequilibrium, which influences association analysis, was measured by the R2 value, representing the correlation between 
two loci [6,36]. The R2 values for the 1377 loci (947,376 combinations) ranged from 0 to 1 (Fig. 3A; Table S3). Strong LD combinations 

Table 2 
Statistical analysis of tobacco bacterial wilt disease index.

Year Environment Range Mean Skewness Kurtosis CV (%) H2 (%)

2011 E1 4.44–100 47.66 0.221 − 0.742 51.49 72.29
2013 E2 1.67–91.11 34.31 0.555 − 0.527 68.99 73.72

Note: CV is the coefficient of variation; H2 is broad-sense heritability.
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(R2 ≥ 0.2) accounted for 9.42 % of the total combinations, with very strong LD combinations (R2 > 0.8) [37] comprising only 0.54 %. 
Most polymorphic loci exhibited weak LD (0 < R2 < 0.2) or no LD (R2 = 0), with combinations showing R2 < 0.1 accounting for 82.22 
% of the total (Fig. 3B; Table S3). These results suggest that the selected polymorphic molecular markers are highly specific and 
effective for capturing genomic information.

3.3. Association mapping to identify loci

Q-values and kinship coefficients were used as correction factors in association analysis to reduce false associations. The GLM_Q 
and MLM_Q + Kinship models were used to associate genetic loci with phenotype traits, verified through Q-Q plot analysis and λ-value 
calculations, respectively. The GLM_Q model exhibited weak alignment with expected values for the phenotype data from E1 (λ-value 
= 2.5434) (Fig. 4A), but better performance from E2 (λ-value = 1.5331) (Fig. 4B). In contrast, the MLM_Q + Kinship model aligned 
more reliably with expected values for both environments (λ-values of 0.6949 for E1 and 0.6565 for E2) (Fig. 4C and D). Therefore, we 
focused on marker loci identified by these methods.

Based on the marker loci identified using these methods (Fig. 5A; Table S4), the GLM_Q model detected 91 allelic variation loci 
associated with TBWDI in E2 (P-values: 4.88E-02 to 7.07E-05), explaining 5.08–19.10 % of the phenotypic variation. The MLM_Q +
Kinship model detected 46 allelic variation loci in E1 (P-values: 4.94E-02 to 2.35E-03), explaining 5.25–14.22 % of the phenotypic 
variation and 34 loci in E2 (P-values: 4.98E-02 to 9.31E-04), explaining 5.36–16.37 % of the phenotypic variation. Notably, the GLM_Q 
and MLM_Q + Kinship models each detected 22 allelic variation loci in E2 (Fig. 5A; Table S5), the MLM_Q + Kinship model detected 
one allelic variation locus in both environments (Fig. 5A; Table S4), and the MLM_Q + Kinship (E1) and GLM_Q (E2) models detected 
eight allelic variation loci in different environments (Fig. 5A; Table S4). The 29 loci (Table S4) identified by multiple methods or in 
multiple environments were considered candidate loci for further analysis.

Fig. 1. Statistical analysis of the tobacco bacterial wilt disease index (TBWDI). Distribution of TBWDI in two experiments: (A) E1 (2011) and (B) E2 
(2013). Normal distribution deviations for TBWDI in (C) E1 and (D) E2 were detected using the NORMDIST function, where the x-axis represents 
observed values of the disease index. (E) ANOVA results comparing TBWDI between E1 and E2. Different lowercase letters on the box plot indicate 
significant differences (P < 0.01).
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3.4. Selection of reliable and stable loci

Materials containing or lacking a candidate allelic variation locus were compared to identify reliable loci. The locus was deemed 
reliable if the average disease index of materials consistently increased or decreased compared to the overall average. Nineteen of the 
29 loci (Fig. 5B; Table S5) met this criterion. None of these loci reached strong linkage levels.

Materials containing or lacking specific reliable loci were further analyzed using ANOVA. Significant differences (P < 0.05) 
occurred between materials containing or lacking the variation locus PT30311b (or InDel534 b or T1Y-93 b) in E1, with no significant 
differences observed in E2 (Fig. S2A; Table S5). Conversely, materials containing or lacking the variation locus InDel251 b (or T1Y- 
94a) significantly differed in E2 but not E1 (Fig. S2B; Table S5), indicating the influence of environmental factors. Notably, locus 
InDel261 b significantly differed in both environments (Fig. 5C; Table S5) and was also identified through QTL mapping (Fig. 5D) with 
LOD ≥2 [38,39] using the established linkage map (unpublished), accounting for more than 8 % of the phenotypic variation (Fig. 5D; 
Table S5). Moreover, in the 17.58 Kbp downstream of InDel261 b, a candidate gene (LOC107795335) encoding a Nicotiana tabacum 
sodium-coupled neutral amino acid transporter 5-like protein (NtAT5-like) on the scaffold358925 of tobacco whole genome shotgun 
sequence (available at GenBank under accession number AWOJ01S358925) [40] was discovered, and this gene was reported to be 

Fig. 2. Phylogenetic relationship and population classification analysis. (A) Phylogenetic coefficients between pairwise combinations of 78 tobacco 
materials. The triangular slant represents the material numbers in ascending order, with each rectangle representing the phylogenetic coefficient 
between two materials. Redder colors indicate stronger phylogenetic relationships. (B) Principal component analysis. Each circle represents a 
material, with numbers representing material codes. Dur to high affinity, some materials overlap and are not fully visible. Materials within the red 
circle are classified as Subgroup-s1, and those within the green circle as Subgroup-s2. The first and second principal components are labeled Dim-1 
and Dim-2, respectively. Table S2 provides detailed classification information. (C) Population structure analysis. The maximum posterior probability 
value of the population structure is used, with clustering based on the maximum ΔK calculated as mean (|LnP(K–1)+|LnP(K+1)–2LnP(K)|)/sd (LnP 
(K). (D) Material classification results based on the population structure analysis. Red and green rectangles represent Subgroup-s1 and Subgroup-s2, 
respectively, with material numbers indicated below the rectangles.
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associated with bacterial wilt resistance.
Using the NCBI and TAIR databases, we identified homologous proteins with high similarity to NtAT5-like: amino acid transporter 

NtAVT6-like (LOC104092802) in Nicotiana tomentosiformis (99.78 % similarity) and AtAVT6 (AT3G30390) in Arabidopsis (72 % 
similarity) (Fig. 6A). The predicted three-dimensional structures of NtAT5-like (Fig. 6B), NtAVT6-like (Fig. 6C) and AtAVT6 (Fig. 6D) 
further suggest that these proteins share similar functions.

Although other individual marker loci did not significantly differ across environments (Table S5), when evaluated together, as seen 
in locus InDel251 b and T1Y-94a, significant differences were observed in both environments (Fig. S2B; Table S5), indicating the 
cumulative effect of multiple genes and leading to the selection of 19 marker loci for subsequent material screening.

3.5. Highly resistant material screening and hybrid combination prediction

Screening using the 19 marker loci identified 11 materials highly resistant to bacterial wilt (Table S6), all containing at least one 
excellent locus. Of the top materials, ‘K326’ and ‘NC60’ each contained 17 excellent loci but lacked the M383(Y) and M422(Y) 
excellent loci (Table S6). Their average TWBDI values across both environments were 23.61 and 14.17, respectively. Other notable 
materials included ‘D101’ and ‘RG-22’, each containing 15 excellent loci, with ‘RG-22’ containing the M422(Y) excellent locus. Their 
average TWBDI values across both environments were 3.06 (‘D101’) and 16.11 (‘RG-22’), respectively. ‘Yanyan97’ contained 14 
excellent loci, with an average TWBDI value across both environments of 10.

Interesting, none of the 11 materials (Table S6) possessed all the excellent loci, including M383(Y) and M422(Y). ‘Dayemihe’ with 
seven excellent loci, and ‘Fengkai-10’ with five excellent loci, had average TWBDI values of 12.78 and 8.33, respectively. In addition to 
‘RG-22’, ‘OX2028’ also contained the M422(Y) locus (with 13 excellent loci), with an average TWBDI of 9.45.

Therefore, to harness more excellent loci and breed more stable resistant varieties, several hybrid combinations were proposed 
(Table 3), including ‘K326’ × ‘RG-22’, ‘NC60’ × ‘RG-22’, ‘K326’ × ‘Dayemihe’, ‘NC60’ × ‘Dayemihe’ and ‘RG-22’ × ‘Dayemihe’, for 
subsequent screening of superior resistant offspring.

4. Discussion

Traditional breeding processes often rely on breeders’ experiences and preferences for selecting desired phenotypes. However, as 
most plant traits are quantitative [13], this approach can significantly extend the breeding cycle. In this study, a two-year analysis of 
TBWDI revealed that genetic resistance to tobacoo bacterial wilt disease is complex, with no materials exhibiting complete immunity. 
Kinship analysis further demonstrated that more than 90 % of the materials had a kinship coefficient below 0.5, indicating significant 
genetic variation among the loci of these materials, which likely influences TBWDI resistance. This genetic variation contributes to the 
wide distribution and variability observed in the disease index. Consequently, highly resistant candidate materials were identified 
among the 78 tobacco accessions, serving as valuable resources for identifying key genetic loci and expediting the breeding process for 
disease-resistant tobacco varieties.

Differences in geographical environments and natural selection pressures can cause subgroups to form within populations. Studies 
have shown that approximately 9.3 % of phenotypic variation can be attributed to population structure, leading to erroneous asso
ciations with non-functional loci [10]. In this study, UPGMA clustering, PCA analysis, and population structure analysis consistently 

Fig. 3. (A) Linkage disequilibrium analysis of 1377 marker loci. The triangular slant represents the numbering of 1377 marker loci, sorted from 
small to large. The upper right corner corresponds to the R2 value between pairwise marker loci, indicating the strength of linkage disequilibrium. 
The lower left corner represents the P-values of the R2-value analysis, showing the confidence level of the detected linkage distribution. (B) His
togram of the distribution (X-axis) and frequency (Y-axis) of R2 values.
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divided the population into two subgroups, with only ‘Zhongyan14’ exhibiting classification discrepancies. This consistency suggests a 
relatively simple population structure, reducing the risk of false positives in association analyses [41]. Thus, the Q-value correction 
coefficient derived from population structure analysis can be reliably to improve the accuracy of subsequent association analyses.

The coefficient of relatedness is an important factor affecting the accuracy of association analyses [35], and different association 
methods can detect reliable marker loci in multiple environments [42,43]. Considering the correction abilities of both Q-values and 
kinship values, this study used two association models, GLM_Q and MLM_Q + Kinship, to analyze the correlation between TBWDI and 
marker loci in two environments. This approach accounted for environmental factors, selection thresholds, and phenotypic values. We 
identified 19 reliable variant loci associated with bacterial wilt resistance, providing a foundation for molecular marker-assisted se
lection of resistant tobacco materials. Unlike previous studies that relied on linkage analysis and only used two parental materials [1,7,
8], this study’s use of diverse materials allowed for higher mapping accuracy for precisely positioning individual marker loci [44]. 
Interestingly, one QTL identified through QTL mapping (Fig. 5D) was associated with the marker InDel261, which was consistent with 
the findings of this study, further confirming the reliability of this associated marker.

Notably, a candidate gene (LOC107795335) located 17.58 Kbp downstream of InDel261 was identified. This gene encodes a 
protein homologous to NtAT5-like [40], and shares significant sequence and structural similarity with NtAVT6A-like and AtAVT6, a 
protein associated with disease resistance in Arabidopsis [45,46]. Therefore, NtAT5-like is highly likely to play an important role in 
disease resistance, particularly against TBW.

Finally, based on the 19 excellent loci, the best hybrid combinations with low disease indexes were predicted for both environ
ments. The results indicated that one parent participated in multiple hybridizations, consistent with previous studies [34,43,47]. These 
newly identified excellent loci can be used in marker-assisted breeding to enhance tobacco resistance to bacterial wilt.

Fig. 4. Q-Q plot analysis of association models using the GLM_Q and MLM_Q + Kinship models based on phenotype values in two environments: (A, 
C) E1 (2011) and (B, D) E2 (2013), with the expected –log (P-value) on the X-axis and the observed –log (P-value) on the Y-axis. The closer the red 
squares are to the Y = X line, the higher the model’s accuracy in predicting associations. The lambda (λ) value indicates the degree of inflation in the 
test statistics, with a value closer to ‘1’, representing higher model reliability and less inflation.
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5. Conclusion

This study conducted an association analysis using SSR/InDel markers across 78 tobacco accessions to investigate TBW disease 
resistance. Two association models identified 19 reliable marker loci with 19 excellent loci that explained 5.37–19.10 % of their 
phenotypic variation for TBW disease resistance. Based on these loci, five hybrid combinations—‘K326’ × ‘RG-22’, ‘NC60’ × ‘RG-22’, 
‘K326’ × ‘Dayemihe’, ‘NC60’ × ‘Dayemihe’ and ‘RG-22’ × ‘Dayemihe’— were proposed for subsequent screening of superior resistant 
offspring. In addition, InDel261 b, one of the identified loci, was also detected as a QTL for TBW resistance through linkage analysis, 
and a candidate gene NtAT5-like (LOC107795335), was located nearby (downstream at 17.58 Kbp). The findings from this study 
provide valuable insights into the genetic architecture of TBW resistance and offer a foundation for marker-assisted selection to 
improve tobacco resistance in breeding programs.

Funding

This work was funded by the Scientific and Technological Projects of Guangdong Tobacco Corporation (201702). The funder was 
not involved in the study design, data collection, data analysis, data interpretation, article writing, or the publication submission 
decision.

Ethics approval and consent to participate

All methods were performed in accordance with the relevant guidelines and regulations. No specific permissions were required for 
the collection of plant material that was conducted in this study. Tobacco accessions collected from the United States of America (USA) 
and China were kindly provided by Mr. Weicai Zhao (Guangdong Research Institute of Tobacco Science, Shaoguan 512029, China).

Fig. 5. Important marker loci related to tobacco bacterial wilt resistance. (A) Bar chart showing the number of marker loci associated with different 
environments and methods. Colored circles and connecting bars below each bar indicate the association model type used for the corresponding 
environment. Red circles represent the GLM_Q model for the disease index based on Experiment 1 (E1) in 2011 and the MLM_Q + Kinship model for 
the disease index based on Experiment 2 (E2) in 2013. (B) Pairwise linkage disequilibrium analysis between 19 stable marker loci. The numbers 
inside each rectangular box represent the R2 value × 100, reflecting the strength of the linkage between pairs of loci. (C) Box plot comparing the 
disease index of materials with (denoted Y) or without (denoted N) the marker locus InDel261 b. ANOVA was performed, with different lowercase 
letters indicating significant differences (P < 0.05). (D) Partial LOD scan results of the previous linkage group 17 (LG17). QTL mapping based on the 
disease index of the RIL population in 2018 identified one QTL identified at LOD = 2.01 (red diamond), corresponding to the marker InDel261, with 
a phenotypic variation explained (PVE) of 8.1 %.
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Fig. 6. Amino acid sequence alignment and protein three-dimensional structure prediction. (A) Amino acid sequence alignment of NtAT5-like, 
NtAVT6-like, and AtAVT6. Positions where all three proteins share the same amino acid are highlighted with a dark blue background. Three- 
dimensional structure prediction of (B) NtAT5-like and (C) NtAVT6-like and AtAVT6 using the Global Model Quality Estimation (GMQE) 
method. The GMQE value indicates the accuracy of the prediction, with values closer to 1 representing higher accuracy.

Table 3 
Parental cross combinations for tobacco bacterial wilt resistance from superior alleles.

P1 P2 P1-Phen. P2-Phen. P1-Exce. P2-Exce. Offspring loci

K326 RG-22 23.61 16.11 17 15 18
NC60 RG-22 14.17 16.11 17 15 18
K326 Dayemihe 23.61 12.78 17 7 18
NC60 Dayemihe 14.17 12.78 17 7 18
RG-22 Dayemihe 16.11 12.78 15 7 16

Note: Phen. is the average tobacco bacterial wilt disease index in two environments; Exce. is excellent loci.
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