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Abstract 13 

Background The development of high-yielding stable cotton genotypes with compact plant 14 

architecture is critical for improving productivity and sustainability in rainfed ecosystems of 15 

India. This study evaluated 22 compact to semi-compact genotypes, including two check 16 

varieties (ARBC1651, CSH3075), across three distinct environments in Tamil Nadu during 17 

Kharif 2024.  18 

Results Genotypic performance was analyzed using a suite of stability assessment tools 19 

including AMMI, GGE biplot, WAAS, BLUP, and MTSI. Joint ANOVA revealed highly 20 

significant (p ≤ 0.001) genotype, environment, and GEI effects for most traits, with genetic 21 
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variance contributing up to 72% of phenotypic variation in seed cotton yield (SCY). The first 22 

two IPCs of AMMI and GGE biplots explained >75% of GEI variation and consistently 23 

identified Suraksha, Subiksha, and Suraj as stable, high-yielding genotypes. Whereas RS2818, 24 

CO17, and Nano represented compact types with plant height <90 cm, reduced internode length 25 

(~5.7 cm), and sympodial branching (~18.8 cm), aligning with ideotypes suitable for high-26 

density planting and mechanized harvesting. BLUP analysis showed high heritability for SCY 27 

(h²mg = 0.91), with strong genotypic variance (71.99%) and high selection accuracy (0.95). It 28 

confirmed AMMI and GGE biplots results, identifying Suraksha, Subiksha, and Suraj as superior 29 

yielders, while CO17, Nano, and TVH002 promising compact types with high predictive 30 

accuracy. WAAS/WAASBY indices confirmed Suraksha and Subiksha as the most stable and 31 

productive genotypes, whereas MTSI ranked Suraj (MTSI = 2.16), Subiksha, F2383, and 32 

RS2818 as top multi-trait stable performers. Compact plant traits were found to be negatively 33 

correlated with excessive vegetative growth but positively associated with yield stability under 34 

rainfed conditions. Among the test environments, Veppanthattai (E3) effectively discriminated 35 

genotypes, while Coimbatore (E1) and Srivilliputhur (E2) were representative for selecting 36 

compact and stable high-yielding types.  37 

Conclusion This integrated stability models enabled precise identification of compact, high-38 

yielding genotypes, supporting breeding of rainfed-adapted and machine-harvestable genotypes. 39 

Keywords: Compact plant architecture, AMMI, GGE biplot, WAAS, BLUP, MTSI, yield 40 

stability, rainfed cotton 41 

Introduction 42 

Cotton is one of the most important fiber crops in India, and the country is among the largest 43 

producers and users of cotton in the world. Nearly 82% of the cotton area in the country is 44 



3 

 

cultivated under rainfed conditions, primarily in central and southern states (Madhu et al., 2023), 45 

where farmers face challenges of erratic rainfall, fluctuating yields, and high production costs. 46 

Harvesting is usually done by hand, but this practice is becoming less sustainable because of 47 

rising labor costs, shortage of workers during the picking season, and inefficiencies in 48 

completing harvests on time (Venugopalan et al., 2011). Manual picking increases production 49 

expenses, delays harvesting, and often reduces both yield and lint quality. Given that over 95% 50 

of Indian cotton is composed of long-duration Bt hybrids, which are typically tall and possess 51 

monopodial branching with extended boll-opening duration, which requires multiple hand 52 

pickings (Sivakumar et al., 2024). These traits require several rounds of hand-picking and make 53 

the crop unsuitable for machine harvesting; it suggests that urgent need for architectural and 54 

agronomic improvements. 55 

In contrast, compact cotton plants with shorter height, reduced internodes, absence of 56 

monopodia, shorter fruiting branches, and uniform boll maturity are more suitable for modern 57 

farming. Such plants allow high-density planting, better use of light, improved boll retention, 58 

easier crop management, and mechanical harvesting (Venugopalan et al., 2011; Yan et al., 2019; 59 

Gunasekaran et al., 2020). For machine harvesting, ideal plant height is less than 120 cm for 60 

spindle pickers and less than 80 cm for stripper pickers (Williford et al., 1994; Van der Sluijs 61 

2015; Madhu et al., 2023). Plant types with the first fruiting branch appearing higher on the stem 62 

and a uniform canopy also improve harvest efficiency (Van der Sluijs, 2015). However, while 63 

plant architecture is important, high seed cotton yield is the main target in breeding. Both yield 64 

and plant architecture are strongly affected by the interaction between genotype and environment 65 

(GEI), which makes it necessary to test genotypes in multi-environment trials (METs) to assess 66 
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their performance, adaptability, and stability (Sheeba et al., 2025; Shahzad et al., 2019; 67 

Sivakumar et al., 2024). 68 

Past studies have shown that the environment plays a major role in yield variation and 69 

contributes more than 80% of the total variance (Meredith et al., 2012). Still, GEI can also affect 70 

specific traits. For example, a study with 82 germplasm lines showed that GEI explained 46% of 71 

the variation in boll weight (Campbell et al., 2012). Evidence suggests that for traits like branch 72 

height and number, the effects of genotype and GEI are stronger than the environment (Madhu et 73 

al., 2023, Sivakumar et al., 2024). Since yield and architecture are complex traits controlled by 74 

many genes and affected by environmental conditions. GEI reduces the relationship between the 75 

genetic and observed values of traits (Yan and Tinker, 2006), making stability analysis essential 76 

to find genotypes that perform well across locations and years (Vaezi et al., 2019). 77 

Several statistical models are used to study GEI and stability. The Additive Main Effects 78 

and Multiplicative Interaction (AMMI) model is widely applied in many crops (Gauch, 1988). It 79 

combines variance analysis with principal component analysis (PCA) to explain GEI and create 80 

biplots to show genotype performance. Another improvement is the WAAS index, which 81 

considers all significant components and gives a more detailed picture of genotype stability 82 

(Olivoto et al., 2019a). Along with AMMI, the genotype plus genotype-by-environment 83 

interaction (GGE) biplot is also popular. It helps compare test locations, identify mega-84 

environments, and select winning genotypes (Yan, 2001; Yan et al., 2007; Yan, 2024). Apart 85 

from AMMI, the Best Linear Unbiased Prediction (BLUP) method is also used in stability 86 

analysis, as it provides accurate estimates of genetic values (Smith et al., 2005). Unlike AMMI, 87 

which treat genotypes as random effect, BLUP uses linear mixed models to separate effects 88 

(Piepho 1994, Gauch 2013). To combine the strengths of both methods, weighted average of 89 
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absolute scores (WAAS) and WAAS from BLUP and yield (WAASBY) indices were developed, 90 

which link stability and mean yield in genotype evaluation (Olivoto et al., 2019a; Smith et al., 91 

2005). Selecting superior genotypes for cotton cannot be based on yield alone, as yield depends 92 

on several growth and physiological traits. Improving compact plant architecture together with 93 

yield is important for developing varieties suitable for modern farming. However, selection of 94 

multiple traits at time is difficult because of negative correlations among them (Elsamman et al., 95 

2024). To tackle this, the Multi-Trait Stability Index (MTSI) was introduced (Olivoto et al., 96 

2019b). MTSI uses factor analysis to measure the distance of each genotype from an “ideal” 97 

genotype and allows simultaneous selection of multiple traits based on performance and stability.  98 

In this background, the present study aims to evaluate cotton genotypes that combine 99 

compact architecture with high yield using different stability assessment tools such as AMMI, 100 

GGE,WAAS, BLUP and MTSI, tested across three environments. This integrated approach can 101 

help identify promising cotton lines with desirable plant type and stable yield, improving the 102 

profitability and sustainability of cotton cultivation in rainfed areas of India. 103 

Materials and Methods 104 

Plant material selection 105 

A total of twenty-two elite compact to semi-compact cotton genotypes were sourced from ICAR-106 

CICR Regional Station and the Department of Cotton, TNAU, Coimbatore. Two widely 107 

cultivated check varieties, ARBC1651 and CSH3075, known for their high yield and zero 108 

monopodial compact plant architecture suitable for rainfed regions, were included for 109 

comparison is given in Table 1. 110 

Experimental sites and setup 111 
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Field trials were conducted during the Kharif season of 2024 across three distinct agro-climatic 112 

zones in Tamil Nadu, India. The first site (E1) was at Coimbatore characterized by red clay and 113 

laterite soils under semi-arid climate. The second site (E2) at Veppanthattai featured very deep, 114 

calcareous clay soils with moderate drainage and low hydraulic conductivity. The third site (E3) 115 

was Srivilliputhur, comprised of vertisols with clay loam texture over canker nodules. These 116 

locations represent the Western, Cauvery Delta, and Southern agro-climatic zones of Tamil 117 

Nadu, respectively. Fig. 1 shows the geographical locations of experimental sites and their 118 

agroclimatic characteristics. A randomized complete block design (RCBD) with three 119 

replications was used for the experiments. Each plot measured 4 meters in length, consisting of 120 

six rows per genotype, with row and plant spacing set at 90 cm and 30 cm, respectively. 121 

Crop management practices 122 

During August 2024, three fuzzy cotton seeds were sown per hill at a depth of 3-5 cm. Three 123 

weeks of post-sowing thinning was performed to retain a single healthy plant per hill. Fertilizer 124 

was applied at a recommended rate of 16:16:8 kg/ha (NPK) as a basal dose during sowing, 125 

followed by a top dressing of 16:0:8 kg/ha at 40-45 days after sowing. Pendimethalin 30% EC 126 

(3.3 l/ha) was applied as a pre-emergence herbicide three days after sowing, and manual weeding 127 

was carried out twice during the crop growth period. Pest and disease management followed 128 

standard agronomic practices. Irrigation was supplied artificially at critical stages to avoid 129 

drought stress, ensuring uniform growth and reliable data. 130 

Data collection and trait measurement 131 

At harvest, five plants were randomly selected from the inner rows of each plot in every 132 

replication. The following traits were recorded: plant height (PH, cm), first sympodial branch 133 

height from ground (FSB, cm), main stem internode length (MIL, cm), and sympodial branch 134 
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length (SBL, cm). Plant height was measured from the cotyledonary node to shoot apex using a 135 

tape. The methods described by (Madhu et al., 2023) were followed for MIL and SBL 136 

measurements. The number of monopodial (NMB) and sympodial branches (NSB) were counted 137 

per plant. Boll count per plant (BP) was recorded, and five randomly selected bolls per plant 138 

were weighed to determine average boll weight (BW, g). Seed cotton yield (SCY, g per plant) 139 

was calculated by hand-picking bolls during the first fortnight of December. 140 

Statistical analysis approach 141 

All analysis were conducted using R Studio v.4.0 (R-Studio Team, 2020) and the “metan” 142 

package (Olivoto and Lúcio, 2020). Bartlett’s test (Bartlett, 1937) used to verify homogeneity of 143 

error variances across locations before performing joint ANOVA. The joint RCBD ANOVA and 144 

AMMI analysis (Bradu and Gabriel, 1978) were used to to evaluate the additive mean effects of 145 

genotypes and locations. PCA was then used to identify non-additive interaction effects within 146 

the experimental setup (Zobel et al., 1988). AMMI biplots were constructed to illustrate the 147 

relationship between genotype means and the first two principal components (PC1 and PC2), 148 

following Gauch (1988). GGE biplots (Yan, 2024) were employed to visualize genotype 149 

performance and stability. The environment-centered data and symmetrical singular value 150 

partitioning (SVP) with row metric preservation method enabled consistent comparison across 151 

environments (Yan, 2002; Yan, 2024). The WAAS method involved singular value 152 

decomposition (SVD) of the GEI matrix from AMMI ANOVA, providing stability measures 153 

based on the first IPC (Olivoto et al., 2019a). BLUP analysis was applied using a linear mixed 154 

model with genotypes as random effects to predict genotypic performance across environments 155 

(Olivoto et al., 2019a). Variance components were estimated through restricted maximum 156 

likelihood, with the likelihood ratio test used for random effects significance. WAAS values 157 
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derived from BLUP (WAASB) were calculated by applying SVD to the BLUP-based GEI 158 

matrix. The WAASBY index (Olivoto et al., 2019a) integrated yield and stability for 159 

comprehensive genotype selection. The MTSI was calculated from the Euclidean distance 160 

between each genotype and an ideotype, based on on scores obtained through factor analysis 161 

with varimax rotation (Olivoto et al., 2019b). MTSI was estimated to use all yield and plant 162 

architecture traits, whereas boll count per plant was excluded as it showed no significant 163 

correlation with yield components. 164 

Results and discussion 165 

Additive main effects and multiplicative interaction (AMMI)  166 

Considering the homogeneity of error variance across locations, a joint ANOVA based on RCBD 167 

and AMMI’s additive model was performed for plant architecture, yield, and yield-related traits 168 

are given in Table 2. The environment (E) had a highly significant effect on all traits, indicating 169 

substantial variation between test locations. The genotype (G) effect was also highly significant 170 

(p ≤ 0.001) for all traits, except for BP, reflecting strong genetic differences among the tested 171 

genotypes due to their diverse backgrounds and performance under contrasting environments 172 

(Ali et al., 2018; Madhu et al., 2023). In addition, the GEI was highly significant (p ≤ 0.001) for 173 

all traits, causing differential genotype ranking across environments and revealing the complex 174 

nature of genotype adaptability (Sheeba, et al., 2025). These findings agree with earlier cotton 175 

multi-location studies (Orawu et al., 2017; Shahzad et al., 2019; Sivakumar et al., 2024). 176 

The evaluation of genotypes across three environments (E1, E2, and E3) for nine traits 177 

showed notable differences in trait distribution and variability, as illustrated the violin plots in 178 

Fig. 2 and mean values are presented in Supplementary Table 1. Plant height (PH) ranged from 179 

87.99 cm (E2) to 92.29 cm (E3), with E2 showing a narrower distribution and lower median, 180 
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indicating conditions favoring shorter plant growth. The number of monopodial branches (NMB) 181 

was lowest in E2 (0.61) and highest in E3 (0.79), while the first sympodial branch height (FSB) 182 

varied from 21.37 cm (E2) to 22.04 cm (E3). Sympodial branch number (NSB) ranged from 183 

20.13 (E2) to 21.11 (E3), and sympodial branch length (SBL) ranged from 18.27 cm (E2) to 184 

19.67 cm (E3). Mainstem internode length (MIL) was lowest in E2 (5.51 cm) and highest in E3 185 

(5.90 cm). The number of bolls per plant (BP) remained stable across environments (21.47 to 186 

21.89), while boll weight (BW) was lowest in E2 (4.88 g) and highest in E1 (5.03 g). Seed cotton 187 

yield (SCY) was highest in E3 (116.30 g) and lowest in E1 (114.90 g). The violin plots revealed 188 

that E3 consistently exhibited broader trait distributions and higher medians, indicating a more 189 

favorable environment for trait expression and higher yield, whereas E1 and E2 provided 190 

favorable conditions for developing a compact plant type with narrower distributions and lower 191 

trait values. These results align with previous multi-environment cotton studies reporting the 192 

significant influence of environment on yield and architectural traits (Gul et al., 2016; Ali et al., 193 

2018; Sivakumar et al., 2024). 194 

The partitioning of phenotypic variance among the studied traits revealed differential 195 

contributions from genotype, environment, and GEI is depicted in Fig. 3. Genetic variance 196 

contributed the highest proportion for most traits, ranging from 42.22% (SBL) to 78.98% (SCY), 197 

with SCY showing the strongest genetic control, followed by PH, and FSB. This indicates that 198 

these traits are largely heritable and can be efficiently improved through selection. In contrast, 199 

NSB was predominantly influenced by the environment, accounting for 83.73% of the total 200 

variance, making it the most environmentally driven trait. BP showed the strongest GEI effect 201 

(53.07%), while other traits also exhibited substantial GEI influence, indicating their sensitivity 202 

to environmental changes. Except for NSB, the genetic-to-environmental variance ratio was 203 
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higher across traits, suggesting more reliable genotype selection under diverse conditions (Ali et 204 

al., 2018). Overall, most traits were mainly controlled by genetics, with moderate to high GEI 205 

effects, aiding the selection of suitable genotypes for specific environments (Madhu et al., 206 

2023).Whereas, NSB was almost entirely shaped by environmental variation, and BP was largely 207 

driven by GEI, both contributing to yield variation across environments (Sivakumar et al., 2024). 208 

These findings differ from earlier studies (Shahzad et al., 2019; Ali et al., 2018; Gul et al., 2016; 209 

Farias et al., 2016), which reported environmental dominance in controlling SCY, BW, and BP, 210 

while (Ali et al., 2017) found genotype as the major source of yield variation, reflecting 211 

significant genetic diversity. 212 

Investigating GEI is essential for identifying stable and high-yielding compact cotton 213 

genotypes across specific or diverse environments using AMMI analysis. The first two principal 214 

components (PC1 and PC2) significantly explained the GEI for all traits, with the AMMI model 215 

using two significant IPCs identified as the most reliable for stability analysis (Zobel et al., 216 

1988). PC1 explained the majority of GEI variation, ranging from 76.2% (SCY) to 96.2% 217 

(NSB), while PC2 contributed between 3.8% and 23.8%, offering additional clarification. 218 

Specifically, traits such as NSB (96.2%), SBL (92.2%), BP (92.3%), NMB (90.8%), and FSB 219 

(86.4%) were predominantly explained by PC1. PH (76.8%) and SCY (76.2%) showed a 220 

relatively higher contribution of PC2 (23.2% and 23.8%, respectively), indicating its moderate 221 

influence. MIL (83.4%) and BW (86.2%) also displayed a strong PC1 effect with some 222 

contribution from PC2 (16.6% and 13.8%). These results suggest that PC1 is the most 223 

informative axis for assessing genotype adaptability and stability across environments, while 224 

PC2 provides useful but minor additional insight into GEI. Our findings align with previous 225 
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studies (Sheeba et al., 2025; Sivakumar et al., 2024; Shahzad et al., 2019; Ali et al., 2018), which 226 

similarly reported that PC1 explains a greater portion of GEI variation than PC2. 227 

Genotype plus genotype-by-environment interaction (GGE) biplot  228 

Mean vs. stability biplot 229 

A two-dimensional biplot was constructed based on the first two PCs using the row metric 230 

preservation method to assess genotype mean performance and stability (Yan, 2002; Yan, 2024; 231 

Memon et al., 2023). From the average environment coordination (AEC) perspective, the AEC 232 

line, represented by a single arrow passing through the origin, indicated the direction of 233 

increasing mean performance, whereas short perpendicular projections (dotted lines) from the 234 

AEC axis identified genotypes with greater stability. Fig. 4 shows the GGE biplots for plant 235 

height (Fig. 4A), sympodial branch length (Fig. 4B), mainstem internode length (Fig. 4C), and 236 

seed cotton yield (Fig. 4D) were explained by PC1 and PC2, accounting for 91.80%, 96.59%, 237 

93.43%, and 96.42% of the total GGE variation, respectively (PH: PC1 = 69.34%, PC2 = 238 

22.46%; SBL: PC1 = 74.38%, PC2 = 22.21%; MIL: PC1 = 64.47%, PC2 = 28.96%; SCY: PC1 = 239 

84.46%, PC2 = 11.96%). It indicating that PC1 predominantly captured the mean trait 240 

performance across genotypes, while PC2 reflected the GEI and stability. 241 

Genotypes showed significant variation in mean performance and stability for studied 242 

traits. Anjali, ARBC19, ARBC1651, and PKV-081 Bt exhibited higher mean plant height, but 243 

their stability differed, with Anjali showing greater stability due to shorter projections from the 244 

AEC axis. In contrast, Nano, Rajat-Bt, and CO17 were shorter but less stable, while Suraj, 245 

Subiksha, Roja, F2383, RS2818, and Bt/C-62 showed stable performance with average or below-246 

average PH. For SBL, PKV-081Bt and Bt/C-63 recorded longer branches with high stability, 247 

whereas Nano and HC-54 had shorter branches and less stability. Genotypes CO17, Suraj, 248 
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Subiksha, F2383, and Anjali were positioned closer to the origin, indicating greater stability with 249 

average to below-average SBL. MIL varied widely, with Anjali showing the longest and RS2818 250 

the shortest internode length. Nano, Rajat Bt, and H C-54 had shorter internodes but lower 251 

stability, while CO15, Suraj, Bt/C-62, CO17, and F2383 showed short and stable internodes. 252 

Roja, Subiksha, Bt/C-61, and F2381 exhibited moderate internode length with stable 253 

performance. Suraksha, Suraj, and Subiksha demonstrated the highest mean SCY and stability, 254 

indicating wide adaptability under rainfed conditions, whereas CO17 showed strong GEI, 255 

indicating specific adaptation. ARBC1601, PKV-081Bt, and Bt/C-63 had lower mean yield and 256 

stability. Among environments, Veppanthattai (E3) was most discriminative for trait expression, 257 

while Coimbatore (E1) and Srivilliputtur (E2) were more representative, making them suitable 258 

for selecting high-yielding, compact, and stable genotypes. Similar studies by Ali et al. (2018), 259 

Verma et al. (2022), and McPherson (2022) used GGE biplot to identify high-yielding stable 260 

genotypes, and Sivakumar et al. (2023) applied it for selecting compact, high-yield cotton 261 

genotypes under multi-environment trials. 262 

Which-won-where biplot 263 

The which-won-where GGE biplot helps identify the best genotype for each environment (Aditi 264 

Rani et al., 2023; Yan, 2024). It forms a polygon by connecting the top-performing genotypes, 265 

with dotted lines (rays) originating from the biplot center and extend perpendicularly to the sides 266 

of the polygon, dividing the plot into sectors called mega-environments (Yan, 2024). The 267 

genotype at a vertex performs best in the environments within its sector, showing specific 268 

adaptation. Genotypes near the origin are more stable across environments, while those at the 269 

vertices are highly interactive (Yan and Tinker, 2006). 270 
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Fig. 5A shows the plant height (PH) biplot revealed three distinct mega-environments. 271 

Anjali and ARBC19 exhibited the tallest PH at E1 and E2, while PKV-081Bt performed best at 272 

E3. Vertex genotypes such as Nano, Rajat-Bt, RS2818, and HC54, which did not fall into any 273 

environment sector, were associated with shorter PH across the sites. Genotypes located near the 274 

origin (e.g., Subiksha, Roja, Bt/C-61, F2383, Suraj) showed more stable and below average PH. 275 

Fig. 5B shows the biplot for sympodial branch length, two mega-environments were identified: 276 

E1 and E2 formed one, while E3 was distinct. ARBC1651, Bt/C-63, and HC54 were high 277 

performers in E1 and E2, whereas PKV-081Bt and Suraksha excelled in E3. Other vertex 278 

genotypes (Nano, Suraksha, Subiksha, RS2818) showed shorter branch length responses in 279 

specific environments. Genotypes near the origin, including Roja, Bt/C-61, CSH3075, F2381, 280 

and CO15, were stable across locations but lacked superior performance in any single 281 

environment. Fig. 5C shows the biplot for mainstem internodal length (MIL) biplot, three 282 

separate mega-environments were formed by E1, E2, and E3. Anjali and ARBC19 were top 283 

performers in E1; PKV-081Bt excelled in E2; no genotype showed superiority in E3. Vertex 284 

genotypes such as Nano, Rajat-Bt, RS2818, and CO17 were linked to shorter MIL under certain 285 

conditions. Genotypes near the origin (ARBC1051, Subiksha, DSC1651) demonstrated stable 286 

and below average MIL across environments. Fig. 5D shows the biplot for seed cotton yield, the 287 

three environments constituted a single common mega-environment, with Suraksha as the high-288 

yielding vertex genotype. Other vertex genotypes without associated environments in their sector 289 

indicated lower yields across sites. Genotypes located near the origin (Suraj, Subiksha, F2383, 290 

RS2818, Nano) were stable and showed no significant interaction with the environments. 291 

However, these genotypes were not positioned at the vertices and exhibited very poor yield 292 

performance across the tested environments (Ali et al., 2017). Our findings agree with previous 293 
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studies showing that the environment divides cotton-growing sites into distinct mega-294 

environments (Abro et al., 2022; Verma et al., 2022). 295 

Weighted average of absolute scores (WAAS)  296 

The WAAS biplot, which assesses the mean performance (Y) against WAAS and provides a 297 

comprehensive stability evaluation by incorporating all scores of IPCs, unlike the AMMI model 298 

that considers only the first IPC. This approach captures the total variance of GEI when 299 

identifying stable genotypes (Olivoto et al., 2019a).  In the WAAS biplot, the vertical axis 300 

represents the average mean of traits such as PH (Fig. 6A), SBL (Fig. 6B), MIL (Fig. 6C) and 301 

SCY (Fig. 6D) across environments, with genotypes or environments placed to the right of this 302 

line performing above average, and those on the left performing below average. The horizontal 303 

axis indicates mean WAAS values, and its intersection with the vertical axis divides the plot into 304 

four quadrants, each representing groups of genotypes with distinct adaptability and stability 305 

patterns for studied environments. Genotypes positioned in the first quadrant of the biplot, 306 

including Nano and Rajat-Bt for PH in environments E1-Coimbatore and E2-Srivilliputtur, 307 

Nano, ARBC19, TVH002, and Rajat-Bt for SBL in E1 and E2, Nano, Rajat-Bt, and HC-54 for 308 

MIL in E2, and ARBC1601, Bt/C-62, CO15, RS2818, and ARBC19 for SCY in E1 and E2, 309 

recorded high WAAS values but below-mean performance. This reflects their instability and 310 

inconsistent response across environments and making them generally unsuitable for cultivation. 311 

However, genotypes expressing lower PH, SBL, and MIL values are desirable for developing 312 

compact plant types and thus recommended for cultivation where reduced plant height, internode 313 

and branch length are advantageous. Genotypes such as TCHB213, ARBC19, HC-54, and PKV-314 

081Bt were placed in the second quadrant of the PH biplot under environment E3-Veppanthattai. 315 

Similarly, HC-54, ARBC1651, Suraksha, and F2381 for SBL in E3, while Suraksha, TCHB213, 316 
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ARBC19, CSH3075, and PKV-081Bt for MIL under E1 and E3. For SCY, CO17, Roja, Bt/C-61, 317 

and TCHB213 occupied the second quadrant in E3. These genotypes showed high WAAS values 318 

combined with performance above the average mean, indicating strong adaptability to favorable 319 

environments. Environment E3 for PH, SBL, and SCY, while both E1 and E3 for MIL served as 320 

effective discriminators for genotypes. Under favorable environmental conditions, these 321 

genotypes are likely to achieve high yield potential and can be recommended for cultivation in 322 

regions suited to cotton growth and development. 323 

Genotypes CO17, RS2818, Suraksha, Suraj, F2383, Bt/C-62, CO15, and DSC1651 were 324 

clustered in the third quadrant of the PH biplot, whereas Suraksha, RS2818, Suraj, CO17, Bt/C-325 

62, and CO15 for SBL. Similarly genotypes RS2818, CO17, Suraj, TVH002, F2383, Bt/C-62, 326 

CO15 and DSC1651 for MIL and CSH3075, PKV-081Bt, Bt/C-63, F2381, ARBC1651, Anjali, 327 

Rajat-Bt and DSC1651 SCY. These genotypes exhibited lower WAAS values, indicating greater 328 

stability and minimal environmental influence. However, they also showed lower mean 329 

performance for the evaluated traits. The genotypes associated with PH, SBL, and MIL traits 330 

represent the most desirable compact types, characterized by shorter plant height, reduced 331 

internode length, and shorter sympodial branches, making them well-suited for cultivation in 332 

rainfed ecosystems than for yield maximization. Genotypes Anjali, ARBC1651, Subiksha, Roja, 333 

Bt/C-63, Bt/C-61, ARBC1601, F2381, and CSH3075 were positioned in the fourth quadrant of 334 

the PH biplot; PKV-081Bt, Roja, Bt/C-63, Anjali, ARBC1601, Bt/C-61, F2383, TCHB213, 335 

CSH3075, and DSC1651 in the SBL biplot; Anjali, Bt/C-63, Roja, ARBC1601, Suraksha, Bt/C-336 

61, F2381, and ARBC1651 in the MIL biplot; and Suraksha, Suraj, Subiksha, Nano, F2383, 337 

TVH002, and HC-54 in the SCY biplot. These genotypes exhibited low WAAS values and 338 

above-average performance, indicating they are stable with minimal environmental sensitivity 339 
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while maintaining optimal trait expression. Such genotypes are ideal for cultivation due to their 340 

consistent performance across varying conditions. In general, genotypes with WAAS values 341 

close to zero are considered the most stable. Accordingly, Anjali, Subiksha, F2383, Suraj, and 342 

ARBC1651 for PH; PKV-081Bt, Anjali, Roja, CO17, and ARBC1601 for SBL; Anjali, Roja, 343 

Bt/C-62, Suraj, and CO15 for MIL; and Suraksha, CSH3075, Subiksha, Suraj, Nano, and PKV-344 

081Bt for SCY exhibited low GEI and high stability. However, ideal genotypes not only have 345 

low WAAS values but also performance above the average mean. Therefore, Anjali, Subiksha, 346 

and ARBC1651 (PH), PKV-081Bt, Anjali, and Roja (SBL), Anjali, Roja, Subiksha, and Bt/C-63 347 

(MIL), and Suraksha, Subiksha, Suraj, Nano, and F2383 (SCY) were identified as stable 348 

genotypes with superior performance. The genotypes with high mean SCY performance are most 349 

desirable for yield, whereas low values in PH, SBL, and MIL contribute to a more compact plant 350 

type, advantageous for agronomic adaptability. Despite various yield stability methods, WAAS 351 

biplot from AMMI analysis provides valuable insight for accurate stability assessment (Vineeth 352 

et al., 2022; Taleghani et al., 2023; Mostafavi and Saremirad 2021; Sharifi et al 2017).  353 

Weighted average of absolute scores from BLUP and yield  (WAASBY) 354 

The simultaneous ranking and selection of genotypes based on trait performance and stability 355 

were performed using the WAASBY index, which combines the WAASB stability measure with 356 

the trait mean (Olivoto et al., 2019a). Blue circles represent genotypes with WAASBY values 357 

above the mean, while red circles indicate those below the mean. For plant height (PH), among 358 

12 high-performing genotypes (blue circle), Anjali showed a WAASBY index above the mean, 359 

while ARBC1651 and Subiksha also exhibited relatively high stability and lengthier plant height 360 

compared to others (Fig. 7A). In the case of SBL, PKV-081Bt, Bt/C-63, and Roja had the highest 361 

WAASBY indices among 11 genotypes exceeding the mean branch length (Fig. 7B). For trait 362 
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MIL, Anjali again displayed the highest WAASBY index among 15 above mean internodal 363 

length genotypes, making it the top-performing and most stable genotype (Fig. 7C). For SCY 364 

(Fig. 7D), eight genotypes showed high WAASBY values, with Suraksha surpassing the mean 365 

WAASBY index, and it identified as most stable and highest-yielding genotype, followed by 366 

Subiksha and Suraj. These results confirm that the WAASBY index efficiently identifies 367 

genotypes combining high trait performance and stability (Olivoto et al., 2019a), which is 368 

essential for breeding programs targeting consistent performance across varied rainfed 369 

ecosystems. 370 

Considering the advantage of WAASB approach, it is possible to customize the 371 

magnitude of this stability index in relation to trait performance for identifying desirable 372 

genotypes (Olivoto et al., 2019a). Therefore, WAASB values were plotted against the 373 

responsible variable (WAASBY) across several weights of WAASB for each trait (Fig. 8A). 374 

Accordingly, variation in genotype rankings was recorded based on the weighted contribution of 375 

traits PH (Fig. 4A), SBL (Fig. 8B), MIL (Fig. 8C), SCY (Fig. 8D), and their stability index 376 

(WAASB). The WAASB/GY heatmap was partitioned into two columns, first on left side of 377 

heatmap and second on right side on 50/50 WAASB weights. In the first column, where 378 

genotypes rankings were determined exclusively by the WAASB index (0/100). It revealed, 379 

Subiksha < ARBC1651 < Anjali was identified as stable genotypes with lengthier PH; Roja < 380 

Anjali < PKV-081Bt as stable genotypes with longer SBL; Bt/C-63 < Roja < Anjali as stable 381 

genotypes with longer MIL; and Suraj < Subiksha < CSH3075 < Suraksha as stable genotypes 382 

with higher SCY. In the second column, when ranking was based only on WAASB index 383 

(100/0), genotypes Anjali > ARBC19 > ARBC1651 were identified superior for PH, PKV-081Bt 384 

> Bt/C-63 > ARBC1601 for SBL, Anjali > PKV-081Bt > ARBC1601 for MIL, and Suraksha > 385 



18 

 

Suraj > Subiksha for SCY, and it highlighting that these genotypes are most superior and stable 386 

with desirable trait expression. The ranking of genotypes based on equal weights (50/50) is 387 

assigned to stability and the respective trait. Under this criterion, Anjali > ARBC1651 > 388 

Subiksha was identified as the most promising genotypes for PH, PKV-081Bt > Bt/C-63 > Roja 389 

for SBL, Anjali > Bt/C-63 > ARBC1601 for MIL, and Suraksha > Subiksha > Suraj for SCY. 390 

The WAASBY method effectively integrates trait performance and stability with WAASB 391 

analysis (Olivoto et al., 2019a), enabling the selection of cotton genotypes with consistent yield 392 

across variable environments. This approach helps breeders develop high-yielding, stable, and 393 

adaptable cultivars for diverse climates and farming practices. While most cotton yield stability 394 

studies have applied GGE biplot (Sivakumar et al., 2024), non-parametric methods (Baraki et al., 395 

2024), and AMMI (Shahzad et al., 2019), the WAASB method-derived from AMMI and BLUP 396 

techniques-offers a powerful tool for identifying compact plant types in cotton genotypes 397 

adapted to rainfed conditions. 398 

Best linear unbiased prediction (BLUP)  399 

AMMI ANOVA applies a fixed-effects model treating genotype and environment as fixed 400 

factors, while LMM treat genotypic effects as random, providing a more realistic estimation of 401 

GEI (Piepho, 1994; Olivoto et al., 2019). In this study, LMM with genotype as a random effect 402 

was used, and BLUPs enabled accurate prediction of genotypic performance, especially with 403 

incomplete data (Smith et al., 2005). Variance component analysis confirmed significant effects 404 

of genotype and GEI for all traits except boll per plant (BP), which showed non-significant 405 

genotypic variance and was excluded from MTSI analysis. SCY had the highest genotypic 406 

variance proportion (71.99%), followed by BW and PH, indicating strong genetic control (Table 407 

3). In contrast, NSB exhibited low genotypic variance (22.74%) and high environmental 408 
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influence. GEI variance was highest for NSB (52.20%) and SBL (50.70%), while SCY showed 409 

the lowest (19.26%), reflecting greater yield stability. Heritability (h²) ranged from 0.23 (NSB) 410 

to 0.72 (SCY), with moderate estimates for PH, NMB, FSB, and MIL. Genotypic mean 411 

heritability (h²mg) was high for SCY (0.91), BW (0.77), and PH, NMB, FSB (0.71 each), 412 

confirming reliable selection based on multi-environment performance. Selection accuracy (AS) 413 

was highest for SCY (0.95), followed by BW (0.88) and PH, NMB, FSB (0.84 each), 414 

demonstrating model robustness. The GEI coefficient of determination (GEIr²) ranged from 0.19 415 

(SCY) to 0.52 (NSB), indicating stronger GEI influence on branch-related traits, while SCY 416 

showed greater stability. The low GEIr² for SCY and moderate values for PH, NMB, and FSB 417 

suggested higher residual variation in the interaction component compared with AMMI ANOVA 418 

which explained most of the GEI through the first two IPCAs (Koundinya et al., 2021).  419 

The correlation of genotypic values across environments (rge) was highest for PH (0.76) 420 

and lowest for BW (0.47), with most traits showing rge > 0.66, aiding stable genotype selection 421 

(Table 3). Genotypic coefficient of variation (CVg) was highest for NMB (26.26%) and 422 

moderate for SCY (6.42%), while residual variation (CVr) ranged from 2.24% (SCY) to 19.39% 423 

(NMB). The CV ratio exceeded unity for most traits, especially SCY (2.87), indicating strong 424 

selection potential, whereas NSB and SBL showed greater environmental masking. BLUP-425 

predicted mean values (Fig. 9) showed 13 genotypes above average for PH, with Anjali and 426 

ARBC 19 as tallest, and RS 2818, CO 17, Rajat Bt, Suraksha, and Nano as most compact (Fig. 427 

9A). For SBL, 14 genotypes performed above average, led by PKV-081 Bt and Bt C-63, whereas 428 

Subiksha, RS 2818, and Nano had the shortest SBL (Fig. 9B). Similarly, 13 genotypes showed 429 

above-average predicted mean for MIL, with Anjali and PKV-081 Bt recording the longest 430 

internodes, and RS 2818, CO 17, and Rajat Bt having the shortest (Fig. 9C). For SCY, 11 431 
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genotypes exceeded the average, with Suraksha, Suraj, and Subiksha showing the highest 432 

predicted means (Fig. 9D). Additionally, 14 genotypes exhibited above-average predicted means 433 

for NSB, 13 for FSB, 11 for NMB, and 13 for boll weight (BW) (Supplementary Fig. 1). Overall, 434 

Suraksha, Suraj, and Subiksha emerged as superior yield performers, while RS 2818, CO 17, 435 

Rajat Bt, and Nano represented compact types with lower PH, SBL, and MIL. These results 436 

highlight substantial genetic variability, supporting selection for both vigorous and compact 437 

types depending on breeding goals. The BLUP method proved effective for multi-environment 438 

prediction, consistent with previous studies in crops such as cowpea (Sousa, et al., 2019), cotton 439 

under saline conditions (Vineeth et al., 2022), cassava (Koundinya et al., 2021), and olive (Li et 440 

al., 2025). 441 

Multi-trait stability index (MTSI)  442 

MTSI is an advanced tool designed to overcome the limitations of traditional stability models 443 

that assess single traits independently (Memon et al., 2023). Traditional stability models focus on 444 

mean performance, regression, and deviations but fail to fully capture genotype stability or key 445 

trait strengths and weaknesses (Bhering et al., 2012; Yue et al., 2022). MTSI overcomes these 446 

limitations by analyzing multiple traits simultaneously, helping breeders identify superior and 447 

stable genotypes more effectively (Olivoto et al., 2019). In this study, MTSI was applied to 448 

evaluate the performance and stability of cotton genotypes for multiple yield and plant 449 

architecture traits across environments. Factor analysis (PCA with Varimax rotation) grouped 450 

eight traits into three factors explaining 70.78% of the total variation (Table 4, Table 5). FA1 451 

(eigenvalue 2.84, 35.50% variance) was associated with PH, SBL, and MIL; FA2 (eigenvalue 452 

1.48, 18.45%) related to BW and SCY; and FA3 (eigenvalue 1.35, 16.83%) involved NMB, 453 

FSB, and NSB. Mean communality of 0.72 indicated a good representation of trait variation.  454 
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The MTSI ranked genotypes from lowest (most desirable) to highest values (Fig. 10a), 455 

with Suraj (MTSI = 2.16), Subiksha (2.53), F2383 (2.54), and RS2818 (3.08) identified as the 456 

most promising under a 15% selection intensity (Supplementary Table 2). The red dot in (Fig. 457 

10A) marks the cut-off MTSI value (3.08), highlighting genotypes for future evaluation. Selected 458 

genotypes showed favorable selection differentials (SDp), ranging from –8.48% (SBL) to 459 

+5.50% (BW), and high heritability for SCY (0.91) and BW (0.77). However, negative selection 460 

gains were observed for PH, SBL, MIL, NMB, FSB, and NSB. The radar plot (Fig. 10B) 461 

illustrated the strengths and weaknesses of selected genotypes, with RS2818 driven mainly by 462 

FA1, F2383 by FA3, Subiksha by FA2, and Suraj showing balanced contributions from FA2 and 463 

FA3. These results suggest that Suraj and F2383 are stable and widely adaptable compact 464 

genotypes, while Subiksha offers intermediate stability, and RS2818 is suited for targeted trait 465 

improvement. Similar successful applications of MTSI have been reported in Cotton (DS Raj et 466 

al., 2024; Elsamman et al., 2024), cassava (Koundinya et al., 2021), rice (Sharifi et al., 2021), 467 

and pearl millet (Yadav et al., 2022), confirming its efficiency in identifying superior and stable 468 

genotypes, consistent with the findings of this study. 469 

Trait correlation patterns 470 

The scatterplot matrix (Fig. 11) revealed clear patterns of association among plant architecture 471 

and yield-related traits in cotton. PH showed a moderate positive correlations with NMB, SBL, 472 

and NSB, indicating that taller plants tended to have more and longer branches (Madhu et al., 473 

2023). PH was also strongly correlated with MIL, confirming that longer internodes contribute to 474 

greater plant height. However, excessive vegetative growth can hinder crop management 475 

(Venugopalan et al., 2011; Kerby et al., 2010). In contrast, shorter MIL and SBL were associated 476 

with compact plant architecture, which improves resource allocation to reproductive growth, 477 
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enhances boll retention, and suits high-density planting (Gunasekaran et al., 2020; Yan et al., 478 

2019; Sivakumar et al., 2024). NMB and FSB showed weak correlations with yield traits, 479 

suggesting limited impact on yield improvement (Van der Sluijs, 2015). SCY was primarily 480 

driven by BP and BW, while PH, SBL, MIL, and NSB showed negative correlations with SCY. 481 

These findings suggest that excessive vegetative growth does not enhance yield, contradicting 482 

several earlier studies that reported positive associations (Meredith et al., 2012; Ali et al., 2017; 483 

Ul-Allah et al., 2017; Ali et al., 2018) but aligning with studies that found negative correlations 484 

(Pujer et al., 2014; Yan et al., 2019; Sivakumar et al., 2024; Madhu et al., 2023). The results 485 

highlight the importance of selecting compact plant types that improve reproductive efficiency, 486 

supporting the goals of ideotype breeding in cotton. 487 

Conclusion 488 

This METs identified cotton genotypes combining compact plant architecture with stable high 489 

yield, suitable for rainfed systems in Tamil Nadu. Yield variation was largely governed by 490 

genetic factors with moderate GEI, whereas branch number and boll count were predominantly 491 

influenced by environmental conditions. Suraksha emerged as the most stable and highest-492 

yielding genotype, while Suraj, Subiksha, and F2383 exhibited a favorable balance of compact 493 

growth and adaptability across environments. Genotypes RS2818, Nano, and CO17, 494 

characterized by reduced plant height and internode length, represent valuable donors for 495 

compact plant traits. The integration of AMMI, GGE, WAAS, BLUP, WAASBY, and MTSI 496 

analyses provided complementary insights into genotype evaluation, underscoring the 497 

importance of multi-trait and multi-location testing in cotton ideotype breeding. For practical 498 

applications, these selected genotypes offer potential as parental lines for developing compact, 499 

high-density, and machine-harvestable cotton hybrids. These findings form a strong basis for 500 
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breeding programs targeting compact architecture and sustainable yield under rainfed conditions 501 

in India. 502 

Acknowledgement 503 

The authors are thankful to the Department of cotton, Centre for Plant Breeding and Genetics, 504 

Tamil Nadu Agricultural University, Coimbatore, for providing resources for research and 505 

helping in breeding aspects. 506 

Author’s contribution 507 

All the authors contributed to the study conception and design. Banoth M executed the 508 

experiment, analysed the data, results interpreted and written original draft. All authors critically 509 

revised the manuscript for important intellectual contents and approved the final manuscript. 510 

Funding 511 

Not applicable 512 

Data availability 513 

Data will be made available on request.  514 

Declarations 515 

Ethics approval and consent to participate 516 

Not applicable. 517 

Consent for publication 518 

Not applicable. 519 

Competing interests 520 



24 

 

Authors declare that they don’t have competing interests. 521 

References  522 

Abro S, Rizwan MU, Rajput MT, et al. Evaluation of upland cotton genotypes for stability over 523 

different locations using AMMI and GGE biplot analysis. Pak J Bot. 2022;54(5):1733-524 

1739. 525 

Aditi Rani S, Khandelwal VD, Vaish A, et al. Proposed new stability indices using AMMI model 526 

and GGE biplot approach to assess G×E interaction. Int J Stat Appl Math. 2023;8:111-527 

117. 528 

Ali I, Khan NU, Mohammad F, et al. Genotype by environment and GGE-biplot analysis for 529 

seed cotton yield in upland cotton. Pak J Bot. 2017;49(6):2273-2283. 530 

Ali I, Khan NU, Rahman M, et al. Genotype by environment and biplot analyses for yield and 531 

fiber traits in upland cotton. Int J Agric Biol. 2018;20(9):1979-1990. 532 

https://doi.org/10.17957/IJAB/15.0720 533 

Baraki F, Gebregergis Z, Belay Y, et al. Parametric and non-parametric measures to identify 534 

stable and adaptable cotton (Gossypium hirsutum L.) genotypes. J Nat Fibers. 535 

2024;21(1):2317426. 536 

Bartlett MS. Properties of sufficiency and statistical tests. Proc R Soc Lond A Math Phys Sci. 537 

1937;160:268-282. 538 

Bhering LL, Laviola BG, Salgado CC, et al. Genetic gains in physic nut using selection indexes. 539 

Pesqui Agropecu Bras. 2012;47:402-408. 540 

https://doi.org/10.1590/S0100204X2012000300012 541 

https://doi.org/10.17957/IJAB/15.0720
https://doi.org/10.1590/S0100204X2012000300012


25 

 

Bradu D, Gabriel KR, et al. The biplot as a diagnostic tool for models of two-way tables. 542 

Technometrics. 1978;20:47-68. https://doi.org/10.1080/00401706.1978.10489617 543 

Campbell BT, Chee PW, Lubbers E, et al. Dissecting genotype × environment interactions and 544 

trait correlations present in the Pee Dee cotton germplasm collection following seventy 545 

years of plant breeding. Crop Sci. 2012;52:690-699. 546 

https://doi.org/10.2135/cropsci2011.07.0380 547 

DS Raj S, Patil RS, Patil BR, et al. Characterization of early maturing elite genotypes based on 548 

MTSI and MGIDI indexes: an illustration in upland cotton (Gossypium hirsutum L.). J 549 

Cotton Res. 2024;7:1-3. https://doi.org/10.1186/s42397-024-00187-w 550 

Elsamman EY, Ge Q, Wang X, et al. Elucidating the phenotypic basis of multi-environment 551 

stability for fiber yield and quality traits of cotton (Gossypium hirsutum L.) using 498 552 

recombinant inbred lines. Ind Crops Prod. 2024;215:118593. 553 

https://doi.org/10.1016/j.indcrop.2024.118593 554 

Farias FJC, Carvalho LP, Filho SJL, et al. Biplot analysis of phenotypic stability in upland cotton 555 

genotypes in Mato Grosso. Genet Mol Res. 2016;15(2):1-10. 556 

https://doi.org/10.4238/gmr.1502800910 557 

Gauch HG Jr. Model selection and validation for yield trials with interaction. Biometrics. 558 

1988;44:705-715. https://doi.org/10.2307/2531585 559 

Gauch HG Jr. A simple protocol for AMMI analysis of yield trials. Crop Sci. 2013;53:1860-560 

1869. https://doi.org/10.2135/cropsci2013.04.0241 561 

Gauch HG, Zobel RW, et al. Predictive and postdictive success of statistical analyses of yield 562 

trials. Theor Appl Genet. 1988;76:1-10. https://doi.org/10.1007/BF00288824 563 

https://doi.org/10.1080/00401706.1978.10489617
https://doi.org/10.2135/cropsci2011.07.0380
https://doi.org/10.1186/s42397-024-00187-w
https://doi.org/10.1016/j.indcrop.2024.118593
https://doi.org/10.4238/gmr.1502800910
https://doi.org/10.2307/2531585
https://doi.org/10.2135/cropsci2013.04.0241
https://doi.org/10.1007/BF00288824


26 

 

Gul S, Khan NU, Gul R, et al. Genotype by environment and phenotypic adaptability studies for 564 

yield and fiber variables in upland cotton. J Anim Plant Sci. 2016;26(3):776-786. 565 

Gunasekaran M, Premalatha N, Kumar M, et al. Cotton CO17-A short duration high yielding 566 

compact variety suitable for high density planting system. Electron J Plant Breed. 567 

2020;11(4):993-1000. https://doi.org/10.37992/2020 568 

Kerby TA, Bourland FM, Hake KD, et al. Physiological rationales in plant monitoring and 569 

mapping; physiology of cotton. Dordrecht: Springer Netherlands. 2010;304-317. 570 

https://doi.org/10.1007/978-90-481-3195-2 571 

Koundinya AV, Ajeesh BR, Sheela MN, et al. Genetic parameters, stability and selection of 572 

cassava genotypes between rainy and water stress conditions using AMMI, WAAS, 573 

BLUP and MTSI. Sci Hortic. 2021;281:109949. 574 

https://doi.org/10.1016/j.scienta.2021.109949 575 

Li J, Jia D, Zhou Z, et al. Stability analysis and multi-trait selection of flowering phenology 576 

parameters in olive cultivars under multi-environment trials. Plants. 2025;14(13):1906. 577 

https://doi.org/10.3390/plants14131906 578 

Madhu B, Sivakumar S, Manickam S, et al. Improvising cotton (Gossypium hirsutum L.) 579 

genotypes for compact plant architecture traits suitable for mechanical harvesting. Indian 580 

J Genet Plant Breed. 2023;83(3):398-406. https://doi.org/10.31742/ISGPB.83.3.12 581 

McPherson M. An application of GGE biplot to cotton variety development. Crop Breed Genet 582 

Genom. 2022;4(1):e220001. https://doi.org/10.20900/cbgg20220001 583 

https://doi.org/10.37992/2020
https://doi.org/10.1007/978-90-481-3195-2
https://doi.org/10.1016/j.scienta.2021.109949
https://doi.org/10.3390/plants14131906
https://doi.org/10.31742/ISGPB.83.3.12
https://doi.org/10.20900/cbgg20220001


27 

 

Memon J, Patel R, Parmar DJ, et al. Deployment of AMMI, GGE-biplot and MTSI to select elite 584 

genotypes of castor (Ricinus communis L.). Heliyon. 2023;9:e13515. 585 

https://doi.org/10.1016/j.heliyon.2023.e13515 586 

Meredith WJ, Boykin DL, Bourland FM, et al. Genotype by environment interactions over seven 587 

years for yield, yield components, fiber quality and gossypol traits in the regional high-588 

quality tests. J Cotton Sci. 2012;16(3):160-169. 589 

Mostafavi K, Saremirad A, et al. Genotype–environment interaction study in corn genotypes 590 

using additive main effects and multiplicative interaction method and GGE-biplot 591 

method. J Crop Prod. 2022;14(1):1-12. https://doi.org/10.22069/ejcp 592 

Olivoto T, Lúcio AD, da Silva JA, et al. Mean performance and stability in multi-environment 593 

trials I: combining features of AMMI and BLUP techniques. Agron J. 2019;111(6):2949-594 

2960. https://doi.org/10.2134/agronj2019.03.0220 595 

Olivoto T, Lúcio ADC, et al. metan: an R package for multi-environment trial analysis. Methods 596 

Ecol Evol. 2020;11(6):783-789. https://doi.org/10.1111/2041-210X.13384 597 

Olivoto T, Lúcio ADC, da Silva JAG, et al. Mean performance and stability in multi-598 

environment trials II: selection based on multiple traits. Agron J. 2019;111:2961-2969. 599 

https://doi.org/10.2134/agronj2019.03.0221 600 

Orawu M, Amoding G, Serunjogi L, et al. Yield stability of cotton genotypes at three diverse 601 

agro-ecologies of Uganda. J Plant Breed Genet. 2017;5(3):101-114. 602 

Piepho HP. Best linear unbiased prediction (BLUP) for regional yield trials: a comparison to 603 

additive main effects and multiplicative interaction (AMMI) analysis. Theor Appl Genet. 604 

1994;89:647-654. https://doi.org/10.1007/BF00222462 605 

https://doi.org/10.1016/j.heliyon.2023.e13515
https://doi.org/10.22069/ejcp
https://doi.org/10.2134/agronj2019.03.0220
https://doi.org/10.1111/2041-210X.13384
https://doi.org/10.2134/agronj2019.03.0221
https://doi.org/10.1007/BF00222462


28 

 

Pujer SP, Siwach SS, Jagadeesh Deshmukh JD, et al. Genetic variability, correlation and path 606 

analysis in upland cotton (Gossypium hirsutum L.). Electron J Plant Breed. 607 

2014;5(2):284-289. 608 

RStudio Team. RStudio: Integrated development for R; RStudio, PBC: Boston, MA, USA. 2020. 609 

Available online: http://www.rstudio.com/ (accessed on 10 February 2024). 610 

Santos SA, Silva GA, Rezende ASC, et al. Simultaneous selection for yield, adaptability, and 611 

genotypic stability in immature cowpea using REML/BLUP. Pesqui Agropecu Bras. 612 

2019;54:e01234. https://doi.org/10.1590/S1678-3921 613 

Shahzad K, Qi T, Guo L, et al. Adaptability and stability comparisons of inbred and hybrid 614 

cotton in yield and fiber quality traits. Agronomy. 2019;9(9):516. 615 

https://doi.org/10.3390/agronomy9090516 616 

Sharifi P, Abbasian A, Mohaddesi A, et al. Evaluation of the mean performance and stability of 617 

rice genotypes by combining features of AMMI and BLUP techniques and selection 618 

based on multiple traits. Plant Genet Res. 2021;7:163-180. 619 

Sheeba A, Yogameenakshi Y, Ramakrishnan SH, et al. A comprehensive study on the stability of 620 

Desi cotton (Gossypium arboreum L.) genotypes under rainfed conditions using AMMI 621 

and GGE biplot analysis. Plant Sci Today. 2025;12(1):1-6. 622 

https://doi.org/10.14719/pst.2025.12.1 623 

Sivakumar S, Manickam S, Madhu B, et al. Feasibility studies on plant architecture traits 624 

influence on seed cotton yield of Gossypium hirsutum zeromonopodial genotypes and 625 

assessment of ecological suitability to machine harvesting. Turk J Agric For. 626 

2024;48(5):634-646. https://doi.org/10.55730/1300-011X.3208 627 

https://doi.org/10.1590/S1678-3921
https://doi.org/10.3390/agronomy9090516
https://doi.org/10.14719/pst.2025.12.1
https://doi.org/10.55730/1300-011X.3208


29 

 

Smith AB, Cullis BR, Thompson R, et al. The analysis of crop cultivar breeding and evaluation 628 

trials: an overview of current mixed model approaches. J Agric Sci. 2005;143:449-462. 629 

https://doi.org/10.1017/S0021859605005587 630 

Taleghani D, Rajabi A, Saremirad A, et al. Stability analysis and selection of sugar beet (Beta 631 

vulgaris L.) genotypes using AMMI, BLUP, GGE biplot and MTSI. Sci Rep. 632 

2023;13(1):10019. 633 

Ul-Allah S, Iqbal M, Naeem M, et al. Genetic dissection of association among within-boll yield 634 

components and their relationship with seed cotton yield in F3 populations of Gossypium 635 

hirsutum L. Plant Genet Resour. 2017;15(2):157-164. 636 

https://doi.org/10.1017/S1479262115000489 637 

Vaezi B, Pour-Aboughadareh A, Mohammadi R, et al. Integrating different stability models to 638 

investigate genotype × environment interactions and identify stable and high-yielding 639 

barley genotypes. Euphytica. 2019;215:63. https://doi.org/10.1007/s10681-019-2386-5 640 

Van der Sluijs MHJ. Harvesting and delivering uncontaminated cotton. Australian cotton 641 

production manual-2015. Narrabri, NSW: Cotton Research and Development 642 

Corporation. 2015;119-125. 643 

Venugopalan MV, Prakash AH, Kranthi KR, et al. Evaluation of cotton genotypes for high 644 

density planting systems on rainfed vertisols of central India. In: World Cotton Research 645 

Conference-5, Mumbai, India, 7-11 November 2011. Excel India Publishers. 2011;341-646 

346. 647 

Verma SK, Paul D, Singh A, et al. Stability analysis of Asiatic cotton (Gossypium arboreum L.) 648 

genotypes with respect to seed cotton yield, gin turn out and boll weight under multi 649 

https://doi.org/10.1017/S0021859605005587
https://doi.org/10.1017/S1479262115000489
https://doi.org/10.1007/s10681-019-2386-5


30 

 

environmental trials through GGE biplot analysis. Environ Ecol. 2022;40(4A):2282-650 

2289. 651 

Vineeth TV, Prasad I, Chinchmalatpure AR, et al. Weighted average absolute scores of BLUPs 652 

(WAASB) based selection of stable Asiatic cotton genotypes for the salt affected 653 

Vertisols of India. Indian J Genet Plant Breed. 2022;82:104-108. 654 

https://doi.org/10.31742/IJGPB.82.1.15 655 

Williford JR, Brashears AD, Barker GL, et al. Harvesting. In: Anthony WS, Mayfield WD, 656 

editors. Cotton Ginners Handbook. Collingdale, PA, USA: DIANE Publishing. 1994;11-657 

16. 658 

Yadav CB, Gangashetty PI, Beckmann M, et al. Genotype-by-environment interaction analysis 659 

of metabolites in pearl millet genotypes with high concentrations of slowly digestible and 660 

resistant starch in their grains. Cells. 2022;11:3109. 661 

https://doi.org/10.3390/cells11193109 662 

Yan W. GGE biplot - a windows application for graphical analysis of multi-environment trial 663 

data and other types of two-way data. Agron J. 2001;93(5):1111-1118. 664 

https://doi.org/10.2134/agronj2001.9351111x 665 

Yan W. Singular-value partitioning in biplot analysis of multienvironment trial data. Agron J. 666 

2002;94(5):990-996. https://doi.org/10.2134/agronj2002.9900 667 

Yan W. Two types of biplots to integrate multi-trial and multi-trait information for genotype 668 

selection. Crop Sci. 2024;64(3):s1608-s1618. https://doi.org/10.1002/csc2.21231 669 

Yan W, Du M, Zhao W, et al. Relationships between plant architecture traits and cotton yield 670 

within the plant height range of 80-120 cm desired for mechanical harvesting in the 671 

https://doi.org/10.31742/IJGPB.82.1.15
https://doi.org/10.3390/cells11193109
https://doi.org/10.2134/agronj2001.9351111x
https://doi.org/10.2134/agronj2002.9900
https://doi.org/10.1002/csc2.21231


31 

 

Yellow River Valley of China. Agronomy. 2019;9(10):587. 672 

https://doi.org/10.3390/agronomy9100587 673 

Yan W, Kang MS, Ma B, et al. GGE biplot vs AMMI analysis of genotype-by-environment data. 674 

Crop Sci. 2007;47(2):643-655. https://doi.org/10.2135/cropsci2006.06.0374 675 

Yan W, Tinker NA, et al. Biplot analysis of multi-environment trial data: principles and 676 

applications. Can J Plant Sci. 2006;86:623-645. https://doi.org/10.4141/P05-169 677 

Yue H, Olivoto T, Bu J, et al. Multi-trait selection for mean performance and stability of maize 678 

hybrids in mega-environments delineated using envirotyping techniques. Front Plant Sci. 679 

2022;13:1030521. https://doi.org/10.3389/fpls.2022.1030521 680 

Zobel RW, Wright MJ, Gauch HG Jr, et al. Statistical analysis of a yield trial. Agron J. 681 

1988;80:388-393. https://doi.org/10.2134/agronj1988.00021962008000030002x 682 

 683 

 684 

https://doi.org/10.3390/agronomy9100587
https://doi.org/10.2135/cropsci2006.06.0374
https://doi.org/10.4141/P05-169
https://doi.org/10.3389/fpls.2022.1030521
https://doi.org/10.2134/agronj1988.00021962008000030002x


32 

 

Table 1 List of twenty-two elite cotton genotypes used in the study 685 

Genotypes Released Institute  Year Source Genotypes Released Institute  Year Source 

CO15 TNAU, Coimbatore 2018 
Dept. of Cotton, 

TNAU, Coimbatore 
Bt/C-61 

ICAR-CICR, 

Coimbatore 
2022 

ICAR-CICR, 

Coimbatore 

CO17 TNAU, Coimbatore 2020 -do- Bt/C-62 -do- 2022 -do- 

TCHB213 TNAU, Srivilliputhur 2020 -do- Bt/C-63 -do- 2022 -do- 

TVH002 TNAU, Veppanthattai 2023 -do- Subiksha -do- 2018 -do- 

F2381 PAU, Faridkot 2016 -do- PKV-081Bt -do- 2017 -do- 

F2383 PAU, Faridkot 2016 -do- Nano -do- 2023 -do- 

ARBC1601 UAS, Dharwad 2020 -do- Anjali -do- 1992 -do- 

ARBC1651* UAS, Dharwad 2020 -do- Rajat-Bt -do- 2017 -do- 

ARBC19 UAS, Dharwad 2016 -do- Suraj -do- 2008 -do- 

DSC1651 UAS, Dharwad 2020 -do- Suraksha -do- 2018 -do- 

RS2818 SKRAU, Sriganganagar 2020 -do- HC-54 -do- 2002 -do- 

CSH3075*  ICAR-CICR, Sirsa 2017 
ICAR-CICR, 

Coimbatore 
Roja -do- 2011 -do- 

*Checks included 686 

 687 

Table 2 Combined analysis of variance, principal components and their contributions as per AMMI model for GEI of yield and plant 688 

architecture traits in cotton 689 

Traits 

Joint RCBD + AMMI ANOVA mean squares 

 

PC1 (df: 24) PC2 (df: 22) 

CV 

(%) 

Bartlett’s 
K-

squared 

(df: 2) 

Mean over 

Environments 

Environment 

(E) 

(df: 2) 

Genotype 

(G) 

(df:23) 

Replication 

within (E) 

(df: 6) 

GEI 

(df: 46) 

Residual  

(df: 138) 

Mean 

Square 

Contribution 

(%) 

Mean 

Square 

Contribution 

(%) 

PH 361.76*** 326.44*** 1.95 93.61*** 8.89  137.88*** 76.8 45.32** 23.2 10.78 1.34 89.77 

NMB 0.70*** 0.46*** 0.01 0.23*** 0.01  0.23*** 90.8 0.03* 9.2 14.62 0.33 0.72 

FSB 7.97*** 13.22*** 0.59 3.80*** 0.49  6.30*** 86.4 1.08** 13.6 8.99 0.33 21.70 

NSB 18.10*** 9.51*** 0.57 4.48*** 0.62  8.25*** 96.2 0.36* 3.8 10.35 1.80 20.56 

SBL 40.67*** 20.42*** 1.15 8.65*** 1.13  15.30*** 92.2 1.40* 7.8 13.63 1.80 18.81 

MIL 2.68*** 1.20*** 0.01 0.42*** 0.04  0.68*** 83.4 0.15*** 16.6 11.40 4.41 5.71 

BP 3.71* 7.47*** 1.70 7.74*** 0.91  13.70*** 92.3 1.24* 7.7 12.80 1.51 21.73 

BW 0.49*** 0.68*** 0.02 0.16*** 0.04  0.28*** 86.2 0.04* 13.8 7.93 0.72 4.98 

SCY 35.80** 546.88*** 2.04 50.93*** 6.69  74.42*** 76.2 25.30*** 23.8 6.18 1.68 115.57 

*, **, *** represents significant at p-value ≤ 0.001, ≤ 0.01, and ≤ 0.05, respectively.  PH Plant-height, NMB Number of monopodial branches, FSB Height of 690 

first sympodial branch origin from ground, NSB Number of sympodial branches, SBL Sympodial branches length, MIL Mainstem internodes length, BP Bolls 691 

per plant, BW Boll weight, SCY Seed cotton yield 692 
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Table 3  Estimation of variance components from LMM for nine studied traits in cotton 693 

Variance components PH NMB FSB NSB SBL MIL BP BW SCY 

GEN         25.87** 0.04*** 1.05*** 0.56* 1.31* 0.09** 0.00 0.06*** 55.11*** 

GEN:ENV     28.24*** 0.04*** 1.11*** 1.29*** 2.51*** 0.13*** 2.25*** 0.04*** 14.75*** 

Residual    8.89 0.02 0.49 0.62 1.13 0.04 0.91 0.04 6.69 

% GV in PV 41.06 38.30 39.65 22.74 26.43 33.51 0 42.12 71.99 

%IV in PV 44.83 40.81 41.89 52.20 50.70 49.03 71.23 27.27 19.26 

%EV in PV 14.11 20.89 18.46 25.06 22.87 17.46 28.77 30.60 8.74 

Phenotypic variance (PV) 63.00 0.09 2.64 2.46 4.95 0.26 3.15 0.14 76.55 

Heritability          0.41 0.38 0.40 0.23 0.26 0.34 0.00 0.42 0.72 

GEIr2               0.45 0.41 0.42 0.52 0.51 0.49 0.71 0.27 0.19 

h2
mg                 0.71 0.71 0.71 0.53 0.58 0.65 0.00 0.77 0.91 

Accuracy of selection (AS)     0.84 0.84 0.84 0.73 0.76 0.80 0.00 0.88 0.95 

rge                 0.76 0.66 0.69 0.68 0.69 0.74 0.71 0.47 0.69 

CVg                   5.67 26.26 4.71 3.64 6.08 5.14 0.00 4.85 6.42 

CVr                  3.32 19.39 3.22 3.82 5.65 3.71 4.38 4.14 2.24 

CV ratio              1.71 1.35 1.47 0.95 1.08 1.39 0.00 1.17 2.87 

GV Genotypic variation, IV Interaction variance, EV Environment variation, h2
mg heritability of genotypic mean, 694 

GEIr2 GEI coefficient of determination, rge correlation between genotypic value across environments, CVg genotypic 695 

coefficient of variation (%), CVr residual coefficient of variation (%), CV ratio between the coefficients of genotypic 696 

and residual variations (%) 697 

 698 

Table 4 Factor loadings derived through varimax rotation and communalities obtained from 699 

factor analysis 700 

Factor components FA1 FA2 FA3 Communality Uniquenesses 

Eigenvalues 2.84 1.48 1.35   

Variance (%) 35.50 18.45 16.83   

Cum. variance (%) 35.50 53.95 70.78   

PH -0.85 0.28 0.00 0.80 0.20 

NMB -0.30 0.40 0.63 0.65 0.35 

FSB 0.22 0.26 -0.85 0.84 0.16 

NSB -0.19 -0.21 -0.52 0.35 0.65 

SBL -0.77 0.04 0.19 0.63 0.37 

MIL -0.93 0.00 -0.03 0.86 0.14 

BW -0.28 0.87 -0.11 0.85 0.15 

SCY 0.03 0.79 0.25 0.68 0.32 

Mean     0.71 0.29 

 701 

Table 5 Assessment of traits and selection differential in cotton genotypes using the WAASBY 702 

index derived from MTSI 703 

Traits Factor Xo Xs SD SDP (%) h2 SG SGP (%) Sense 

PH FA 1 89.77 85.54 -4.23 -4.71 0.71 -3.02 -3.36 Decrease 

SBL FA 1 18.81 17.22 -1.60 -8.48 0.58 -0.92 -4.89 Decrease 

MIL FA 1 5.71 5.44 -0.27 -4.76 0.65 -0.18 -3.08 Decrease 

BW FA 2 4.98 5.25 0.27 5.50 0.77 0.21 4.24 Increase 

SCY FA 2 115.57 121.59 6.02 5.21 0.91 5.46 4.73 Increase 

NMB FA 3 0.72 0.69 -0.03 -3.54 0.71 -0.02 -2.50 Decrease 

FSB FA 3 21.70 21.09 -0.61 -2.81 0.71 -0.43 -2.00 Increase 

NSB FA 3 20.56 20.54 -0.03 -0.13 0.53 -0.01 -0.07 Increase 

Xo Original genotypes mean, Xs Selected genotypes mean, SD Selection differential, SDP selection differential 704 

percent, h2 heritability; SG Selection gain, SGP selection gain percent.  705 

 706 

 707 
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 708 

Fig. 1 Geographical locations of experimental sites in Tamil Nadu, India with their agro-climatic 709 

characteristics, where the study was conducted under rainfed conditions during Kharif 2024 in 710 

cotton 711 
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 712 

Fig. 2 Violin plots depicting the mean performance of nine traits evaluated in 24 cotton 713 

genotypes across three environments under rainfed conditions during Kharif 2024. PH Plant-714 

height, NMB Number of monopodial branches, FSB Height of first sympodial branch origin 715 

from ground, NSB Number of sympodial branches, SBL Sympodial branches length, MIL 716 

Mainstem internodes length, BP Bolls per plant, BW Boll weight, SCY Seed cotton yield 717 

 718 

 719 

 720 
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 721 

Fig. 3 Proportion of phenotypic variance for nine traits in 24 cotton genotypes evaluated under 722 

rainfed conditions during Kharif 2024. PH Plant-height, NMB Number of monopodial branches, 723 

FSB Height of first sympodial branch origin from ground, NSB Number of sympodial branches, 724 

SBL Sympodial branches length, MIL Mainstem internodes length, BP Bolls per plant, BW Boll 725 

weight, SCY Seed cotton yield 726 

 727 

 728 

 729 

 730 

 731 

 732 

 733 

 734 

 735 

 736 

 737 
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(A) 

 

(B) 

 

(C) 

 

(D) 

 

Fig. 4 The mean vs. stability GGE biplot of (A) plant height, (B) sympodial branch length, (C) 738 

mainstem internode length, and (D) seed cotton yield across three environments 739 

 740 

 741 

 742 

 743 
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(A) 

 

(B) 

 

(C) 

 

(D) 

 

Fig. 5 The Which-Won-Where GGE biplot of (A) plant height, (B) sympodial branch length, (C) 744 

mainstem internode length, and (D) seed cotton yield across three environments 745 

 746 

 747 

 748 

 749 
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(A) 

 

(B) 

 

(C) 

 

(D) 

 

Fig. 6 Mean performance vs. WAAS biplot derived from the AMMI model for (A) plant height, 750 

(B) sympodial branch length, (C) mainstem internode length, and (D) seed cotton yield across 751 

three environments. The x-axis represents the arithmetic mean of each trait across environments, 752 

while the y-axis indicates the WAAS index 753 

 754 
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(A) 

 

(B) 

 

 

(C) 

 

(D) 

 

 

Fig. 7 Estimated WAASBY index values for (A) plant height, (B) sympodial branch length, (C) 755 

mainstem internode length, and (D) seed cotton yield  in cotton genotypes, calculated by 756 

assigning equal weights (50:50) to mean performance and stability 757 

 758 

 759 

 760 
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(A) 

 

(B) 

 

(C) 

 

(D) 

 

Fig. 8 WAASB/GY heatmap showing the ranking of 24 cotton genotypes based on different 761 

weight combinations of trait mean performance and WAASB stability index. Relative genotype 762 

rankings are represented by color intensity, where darker shades indicate higher ranks and lighter 763 

shades indicate lower ranks. Results are presented for (A) plant height, (B) sympodial branch 764 

length, (C) mainstem internode length, and (D) seed cotton yield 765 
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(A) 

 

(B)  

(C) (D)  

Fig. 9 BLUP mean values for (A) plant height, (B) sympodial branch length, (C) mainstem 766 

internode length, and (D) seed cotton yield in 24 cotton genotypes evaluated across three 767 

environments 768 
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(A) 

 

(B) 

 

Fig. 10 (A) Ranking of cotton genotypes in ascending order based on MTSI score, with selected 769 

genotypes are highlighted in red. The radar plot scale represents the MTSI score. (B) The 770 

strengths and weaknesses of selected genotypes are presented as the proportional contribution of 771 

each factor to the computed MTSI score 772 

 773 
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 774 

Fig. 11 Correlogram of plant architecture and yield traits across three environments. Every 775 

correlation coefficient (r) which matches two traits was calculated with Pearson method. 776 

Numbers ranges from -1 to 1 are Pearson rank of traits on horizontal and vertical axes. Color 777 

depth and size of the circle diagrams indicates the correlation strength 778 

 779 
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