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Abstract 

Horse gram (Macrotyloma uniflorum) is an important underutilized legume valued for its adaptability 

to drought-prone environments, nutritional richness and significance in traditional farming systems. 

Despite its resilience, productivity remains low due to limited genetic improvement. This study 

evaluated thirty horse gram germplasm lines during Rabi 2017 at RARS, Palem, to assess genetic 

variability and divergence using analysis of variance, variability parameters, principal component 

analysis and cluster analysis. Significant differences were detected for all traits except number of 

branches per plant and number of pods per plant. Wide variation was observed for days to 50% 

flowering, days to maturity, pod number, seed number, seed size and yield. Phenotypic variance 

exceeded genotypic variance for most traits and high heritability coupled with high genetic advance 

was recorded for one hundred seed weight and seed yield, indicating strong additive gene action. 

Principal component analysis revealed that the first three components explained 72.39% of the total 

variation, with seed yield contributing most strongly. K-means clustering grouped the germplasm into 

four distinct clusters, supported by hierarchical clustering. Divergent genotypes such as PHGG-131, 

PHGG-132, PHGG-157, PHGG-161, PHGG-170, PHGG-171, PHGG-183, PHGG-184, PHGG-198 

and PHGG-200 were identified as potential parents. The combined findings provide a strong basis for 

selection and the development of improved horse gram varieties. 
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Introduction 

Horse gram (Macrotyloma uniflorum (Lam.) Verdcourt) is an important underutilized 

legume cultivated across diverse agro-ecological regions of the Indian subcontinent, 

particularly in traditional and resource-poor farming systems. It has remained an integral 

component of subsistence agriculture for centuries and continues to play a vital role as a 

food, fodder and green manure crop in several South Asian countries, including India, Nepal, 

Bhutan, Bangladesh, Myanmar, Sri Lanka and Malaysia (Jeswani and Baldev, 1990; 

Witcombe et al., 2008, Kumari et al., 2025) [10, 29, 13]. Known by various regional names such 

as Kulthi, Kollu, Ullavalu, Gahat and Mudhira, the crop has historically supported rural diets 

because of its ability to thrive under extreme climatic conditions, minimal cultivation inputs 

and low soil fertility (Bhartiya et al., 2017, Kumari et al., 2025) [3, 13]. India remains the 

largest global producer of horse gram, with major cultivation concentrated in Karnataka, 

Tamil Nadu, Maharashtra, Andhra Pradesh and Odisha (Kumar, 2007, Kumari et al., 2025) 
[12, 13]. Owing to its resilience, the crop is widely adopted in dryland agriculture where other 

pulses fail to perform effectively. 

The species is a self-pollinated diploid legume (2n = 20, 22 or 24) with a compact genome of 

approximately 398-400 Mb, contributing to its genetic stability and adaptability (Padha et al., 

2025; Chahota et al., 2017) [19, 6]. Although the precise centre of origin continues to be 

debated, several classical and contemporary studies indicate India particularly southwestern 

India as the primary centre of domestication, with Africa serving as an important gene-rich 

region of the genus Macrotyloma (Sharma et al., 2015) [22]. Wild relatives of M. uniflorum 

occur extensively across Africa, Central and Southern India, underscoring the crop’s rich 

evolutionary base and the potential for utilizing wild germplasm in breeding programmes. 

Agronomically, horse gram is recognized for its exceptional drought tolerance and ability to 

survive in sub-humid to semi-arid climates with temperatures ranging from 25 to 30 °C and  
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even up to 40 °C (Padha et al., 2025) [19]. It is commonly 
cultivated as a late-season catch crop in rainfed systems and 
performs well on poor, gravelly and marginal soils. In 
addition to food and fodder uses, horse gram is valued as a 
green manure crop because of its substantial nitrogen-fixing 
ability and biomass production, making it a suitable 
component in sustainable cropping systems (Sivan et al., 
2022; Bhartiya et al., 2014) [27, 3]. The seeds of horse gram 
are nutritionally rich, containing 17.9-30.4% protein, 51.9-
60.9% carbohydrates, essential amino acids and minerals 
such as phosphorus, iron and molybdenum, along with 
vitamins including carotene, thiamine, riboflavin, niacin and 
vitamin C (Padha et al., 2025; Chahota et al., 2017) [19, 6]. 
The crop also contains a wide range of polyphenols and 
antioxidants, contributing to its various therapeutic 
properties. Studies have demonstrated its antimicrobial, 
antidiabetic, antiurolithiatic, anti-obesity and anti-ulcer 
activities (Ramesh et al., 2011; Jayaraj et al., 2000; Bhatt 
and Karim, 2009; Chaitanya et al., 2010; Sharma et al., 
2015, Chahota et al., 2017) [22, 6, 26, 9]. These multifaceted 
nutritional and medicinal attributes have positioned horse 
gram as a “future food crop” capable of contributing 
significantly to food and nutritional security in rural, tribal 
and climate-vulnerable communities. Despite its agronomic 
resilience and nutritional significance, horse gram has long 
remained neglected in mainstream crop improvement 
initiatives. The crop suffers from low productivity, limited 
availability of improved varieties and a narrow genetic base 
due to its cultivation mostly on marginal lands with minimal 
scientific intervention (Sahoo et al., 2014; Sharma et al., 
2015; Sivan et al., 2022) [26, 27]. This underutilization is 
further compounded by entrenched biases and the 
perception of horse gram as a minor pulse, resulting in 
fewer breeding programmes compared with other pulse 
crops. As a consequence, systematic genetic improvement 
efforts have lagged behind, limiting yield enhancement and 
adaptation to emerging climatic challenges. A 
comprehensive understanding of the extent of genetic 
variability and diversity present in available germplasm is 
crucial for strengthening breeding strategies aimed at 
developing high-yielding and climate-resilient cultivars. 
Evaluating genetic variability for key agromorphological 
traits provides insights into the potential for effective 
selection, especially for complex traits like yield, which 
exhibit polygenic inheritance and strong environmental 
influence (Sivan et al., 2022) [27]. Multivariate approaches 
such as principal component analysis (PCA) and 
hierarchical cluster analysis further facilitate the 
identification of major sources of variation, trait associations 
and grouping of genotypes into distinct clusters for 
hybridization (Sahoo et al., 2014; Padha et al., 2025) [23, 19]. 
The combination of classical variability parameters with 
multivariate statistical tools enables a holistic understanding 
of the genetic structure of germplasm, thereby supporting 
the selection of diverse and promising parental lines. Given 
these gaps and opportunities, the assessment of variability, 
genetic divergence and trait contribution patterns in horse 
gram germplasm is essential for formulating effective 
improvement programmes. The present study integrates 
analysis of variance, variability parameters, PCA and 
hierarchical clustering to characterize genetic diversity and 
identify promising genotypes that can be utilized in future 
breeding efforts. 

 

Material and Methods 

The study was conducted during Rabi 2017 at the Regional 

Agricultural Research Station (RARS), Palem, under 

Professor Jayashankar Telangana Agricultural University 

(PJTAU), using a total of 30 horse gram germplasm lines. 

The experiment was laid out in a Randomized Complete 

Block Design (RCBD) with three replications and the 

genotypes were sown at a spacing of 30 cm × 25 cm under 

optimal field conditions, following standard agronomic 

practices to ensure uniform crop establishment. Data were 

recorded on seven quantitative traits using standard 

evaluation procedures, selecting five healthy and 

representative plants at random from each plot in every 

replication. Days to 50% flowering (DF) was noted as the 

number of days from sowing to when 50% of the plants 

produced at least one open flower, while days to maturity 

(DM) represented the number of days to physiological 

maturity when about 75-80% of the pods had turned brown. 

The number of branches per plant (NB) was counted as all 

fully developed primary branches on each selected plant and 

the number of pods per plant (NP) was recorded as the total 

number of mature pods at harvest. The number of seeds per 

pod (NS) was estimated by counting seeds from ten 

randomly selected pods per plant and taking the average. 

The 100-seed weight (HSW) was determined by weighing 

100 dried, clean seeds from the bulk seed lot of each plot 

using a digital precision balance. Seed yield per hectare 

(SYH) was calculated from the cleaned plot yield using the 

formula:  

 

(SYH (kg/ha) = (Plot yield (kg) / Plot area (m²)) × 10,000),  

 

representing the genotypic productivity under field 

conditions. Morphological data were analyzed in R studio 

(R Core Team. (2016)) using analysis of variance 

(ANOVA) to test the significance among genotypes and 

genetic variability parameters including phenotypic and 

genotypic coefficients of variation (PCV and GCV) and 

broad-sense heritability were estimated using the variability 

package in R. Principal Component Analysis (PCA) and 

hierarchical cluster analysis (Ward’s method) were 

performed using the FactoMineR and factoextra packages to 

assess genetic divergence and classify the genotypes based 

on trait similarity. 

 

Results and discussion  

Analysis of variance and mean performance 

Analysis of variance (ANOVA) was conducted to determine 

significant differences among accessions for each trait and 

to partition the observed variability into its components. The 

results revealed that all traits were significant or highly 

significant, except the number of branches per plant and the 

number of pods per plant, which were non-significant 

(Table 1). The significant variation among the germplasm 

entries in the present study indicates substantial genetic 

diversity, offering ample scope for genetic improvement. 

Plant breeders consistently assess genetic diversity to 

identify divergent parents, as crosses between genetically 

diverse genotypes often yield higher heterotic effects  

Several studies support this concept, including reports by 

Sahoo et al. (2014) [23], Sivan et al. (2022) [27], Visakh and 

Bindu (2022) [28], Karthik et al. (2023) [11] and Padha et al. 

(2025) [19].  

Mean performance revealed wide variability among the 

accessions: days to 50% flowering ranged from 50 days 

(PHGG-132) to 60.33 days (PHGG-187 and PHGG-188); 

days to maturity ranged from 93.33 days (PHGG-131) to 
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133.33 days (PHGG-170). The number of branches per plant 

varied from 3 (PHGG-133) to 6.67 (PHGG-157), while the 

number of pods per plant ranged from 13.67 (PHGG-131) to 

52.67 (PHGG-185). The number of seeds per pod varied 

from 2 (PHGG-131) to 5.67 (PHGG-146), 100-seed weight 

ranged from 2.63 g (PHGG-161) to 11.33 g (PHGG-184) 

and seed yield ranged from 525.67 kg/ha (PHGG-161) to 

1265.33 kg/ha (PHGG-198). Similar trends have been 

reported by Kumari et al. (2025) [13] and Karthik et al. 

(2023) [11]. Early-maturing accessions with higher yield, 

more pods per plant and a greater number of seeds per pod 

are particularly valuable for breeding programmes targeting 

short growing seasons or rapid crop turnover. These results 

underline the importance of selecting early-flowering and 

early-harvesting genotypes to meet the requirements of both 

farmers and plant breeders. 

 

Genetic Variability 

Genetic variability forms the foundation of any successful 

breeding programme, as it determines the potential for 

improving desirable traits (Lavudya et al., 2024a) [15]. In the 

present study, phenotypic variance exceeded genotypic 

variance for all traits except seed yield (kg/ha), indicating 

strong environmental influence. The phenotypic (PCV) and 

genotypic (GCV) coefficients of variation were highest for 

number of branches per plant, hundred seed weight and seed 

yield (kg/ha), while traits such as days to 50% flowering and 

days to maturity exhibited lower PCV and GCV. Number of 

seeds per pod showed moderate GCV with relatively high 

PCV. Heritability estimates, combined with genetic advance 

as a percentage of the mean (GAM), provide insight into 

gene action and selection efficiency (Lavudya et al., 2024a) 
[15]. High heritability was observed for days to maturity, 

hundred seed weight and seed yield (kg/ha), whereas days to 

50% flowering and number of pods per plant exhibited 

moderate heritability; number of seeds per pod recorded low 

heritability. High GAM was noted for number of pods per 

plant, hundred seed weight and seed yield (kg/ha), while 

moderate GAM occurred in days to maturity and number of 

seeds per pod; lower GAM was recorded for days to 50% 

flowering and number of branches per plant. In horse gram 

breeding, traits with high genetic variability, heritability and 

genetic advance are particularly important for effective 

improvement. Heritability helps identify the proportion of 

variation that is genetically controlled, enabling the 

selection of superior plants from diverse populations 

(Lavudya et al., 2024a; Lavudya et al., 2023) [15, 16]. 

Combining heritability with GAM provides more reliable 

guidance for selection. In this study, PCV consistently 

exceeded GCV, indicating considerable environmental 

influence and suggesting that selection based solely on 

phenotype may be less reliable; thus, evaluation across 

multiple environments or emphasis on traits with high 

heritability is recommended. Similar findings on variability 

parameters have been reported in earlier studies. Sivan et al. 

(2022) [27] observed that PCV was higher than GCV, with 

heritability and GAM ranging from low to high. Visakh and 

Bindu (2022) [28] reported similar trends, noting moderate to 

high heritability along with low to high GAM. Mate et al. 

also documented higher PCV than GCV, accompanied by 

moderate to high heritability and GAM. Karthik et al. 

(2023) [11] found that phenotypic variance consistently 

exceeded genotypic variance. Similary, Padha et al. (2025) 
[19] confirmed these patterns, recording higher PCV than 

GCV with moderate to high heritability and GAM ranging 

from low to high. 

 

Genetic Divergence 

PCA and cluster analysis are essential multivariate tools for 

exploring genetic diversity, tracing crop evolution, selecting 

parental lines and studying environmental interactions 

(Sampath et al., 2023; Lavudya, 2024b) [25, 17]. In this study, 

PCA was used to examine relationships among traits, 

identifying seven principal components (PCs), of which the 

first three had eigenvalues greater than 1 (Table 3). PC1 

explained 38.12% of the total variation, followed by PC2 

with 18.46% and PC3 with 15.81%. The scree plot showed 

that these three PCs captured the majority of the variation, 

making them crucial for understanding trait 

interrelationships, while the remaining PCs contributed 

minimally (Figure 1). Most traits showed positive factor 

loadings on PC1, except days to maturity and number of 

seeds per pod; on PC2, all traits were positively loaded 

except days to flowering; while all traits exhibited positive 

loadings on PC3. 

Genotypes such as PHGG-131, PHGG-132, PHGG-157, 

PHGG-161, PHGG-170, PHGG-171, PHGG-183, PHGG-

184, PHGG-198 and PHGG-200 were positioned farther 

from the centroid in the PCA biplot (Figure 2), indicating 

higher genetic divergence and greater potential for use in 

breeding programmes. The principal components were 

primarily influenced by seed yield (kg/ha), highlighting its 

major role in shaping the observed variability (Figure 3), 

whereas other traits contributed less. Biplot analysis based 

on the first two PCs further visualized genotype-trait 

relationships, showing strong positive associations among 

the trait vectors (Figure 4). In PCA, acute angles between 

trait vectors indicate positive correlations, whereas right 

angles indicate independence; however, correlation 

coefficients should be computed separately for accurate 

interpretation (Antony et al., 2021; Lavudya et al., 2024b) [2, 

17]. Similar reports have been documented in earlier studies. 

Kumari et al. (2025) [13] found that the first three principal 

components explained 69.57% of total variation, with PC1 

alone accounting for 40.55%. Rajaprakasam et al. (2023) [21] 

reported that the first two PCs together explained 93.7% of 

the variation. Likewise, Kumara et al. observed that the first 

three PCs accounted for 88.32% of the total variability. 

Cluster analysis grouped the genotypes based on trait 

similarity. The elbow method identified four as the optimal 

number of clusters (k = 4) (Figure 5). K-means clustering, 

performed on standardized data, classified the germplasms 

into four distinct groups, which was further supported by 

hierarchical clustering using Ward’s method that clearly 

separated the genotypes in the dendrogram. Cluster I and 

Cluster II each contained six germplasms, Cluster IV 

consisted of seven germplasms, while Cluster III had the 

highest number with eleven germplasms. Similar reports 

were observed in earlier genetic diversity studies. Sivan et 

al. (2022) [27] grouped 30 genotypes into eight distinct 

clusters, whereas Sahoo et al. (2014) [23] reported six 

clusters among 48 genotypes. Padha et al. (2025) [19] 

categorized 22 genotypes into four clusters, demonstrating 

clear genetic divergence. Likewise, Kumari et al. (2025) [13] 

employed hierarchical cluster analysis (HCA) and K-means 

cluster analysis (KCA) to classify 150 accessions, 

reinforcing previous findings and aligning with the 

recommendation of Yoo et al. (2020) [30] that HCA and 
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KCA are among the most widely used and effective 

methods for germplasm grouping. Together, the clustering 

and PCA results highlight substantial genetic divergence 

among the studied genotypes, providing a strong foundation 

for selecting diverse parental lines in future horse gram 

breeding programmes and offering valuable resources for 

genetic improvement. 

 
Table 1: Analysis of variance (ANOVA) for seven morphological traits in horse gram 

 

Traits  Df DF DM NB NP NS HSW SYH 
Rep 2 14.53 63.70 2.34 65.70 1.03 21.88*** 3335 

Geno 29 17.55** 270.79*** 2.41 294.77 3.35* 25.76*** 124378 *** 

Residuals 58 7.52 28.52 2.47 57.23 1.85 0.23 1702 

Max - 60.33 133.33 6.67 52.67 5.67 12.80 1287 

Min - 51.7 93.33 3 13.67 2 2.63 525.67 

GM - 56.87 110.43 4.41 37.37 3.83 11.33 998 

SE - 1.58 3.08 0.91 4.37 0.79 0.28 23.82 

CD5% - 4.48 8.73 2.57 12.36 2.22 0.79 67.42 

CD1% - 5.96 11.61 3.42 16.45 2.96 1.05 89.70 

DF: Days to 50% flowering, DM: Days to maturity, NB: No. of branches per plant, NP: No. of pods per plant, NS: No.of seeds per pod, 
HSW:100 seed weight, SYH: Seed yield kg / ha, Note: *,** and *** significant at 5% 1% and 0.1% levels respectively 
 
  

Table 2: Genetic parameter estimates for different traits in horse gram. 
 

Traits DF DM NB NP NS HSW SYH 

EV 7.52 28.52 2.47 57.23 1.85 0.23 1701.70 

GV 3.34 80.76 0.02 79.18 0.50 8.51 40892.18 

PV 10.87 109.27 2.45 136.41 2.35 8.74 42593.89 

ECV 4.82 4.84 35.64 20.25 35.48 6.85 4.13 

GCV 3.22 8.14 3.32 23.81 18.45 41.30 20.26 

PCV 5.80 9.47 35.48 31.26 39.99 41.87 20.68 

H2 0.31 0.74 0.01 0.58 0.21 0.97 0.96 

GA 2.09 15.91 0.03 13.97 0.67 5.93 408.16 

GAM 3.67 14.41 0.64 37.37 17.54 83.94 40.89 

GV: Genetic Variance, PV: Phenotypic variance, EV: Environmental Variance, GCV: Genotypic Coefficient of Variation, PCV: Phenotypic 
Coefficient of Variation, GA: Genetic advance, GAM: Genetic advance percent of mean, H2:Broad-sense Heritability,  

 
Table 3: Summary of principal component analysis (PCA) and 

eigenvalues for morphological traits in horse gram 
 

Principle component  EV PV CV 

PC1 2.67 38.12 38.12 

PC2 1.29 18.46 56.58 

PC3 1.11   72.40 

PC4 0.74 10.56 82.96 

PC5 0.65 9.24 92.20 

PC6 0.39 5.61 97.82 

PC7 0.15 2.18 100.00 

EV: Eigen values, PV: Proportional variation and CV: Cumulative 
variation. 

 

Table 4: Factor loadings of principal component axes derived from 
PCA in horse gram 

 

Traits  PC1 PC2 PC3 PC4 PC5 PC6 PC7 

DF 5.85 -0.28 0.02 7.56 -0.42 1.34 110.79 

DM -0.28 90.26 0.87 14.65 0.51 10.48 886.96 

NB 0.02 0.87 0.80 3.45 0.21 0.25 27.13 

NP 7.56 14.65 3.45 98.26 0.97 13.22 1264.34 

NS -0.42 0.51 0.21 0.97 1.12 0.03 4.20 

HSW 1.34 10.48 0.25 13.22 0.03 8.59 476.74 

SYH 110.79 886.96 27.13 1264.34 4.20 476.74 41459.42 

DF: Days to 50% flowering, DM: Days to maturity, NB: No. of 
branches per plant, NP: No. of pods per plant, NS: No. of seeds per 
pod, HSW:100 seed weight, SYH: Seed yield kg / ha. 

 

 
 

Fig 1: Scree plot showing the percentage of variance explained by each principal component. 
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Fig 2: PCA scatter plot showing the distribution of horse gram genotypes across principal components. 
 

 
 

Fig 3: Variable correlation plot showing the contribution of each trait to the PCA dimensions. 

 

 
 

Fig 4: PCA Biplot depicting relationships between genotypes and traits based on PCA analysis. 

 

 
 

Fig 5: Dendrogram illustrating hierarchical clustering and relationships among horse gram genotypes

 

Conclusion  

The study revealed substantial genetic variability and 

divergence among the thirty horse gram germplasm lines, 

indicating significant scope for genetic improvement. High 

phenotypic variation, high heritability and high genetic 

advance for key traits such as one hundred seed weight and 
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seed yield suggest predominantly additive gene action, 

making direct selection highly effective. Principal 

component analysis identified seed yield as the major 

contributor to overall variability, while clustering analyses 

clearly separated the germplasm into four distinct groups. 

Genotypes positioned farthest from the centroid, including 

PHGG-131, PHGG-132, PHGG-157, PHGG-161, PHGG-

170, PHGG-171, PHGG-183, PHGG-184, PHGG-198 and 

PHGG-200, represent genetically diverse and superior 

material for use as parents in breeding programmes. The 

integration of variability parameters with multivariate 

approaches provides a comprehensive understanding of trait 

behaviour and genetic structure, enabling strategic parent 

selection for yield enhancement and adaptation. These 

findings contribute valuable information for designing 

efficient horse gram improvement programmes aimed at 

developing high-yielding, climate-resilient cultivars. 
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