


Applicability of K-means and Genetic Algorithm in clustering of Indian Mustard genotypes



Abstract: The purpose of the study was to check the efficacy of K-means and Genetic Algorithm methods for clustering of Indian mustard genotypes. The secondary data for the growth and yield characteristics of 80 Indian Mustard genotypes were used to identify patterns and best genotypes for plant breeders through K-means and Genetic algorithm clustering methods. The maximum RV-coefficient criterion was used to find best subset size of 3 variables. The clustering was done using K-means and Genetic Algorithm methods based on subset size of 3 variables and all 12 variables. The applicability of both methods was compared from obtained results. It was concluded that the quality of clusters based on the percentage of between sum of squares (BSS) was best in case of K-means method using a subset of the variables.
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Introduction: 
Clustering is a data evaluation method aiming to group data objects with comparable features into clusters. Cluster evaluation has given a significant role in many applied sectors, such as intelligence in business, social science and psychology, information, bioinformatics, image processing, pattern classification and information retrieval, and many other particular techniques have been offered. Cluster analysis provides a view of the data by grouping things into clusters; specific objects within a cluster are more similar to one another than to objects in other clusters (Jain and Dubes, 1988, Tan et al., 2016). The K-means methodology is highly well-liked among the many clustering methods because of its effectiveness and capability in grouping data (Gayathri et al., 2015). K-means is a well-known and popular partition clustering technique that has long sparked intense research attention. One of the earliest and most accurate clustering techniques, K-means clustering, was the subject of our investigation (Lloyd, 1982). While MacQueen used the name "K-means" in 1967 (Gayathri et al., 2015), the concept originated with Steinhaus in 1956. The standard algorithm for pulse coding modulation was first developed by Lloyd in 1957. But it wasn't until 1982 that it was published. Furthermore, it was named after Forgy because he published a comparable method in 1965 (Forgy, 1965). Based on a prototype, K-means is a straightforward partition clustering technique that looks for K non-overlapping clusters. In order to reduce the quantity of squared errors, the traditional K-means clustering algorithm seeks to identify a set 𝐶 of K clusters 𝐶𝑗 with cluster mean 𝑐𝑗 (Jain, 2010). 

Where  is the Euclidean distance between  and .

E is the addition of the square error (SSE) of objects having cluster means for 𝐾 clusters, ||…|| refers to the distance metric between a cluster mean and a data point . Hooda et al. (2021) considered the cluster analysis based on fuzzy sets for grouping of wheat genotypes using data on morphological characters. The performance of fuzzy clustering has also been examined with the commonly used K-means clustering method for identifying clusters of wheat genotypes. Poonia et al. (2022) compared the performance of the two clustering techniques, k-means (KM) and Fuzzy c-means (FCM). These two methods were applied to secondary data on growth and yield attributes of wheat genotypes and examined the performance of both clustering approaches.
The Genetic Algorithm (GA) method is based on the principles of natural selection and genetics (Chau et al., 2005; Barker, 1958). For the first time, Holland formalized the concept of GA (Barker, 1958). It mimics Darwin's theory of evolution and natural selection. It solves optimization problems using the objective function f(x) where  is the N-dimensional vector of optimization parameters. The most effective, efficient, and potent global optimization technique has been discovered and demonstrated to be the one that typically creates combinational optimization issues, especially those using discrete optimization parameters. Neither differentiable nor discontinuous object functions exist. The fundamental and fundamental components of the binary GA are genes and chromosomes. The conventional binary encodes the optimization parameters into a binary code string (Bremermann, 1958). A certain parameter is needed to distinguish between better and worse solutions in order to evolve and build better solutions and methods to carry out the selection, which is natural. Regarding GA, the measure may operate objectively, as a mathematically based computer simulation model, or subjectively, allowing humans to choose better and more elegant solutions rather than bad ones. Population belief is another crucial component of GA. Unlike conventional search techniques, GA relies on the population of potential solutions. One of the key factors affecting GA speed and scalability is the population size, a user-defined quantity. A tiny population, for example, could lead to an immature convergence and provide subpar answers. However, a huge population might waste valuable time in the computing process (Gonnade and Bodkhe, 2012). The performance of the genetic algorithm-based clustering approach was compared with that of traditional clustering techniques, such as Ward's and K-means clustering methods (Sumbherwal and Hooda, 2021). They found that, across all three cluster validity metrics, the clustering technique based on genetic algorithms outperformed the others. Wu et al. (2003) combined k-means with a genetic algorithm to achieve an optimal solution and avoid the local optimum. Furthermore, in an attempt to mimic minimising runtime over performance, Roy and Sharma (2010) considered a deterministic variant with regard to clusters or initialisation over population. A novel clustering technique called GAGR was proposed by Xia Chang et al. (2009). It is based on the genetic algorithm (GA) with gene rearrangement. The centres of each chromosome's clusters were represented by a series of real-valued values in the GAGR clustering method. Rahman and Islam (2014) introduced the GenClust approach, a revolutionary clustering method that blends genetic algorithms (GA) and K-means. Its goal is to obtain higher-quality clusters without requiring user inputs such as the number of clusters (k). 
Jayalakshmi et al. (2023) studied genetic diversity using K-means clustering in chickpea germplasm accessions. They identified genotypes like NBeG-169, RVSSG-40, CP 117-5-23, and ICCV 07101 as promising for breeding programs, which will help in developing high-yielding, early-maturing, and mechanically harvestable chickpea varieties. Kouser et al. (2024) applied genetic algorithms to optimize clustering of the Healthy Aging dataset, selecting key features like Age, Medication Keeps Patient from Sleeping, and Gender. GA combined with KMeans++ showed the best performance across all clustering metrics. 

Materials and Methods:
Secondary data for the growth and yield characteristics of 80 Indian Mustard genotypes were used to check the applicability of K-means and a Genetic algorithm in identifying patterns and the best genotypes for plant breeders. The data used in this experiment were obtained from the Oilseeds Section, Department of Genetics and Plant Breeding, CCS HAU-Hisar. 
K-means clustering is a well-known unsupervised machine learning technique for dividing a dataset into K separate, non-overlapping groups (or clusters). For getting improved clusters using the K-means clustering method, the following algorithm was adopted:
i) Initialization: First, select the number of clusters K and initialize K cluster centroids at random (these can be randomly generated or selected data points).
ii) Assigning Clusters: Calculate the distance (usually Euclidean distance) between the data point and each centroid. Assign the data point to the nearest centroid, effectively forming K clusters.
iii) Recomputing Centroids: After all data points have been assigned to clusters, calculate the new centroid of each cluster. This is typically the mean of all the data points assigned to that cluster.
iv) Convergence Check: Check whether the centroids have changed significantly or not. If the centroids have not changed (or changes are below a defined threshold), the algorithm has converged, and the clustering is complete. If not, repeat steps ii) and iii).
v) Termination: The algorithm terminates when the centroids do not change significantly between iterations. A maximum number of iterations is reached (optional stopping criterion).
The Genetic Algorithm (GA) is a search heuristic inspired by the process of natural selection. It's commonly used for optimization and search problems. For getting improved clusters using the Genetic Algorithm, the following algorithm was adopted:
i) Initialization: The primary or starting solutions of candidates for the population are mostly produced randomly through the search space. 
ii) Evaluation: When a new population is generated or initialized, the fitness values of the candidate solutions are evaluated. 
iii) Selection: more copies of solutions are allocated using selection with high-level fitness, and the idea of survival possibilities of being fittest is imposed on the candidates' solutions. The main notion choice is to choose the best solutions that favour them over others. Therefore, many selection procedures were suggested to accomplish this notion. Amongst these procedures: the roulette-wheel selection, the stochastic universal selection, the ranking selection and the tournament selection. 
iv) Recombination: Combining parts of two or more main solutions to produce new and better solutions (i.e., offspring). There are several ways to achieve this, and efficient performance relies on the recombination mechanism, which should be designed appropriately. 
v) Mutation: When two or more parental chromosomes are combined, the mutation is modified locally and randomly to solve the problem. There are various distinctive types of mutation, but a mutation commonly includes one or more changes in the individual feature(s). In other words, mutation performs a random walk in the candidate solution vicinity. 
vi) Replacement: The offspring population, caused by selection, recombination, and mutation, replaces the original parental population. Many replacement methods, such as Steady state replacement, elitist replacement, and generation-wise replacement, are utilized in GA. 
vii) Repeating all the steps from ii) to vi) till the termination condition is reached.
Result and Discussion:
The k-means clustering and genetic algorithm-based methods were used to find clusters of the 80 Indian mustard genotypes based on all 12 variables and the best subsets of 3 variables. The RV coefficient measures the similarity of two data matrices representing n individuals measured on p variables each. In the present study, we used the K-means and Genetic Algorithm to find the best subsets of variables and clustering of genotypes to examine the applicability of these methods in pattern identification. The subsets of various sizes (3 to 11) having maximum RV coefficient were obtained using the function genetic() in r-subselect  package with default setting of  parameters, i.e. 
genetic(mat = cor(data1), kmin = 3, kmax = 11, popsize = 100,     nger = 100, criterion = "RV")
The detail of the genotypes is shown in List 1
	Sr.No
	Genotype
	Sr. No
	Genotype
	Sr. No
	Genotype
	Sr. No
	Genotype

	1
	M-9
	21
	M-52
	41
	NPJ-231
	61
	DRMRIJ-20-13

	2
	M-14
	22
	M-54
	42
	NPJ-232
	62
	DRMRIJ-20-19

	3
	M-15
	23
	M-56
	43
	NPJ-233
	63
	DRMRIJ-20-23

	4
	M-18
	24
	Sel-1
	44
	NPJ-234
	64
	DRMRIJ-20-26

	5
	M-24
	25
	T 6342
	45
	PM-25
	65
	DRMRIJ-20-35

	6
	M-25
	26
	RH-0023
	46
	NPJ-241
	66
	DRMRIJ-20-56

	7
	Giriraj
	27
	PM-25
	47
	NPJ-242
	67
	DRMRIJ-20-64

	8
	M-26
	28
	RH-9811
	48
	NPJ-243
	68
	DRMRIJ-20-65

	9
	M-29
	29
	RH-0204
	49
	NPJ-244
	69
	DRMRIJ-20-72

	10
	M-32
	30
	M-0305
	50
	NPJ-196
	70
	Giriraj

	11
	PM-25
	31
	RH-345
	51
	IC-277699
	71
	DRMRIJ-20-75

	12
	M-35
	32
	RH-0504
	52
	IC-355399
	72
	DRMRIJ-20-77

	13
	M-38
	33
	RH-1303
	53
	EC-597318
	73
	DRMRIJ-20-85

	14
	M-39
	34
	RH-1378
	54
	LES-57
	74
	DRMRIJ-20-91

	15
	M-45
	35
	RH-1224
	55
	Giriraj
	75
	DRMRIJ-20-109

	16
	M-46
	36
	RH-1368
	56
	PDZ-6
	76
	PM-25

	17
	M-48
	37
	RH-1371
	57
	Pusa Kishan
	77
	DRMRIJ-20-114

	18
	M-50
	38
	Giriraj
	58
	DRMRIJ-20-6
	78
	DRMRIJ-20-137

	19
	M-51
	39
	RH(00)-7003
	59
	DRMRIJ-20-9
	79
	DRMRIJ-20-145

	20
	Giriraj
	40
	RH-19-7
	60
	PM-25
	80
	DRMRIJ-20-160


List 1- The selected Indian Mustard genotypes 


List 2-Variables on which observations were recorded
	1.
	Days to Flowering (DF)

	2.
	Days to Maturity(DM)

	3.
	Plant Stand(PS)

	4.
	Plant Height(PH)

	5.
	No. Primary Branches(NPB)

	6.
	No. Secondary Branches (NSB)

	7.
	Main Shoot Length (MSL)

	8.
	Siliqua on Main  Shoot (SOMS)

	9.
	Siliqua Length (SL)

	10.
	Seeds per Siliqua (SPS)

	11.
	Seed Yield  per Plant (SYPP)

	12.
	1000-seed Weight (TSWT)



The best variable subsets with corresponding RV-coefficient values are given in Table 1 below. 
Table 1: Variables selected using Genetic Algorithm based on Maximum RV-Coefficient Criterion
	Subset Size
	Sr. No. Variables selected
	RV-Coefficient

	3
	1,     5,    11     
	0.696

	4
	1,     5,     7,    11   
	0.755

	5
	2,     4,     6,     7,    11     
	0.806

	6
	2,     4,     6,     7,     9,    11     
	0.844

	7
	2,     4,     6,     7,     8,    10,    12     
	0.881

	8
	2,     3,     4,     6,     7,     8,    10,    12     
	0.911

	9
	2,    3,     4,     6,     7,     8,     9,    10,    12      
	0.941

	10
	1,     2,     3,     4,     6,     7,     8,     9,    10,     12
	0.963

	11
	1,     2,     3,     4,     5,     7,     8,     9,    10,     11,     12
	0.983



Table 1 presents variable selection process using a Genetic Algorithm clustering technique with maximum RV-coefficient criterion. Subset size of variables were selected from 3 to 11 variables with maximum RV-coefficient criterion. RV-Coefficient is a statistical measure (ranging from 0 to 1) that indicates how well the selected subset of variables represents the overall data structure. Higher values mean better representation. There are 12 variables taken. In the selection of a subset size of 3 variables, 12C3 combinations were made, and the RV-coefficient of each combination of subset size of 3 variables was calculated. The subset size of variables (1, 5, 11) has the maximum RV-coefficient among other subset sizes of 3 variables. As the subset size of variables increases, the RV-coefficient also increases. However, a subset size of 3 variables (1, 5, 11) plays the most significant role in crop improvement compared to other subset size of variables. 
The k-means () and gamma () functions in the R package were used to obtain clusters. Table 2 shows the resulting clusters and their sizes, along with the within sum of squares (WSS) for each cluster. 
Table 2:  Cluster sizes and WSS obtained using k-means and genetic algorithm-based clustering methods
	Clustering Method
	Subset size
	Variable
Selected
	Cluster
	No. of genotypes
in clusters
	WSS

	[bookmark: _Hlk78039400]K-means 
	12(ALL)
	K means method (k =3)
	C1
	29
	242.06

	
	
	
	C2
	25
	235.60

	
	
	
	C3
	26
	238.23

	
	1,     5,    11     
	K means method (k =3) based on subset of size 3
	C1
	33
	47.22

	
	
	
	C2
	16
	27.15

	
	
	
	C3
	31
	51.88

	GA
	12(ALL)
	GA method (k =3)
	C1
	1
	-

	
	
	
	C2
	77
	-

	
	
	
	C3
	2
	-

	
	1,     5,    11     
	GA method (k =3) based on subset of size 3
	C1
	29
	47.58

	
	
	
	C2
	39
	61.09

	
	
	
	C3
	12
	20.28



From Table 2, it is observed that subset size of 3 variables (1, 5, 11) significantly improves clustering performance for the both methods. But, clustering based on GA using all the variables do not provide balanced or satisfactory clusters, as C1 has only one genotype, and C3 has only two genotypes. The method K-means also does not perform well when using all variables due to high WSS. However, clusters obtained from a subset of variables seem to be satisfactory. 

[bookmark: _GoBack][image: ]
Fig 1: Cluster Dendrogram

The dendrogram (Fig-1) obtained by Ward’s method presents three distinct clusters at the height of 20. These clusters are enclosed in blue boxes. The group of genotypes under the same box indicates more similar to each other than to those in the other groups. It confirms a clear separation of the dataset into 3 valuable groups with the K=3 choice in K-means and GA clustering methods. The genotype at Sr. No 52, i.e. IC-355399 (which forms the C1), is an outlier. 
Cluster memberships of different genotypes and means are given in Tables 3 & 4 below:
Table 3: Genotype in clusters based on the best subset of 3 variables and all the variables (using k-means and genetic algorithm)
	Clustering Method
	Subset size
	cluster
	Sr. Nos. of Genotypes  

	
	
	
	

	K-means 
	12 (All)
	C1
	1, 2, 3, 8, 10, 15, 16, 21, 22, 23, 25, 28, 29, 31, 33, 35, 40, 41, 46, 51, 52, 53, 54, 57, 58, 59, 64, 66, 69, 71, 73, 74, 75

	
	
	C2
	5, 6, 11, 24, 27, 36, 37, 45, 48, 49, 50, 60, 62, 72, 76, 78

	
	
	C3
	4, 7, 9, 12, 13, 14, 17, 18, 19, 20, 26, 30, 32, 34, 38, 39, 42, 43, 44, 47, 55, 56, 61, 63, 65, 67, 68, 70, 77, 79, 80

	
	(1, 5, 11)
	C1
	4, 5, 7, 12, 13, 14, 17, 18, 19, 26, 30,32,34, 35, 38, 39, 44, 47, 55, 56, 61, 63, 67, 68, 70, 77, 79, 80

	
	
	C2
	1, 2, 3, 6, 8, 9, 10, 15, 16, 21,  25, 28, 33, 40, 41, 52, 53, 54, 57, 58, 59, 62, 65, 69, 73

	
	
	C3
	11, 20, 22, 24, 27, 29, 31, 36, 37, 42, 43, 45, 46, 48, 49, 50, 51, 60, 64, 66, 71, 72, 74, 75, 76, 78

	GA
	12 (All)
	C1
	52

	
	
	C2
	1,  2,  3,  4,  5,  6,  7,  8,  9, 10, 11, 12, 13, 14, 15, 16, 17, 18, 19, 20, 21, 22, 23, 25, 26, 27, 28, 29, 30, 31, 32, 33, 34, 35, 36, 37, 38, 39, 40, 41, 42, 43, 44, 45, 46, 47, 48, 49, 50, 51, 53, 54, 55, 56, 57, 58, 59, 60, 61, 62, 63, 64, 65, 67, 68, 69, 70, 71, 72, 73, 74, 75, 76, 77, 78, 79, 80

	
	
	C3
	24, 66

	
	(1, 5, 11)
	C1
	4, 5, 7, 9, 12, 13, 14, 17, 18, 19, 20, 26, 30, 32, 34, 39, 43, 44, 47, 61, 63, 65, 67, 68, 55,70, 77, 79, 80

	
	
	C2
	1, 2, 3, 6, 8, 10, 15,16, 21, 22, 23, 25, 28, 29, 31, 33, 35, 38, 40, 41, 42, 46, 48, 51, 52, 53 54, 56, 57, 58, 59, 62, 64, 66, 69, 71, 73, 74, 75

	
	
	C3
	11, 24, 27, 36, 37, 45, 49, 50, 60, 72, 76, 78



Table 3 compares genotype cluster memberships formed using two clustering methods, K-means and Genetic Algorithm, based on all 12 variables, and a subset of 3 variables (1, 5, 11). Clusters formed using K-means based on all variables are balanced but indicate less compactness due to high WSS that means some variables are not contributing meaningfully and based on subset of 3 variables shows more compact clusters and provides better separation and discrimination between clusters. Clusters formed using GA based on all variables are highly imbalanced producing meaningless segmentation likely due to redundancy and based on subset of 3 variables provides meaningful grouping of genotypes, enhances effectiveness of GA.

 Table 4: Cluster means obtained using K-means method and Genetic Algorithm
	Method
	Cluster
	Characters 

	K-means
	
	DF
	DM
	PS
	PH
	NPB
	NSB
	MSL
	SOMS
	SL
	SPS
	SYPP
	TSWT

	
	
	Clusters Based on all 12 variables

	
	C1
	50.7
	139.4
	19.6
	193.2
	5.3
	13.6
	75.0
	54.4
	3.9
	13.6
	21.0
	5.1

	
	C2
	51.1
	139.0
	20.1
	192.4
	6.1
	14.9
	64.0
	49.2
	3.6
	11.2
	19.9
	4.4

	
	C3
	49.1
	138.4
	19.7
	170.9
	4.7
	12.2
	71.5
	47.2
	4.2
	13.4
	16.2
	4.9

	
	
	Clusters Based on 3 variables subset (1, 5, 11)

	
	C1
	51.2
	139.3
	19.8
	187.0
	5.5
	13.7
	66.5
	49.0
	3.9
	11.8
	15.2
	4.6

	
	C2
	47.7
	137.3
	20.1
	172.6
	5.3
	12.9
	72.0
	48.1
	3.9
	13.1
	16.6
	4.7

	
	C3
	50.77
	139.5
	19.5
	191.1
	5.2
	13.7
	73.9
	53.2
	3.8
	13.7
	21.2
	5.1

	
	
	Clusters Based on all 12 variables

	GA
	C1
	52
	143
	18
	129.7
	4.8
	11.3
	22.3
	64.3
	3.3
	11.1
	13.3
	5.6

	
	C2
	50.4
	138.9
	19.8
	187.8
	5.4
	13.6
	71.3
	50.5
	3.9
	12.8
	18.0
	4.8

	
	C3
	47.5
	139.0
	18.5
	134.3
	5.2
	13.8
	62.7
	43.8
	4.1
	14.0
	15.0
	4.1

	
	
	Clusters Based on 3 variables subset (1, 5, 11)

	
	C1
	50.6
	139.3
	19.5
	191.9
	5.3
	13.9
	73.6
	53.3
	3.8
	13.8
	21.4
	5.2

	
	C2
	51.1
	139.3
	19.9
	185.9
	5.4
	13.5
	67.2
	49.3
	3.9
	11.9
	15.5
	4.7

	
	C3
	47.5
	137.2
	20.0
	171.2
	5.2
	12.8
	72.9
	47.7
	4.1
	13.4
	16.6
	4.6



Table 4 presents the cluster means obtained using K-means and Genetic Algorithm (GA) methods based on all variables and a subset of 3 variables (1, 5, 11). Clusters formed using K-means based on all variables show clear biological meaning with distinct profiles in height, branching, and yield characters. However, based on a subset of 3 variables, clusters remain distinct and align with trends seen using all variables, especially for yield (SYPP), confirming the strength of the selected subset. The clustering method GA is unable to generate balanced and meaningful clusters based on all variables due to overfitting, and based on a subset of variables, it produces well-differentiated clusters, especially for yield-related characters.

Table 5: Within Sum of Squares and between sum of squares
	Clustering Method
	Subset size
	BSS
	Total_WSS
	TSS
	(BSS/TSS)*100

	K-means 
	12(ALL)
	232.11
	715.89
	948
	24.5

	
	1,     5,    11     
	110.76
	126.24
	237
	46.7

	GA
	1,     5,    11     
	108.05
	128.95
	237
	45.6



Table 5 gives the values of the measures viz. BSS (Between sum of squares) and WSS (Within sum of squares) for different subset sizes and other sums of squares. BSS measures the separation between clusters (higher BSS means better separation) and WSS measures the compactness of clusters (lower WSS means more similarity). The quality of the clusters was measured in terms of total WSS and the sum of squares ratio (BSS/WSS) as:  (Higher value indicates better clusters). It is also concluded that the quality of clusters based on the percentage of between sum of squares is best in the K-means method using the subset of the variables. 
Conclusions: The clustering methods K-means and Genetic Algorithm were used to identify the patterns and best genotypes for plant breeders. Using both clustering methods, the best subset size of 3 variables was selected to represent the 12 variables recorded for Indian mustard. Results obtained from these clustering methods were compared. Total WSS and the sum of squares of ratio (BSS/WSS) were used to measure the quality of the clusters, and it was determined that the K-means approach, when applied to a subset of chosen variables, yields the best cluster quality based on the percentage of between sum of squares. 
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