Application of hierarchical cluster techniques in the taxonomic analysis of plant germplasm
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Abstract

Nowadays, there is a limited knowledge of different analysis types, techniques and statistical tools in the numerical taxonomy, available for a more reliable processing in the genotype classification. To solve this problem partially, a study was conducted on four combinatorial data strategies, distance measures, agglomeration and validation methods to determine those clusters that best fit the characteristics of cocoyam (Xanthosoma spp.) germplasm. Functions implemented on the basis of the R programming language were used for the analyses. A detailed knowledge of unsupervised hierarchical clustering methods, which best influence the classification results of cocoyam germplasm individually and in its combination is available for the first time. In addition to, the strength of the combination of statistical techniques used in the conformation of consistent structures, as well as in the validation of these ones was shown. Because of its flexibility, this analysis can be applied to other classification studies in plant germplasm banks.
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Introduction
The study of phytogenetic resources has become a scientific priority, especially those ones with a little study and commercial potential, which makes important the study of this diversity through quantitative methods that help to group populations of the same genus or species by means of similarities of homologous characters (Núñez et al. 2004). 
Numerical methods are mainly used to study and calculate the genetic distance among taxonomic entities. For this purpose, different coefficients of similarity or dissimilarity are used, depending on the considered character and the correspondence degree between the phenotype and the genotype. Numerical methods are mathematical procedures that make it possible to quantify the resemblance among taxonomic units, based on the levels of the observed characters (Ruiz De Galarreta 1998).
In general terms, the numerical taxonomy attempts to construct "natural" classifications, based on the phenotypic similarity of the individuals being evaluated, starting from an appropriate choice of a similarity coefficient (Cuadras 1981). 
Several unsupervised classification algorithms capable of performing such a task have been developed in recent years: hierarchical and non-hierarchical, which provide solutions to a considerable number of problems in the biological sciences, although they often do not produce objective or stable classifications, since different groupings can be obtained from the same data matrix if different algorithms are used, as well as if new characters are found, the distances will change and the previous classification will change in parallel. 
To solve this problem partially, the idea of Clustering Ensemble has been suggested (Vega-Pons and Ruiz 2010a, b; Vega-Pons et al. 2011). This responds to the intuitive idea that, if the quality of certain individual results is not known, the option of combining them may be higher to selecting a single result.
Despite in recent years, important efforts have been made to record and store morphoagronomic and molecular characterization data of different accessions of the main cultivated species, currently, there is a limited knowledge of different types of analyses, techniques and statistical tools, available for a more reliable processing of genotype classification. This is of vital importance for its application in agricultural processes in the fulfillment of the objectives of researchers, geneticists and botanists. 
Several existing taxonomic studies were carried out, especially at the Inivit, based on geneticists´ experiences and the use of isolated and not integrated methods in the analysis of the object as a whole. It is necessary to perform studies that integrate the different variables that make up the object, the combination of different statistical classification techniques, which is indispensable to obtain results with higher levels of accuracy and precision to the performance of these techniques separately, to find a better taxonomic classification of the accessions present in cocoyam germplasm (Milián et al. 2018). 
It is an experimentally demonstrated fact and a generally accepted philosophical consideration that there is no an only one computational tool that is optimal in solving any type of classification. Particularly, the classification of some plant species is considered ambiguous at the international level and nationally there are limitations in the correct classification of the new accessions that are introduced to the plant germplasm bank every year (Milián et al. 2018).
In this context, taking into account the fact that statistics is a science allied to scientific research, an analysis structure is traced, based on a set of techniques to determine those clusters that best fit the characteristics of cocoyam germplasm (Xanthosoma spp.) from its study on four combinatorial strategies of data, distance measures, agglomeration and validation methods. 

Materials and methods
Four combinatorial variants were carried out with the available data to determine the clusters that best fit the characteristics of the germplasm under study. In the first variant, a study of Gower's metric (Gower 1971) was carried out for mixed variables, where qualitative variables (nominal and ordinal) and quantitative variables are integrated. In the second variant, qualitative variables were integrated with coded quantitative variables (according to Minimum Descriptor Systems) treated as ordinals. 
In variant three, the transformed qualitative variables were integrated, through the multiple correspondence análisis (Tenenhaus and Young 1985) with the MCA() function described in the FactoMineR package, with the normalized quantitative variables, for which the data.Normalization() function of the clusterSim package was used with transformation by Z (z-score). Later, both results were merged into a single continuous data matrix. In the fourth variant, the qualitative variables received a similar procedure to the one used in variant three and, after standardization, the quantitative variables received an analysis of main components, using the precomp() function of the stats package. The components with contributions greater than one were taken (Kaiser 1974; Piggot and Sharman 1986; Jackson 1993). With the union of both results, a continuous data matrix was formed. 
In this grouping analysis, a group of basic procedures were defined to carry out the study on the four combinatorial variants of data, which are described below:
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Databases
To conduct the research, data from a study of accessions of a cocoyam (Xanthosoma spp.) test collection (71 accessions, where 20 qualitative variables and 16 quantitative variables were evaluated (Milián 2008; Milián et al. 2018) from the germplasm bank, stored at the Research Institute of Tropical Roots and Tuber Crops (Inivit).

Data treatment
It was worked with the minimum descriptors established internationally for the species under study, therefore none variable selection method was used, taking into consideration that they are the best taxonomic characters. 
There are several standardization forms, but in the present work, only two are taken into account, the standardization carried out by Gower's metrics (Crossa and Franco 2004; Mason et al. 2005; Podani and Schmera 2006) when applied on variant one; and one implemented in the data.Normalization (n1) function of the clusterSim package (Walesiak and Dudek 2017) with which two distance matrixes are formed, from the Euclidean distance, taking into account the quantitative variables for variants three and four. 

Distance measure
As described above, continuous and categorical variables were evaluated in each accession or cultivar from the germplasm banks, making difficult the elaboration of numerical scales that integrate all these variable types; actually, there is no a universal solution to the problem of how to combine them to build a distance measure. As it was already described, among the alternatives to deal with this problem is the Gower´s metric, which allows the analysis of mixed variables, which is implemented in the gowdis() function that includes the extension for ordinal variables (Podani 1999), described in the FD package (Laliberté and Legendre 2010; Laliberté et al. 2014). 
As measures to evaluate the differences and similarities among objects for quantitative variables on variants three and four, the Euclidean distance of the dist function (stats package) was used. 

Cluster analysis
Hierarchical clusters create a cluster hierarchy that are represented in tree structure, called dendrogram (Sembiring et al. 2010). In this research, the hierarchical clustering methods of Ward or Minimum Variance (Ward 1963), Average or UPGMA (Unweighted Pair-Group Method using Arithmetic Averages) (Sneath and Sokal 1973) were used, Single Linkage Agglomerative Clustering (Gower 1967), Complete Linkage Agglomerative Clustering (Sorensen 1948) with the hclust() function in the stats package which is part of the basic R installed by default. There is also the cluster package (Maechler et al. 2021) which extends the range of cluster analysis, because it includes partitional methods too.

Clustering validation 
Once the result of the agglomerative method in the taxonomic analysis is obtained, it is important to check if the data set shows a tendency to form groups, which is determined through the agglomerative coefficient (AC) (Maechler et al. 2005) with the coef.hclust()function in the cluster package. On the other hand, hierarchical methods impose certain structure on the data and it is often necessary to consider whether this is acceptable or whether unacceptable distortions are introduced in the original relationships. The most commonly used method to verify this fact is the cophenetic correlation coefficient, proposed by Sokal and Rohlf (1962) which is defined as the correlation (which can be calculated through the cor() function stats package) among the initial distances, taken from the original data and the final distances, with which the individuals have got together during the method development and it is obtained with the cophenetic() function of the stats package, which returns the cophenetic distance of the dendrogram. High values of this coefficient show that during the process has not happened a great distortion, regarding with the original structure of the data. 
Additionally, a statistical significance can be obtained by applying the Mantel´s test (Mantel 1967) implemented in the mantel() function of the vegan package (Oksanen et al. 2011), which is widespread in the ecological community.
Mantel´s test finds Mantel´s statistics as a correlation matrix between two dissimilarity matrixes, in this case the tree ultrametric and the original distance matrix of the data. However, the significance cannot be evaluated directly, because there are N(N-1)/2 entries for only N observations. For this, Mantel developed an asymptotic test that uses the permutation of the rows and columns of the first dissimilarity matrix repeatedly.

Optimal number of clusters
Once the results have been obtained, it is advisable, whenever possible to validate them with the aim of avoiding three error types: to force the clustering structure of the data set, look for a very different cluster number from the one that exists in reality, or accept an erroneous result delivered by the method.
When hierarchical clustering techniques are used, the researcher is not always interested only in the complete hierarchy, but also in a subset of partitions, obtained from it, resulting from a given data structure. The partitions are obtained by cutting the dendrogram or selecting one of the solutions in the succession of clusters which make up the hierarchy. 
Unfortunately, this fundamental step is among the problems that are not fully solved with a statistical basis yet, among other reasons, because of the lack of an appropriate null hypothesis that is easily verifiable and the complex nature of the multivariate sampling distributions. There are very specific answers: for example, if the variables had a normal distribution and as a dissimilarity measure, the Euclidean quadratic distance will be used and at every step of the agglomeration process, it is written the distance value among the clusters that are merging, the results can be expected to have a Chi-square distribution and then statistically determine when clusters that are too far apart are merging (Grau 1994). But, it is evident that this criterion is very particular and not suitable for the problema as such.
The proposed solutions have been diverse and have been focused on the separation of clusters and their cohesion. For this reason, several validation indexes have emerged, but in practice there is no one that can determine the optimum cut-off level of the dendrogram.  Some of the most widely used are Calinski-Harabasz´s (G1) index (G1) (Caliński and Harabasz 1974), Baker & Hubert´s (G2) index, which is Gamma de Goodman y Kruskal's adaptation (Everitt et al. 2011) and Hubert and Levine´s (G3) index (Gatnar and Walesiak 2004). Another measure that allows to establish a criterion on the optimal number of clusters is the Silhouette Width (Kaufman and Rousseeuw 1990) all implemented in the clusterSim package; and finally Dunn's index (Dunn 1974) which is implemented in the clValid package. 
On the other hand, in these data there is not any available a priori knowledge of the classes that should be formed, which makes more difficult to decide when a clustering obtained from a given algorithm is better than another ("No free lunch" theorem (Wolpert and Macready 1997)). Therefore, the research should be focused on the analysis of the results based on statistical tests and the empirical experience of genebank curators.

Combination of clusters and consensus
To combine the results of the different clustering algorithms, the cl_ensemble function of the clue package was used to achieve a better quality of the results achieved by the individual algorithms and compensate possible errors made by an individual algorithm. The consensus tree which is able to combine all the existing information from different results into a final tree was obtained with the cl_consensus function (clue package) using the three available methods in this function (Euclidean, Manhattan and Majority) to calculate the consensus clusters in the hierarchical algorithms. 
As stated, the classification is unsupervised, but in the case of the cocoyam germplasm under study (Milián et al. 2018) it is possible to have an idea of the conformation of some clusters, due to the already established identification of some species. 

The R statistical programming language 
In recent years, a programming language especially suitable for statistical analysis, called R (R Development Core Team 2019a) has strongly emerged as a free software alternative in many different teaching and research situations.
R is a programming language, mainly oriented to the statistical analysis and visualization of quantitative and qualitative information. It was officially introduced in 1997 and it is a free software governed by the General Public License ("General Public License" or GPL) of the Free Software Foundation ("Free Software Foundation" or GNU). Through R commands, it is possible to access all procedures and execute functions; however, it is also possible to design graphical interfaces to facilitate the interaction with unfamiliar users with their console (Salas 2008).
R allows the interconnection with other open code softwares, such as Java and Weka (Waikato Environment for Knowledge Analysis) which increases its potential in an impressive way. 
The R language has been enriched by experienced researchers, statisticians and developers from all over the world, so it has manifested a vertiginous extension to multiple science fields, to such an extent that some of the most recent methods are only available through R packages, which extends its functionalities. Currently, there are more than 15266 published packages with free and available licenses in a general repository (R Development Core Team 2019b).

Results and discussion
The Cuban collection of cocoyam includes 57 accessions of the species Xanthosoma sagittifolium (L.) Schott (SAG) and 10 accessions that form a group that does not have a defined species, or whose specific classification is not defined for Xanthosoma sp. (SP). Moreover, the species Xanthosoma brasilense Engl. (BRA), whose the only one representative is the clone 'Belembe'; the species Xanthosoma atrovirens Koch & Bouché (ATR), constituted by the clone 'Amarilla Trinidad'; while the accession 'Jardín' represents the species X. nigrum (Vell.) Mansf. (NIG) (Milián 2008; Milián et al. 2018).
In variant one, Gower's metric for mixed variables is used on the data matrix of qualitative (nominal (18) and ordinal (2)) and quantitative (16) variables from cocoyam (Xanthosoma spp.) collection. 
A second distance matrix is obtained by applying Gower's metric to the quantitative characteristics (16), taken to established ranges for cocoyam (Xanthosoma spp.) collection, these new coded variables (according to Minimum Descriptor Systems) are treated as ordinal and they are integrated to the nominal (18) and ordinal (2) variables already established.
In the third variant, qualitative variables (nominal and ordinal) are transformed through the multiple correspondence analysis, where 31 dimensions are taken, representing 91.176 % of the total variability of the data. The 16 quantitative variables were standardized and later, both results emerged in a single continuous data matrix, to which the Euclidean distance was applied. Sorensen (1948) and Gatnar and Walesiak (2004) have shown that at least 70 % of the total explained inertia is the most appropriate cut-off value.
The procedure on qualitative variables in the fourth variant is similar to the one used in variant three and with quantitative variables, an analysis of main components was performed, where the first six dimensions are taken, according to Kaiser´s criterion (eigenvalues > 1.0) which constitute 71.271 % of the total variance, observed in the data and from it the increase is not substantial. Both results are merged into a single continuous data matrix to which the Euclidean distance was applied. 
To the four distance matrixes obtained for the four variants, the four agglomeration methods selected for the study were applied.
As it is shown in Table 1 for the four variants, the Ward´s method has the highest agglomerative coefficient, followed by the complete linkage, average and single linkages, respectively. High values of this coefficient basically measure the level of clustering structure found by the method on the data.
The average method was higher in the coefficient of cophenetic correlation with respect to the other methods, followed by single linkage, complete linkage and Ward, in that order for the four variants. The high values of the average method indicate that the indexed hierarchy well reproduces the initial dissimilarity, similar conclusions were stated by Blackburn et al. (2005), so it is the one that best fits the original distance matrix (Sokal and Rohlf 1962; Mohammadi and Prasanna 2003; Podani and Schmera 2006). Analogous responses were obtained by (Molina et al. 2018) for yam (Dioscorea spp.) and plantain (or banana) (Musa spp.) germplasm databases. 
Table 1. Summary of the agglomerative and cophenetic correlation coefficient for the four agglomerative methods under study on the four variants. Cocoyam collection (Xanthosoma spp.)
	Databases 
	Agglomeration methods
	Variant 1
	Variant 2
	Variant 3
	Variant 4

	
	
	
	AC
	
	CCC
	
	AC
	
	CCC
	
	AC
	
	CCC
	
	AC
	
	CCC

	Cocoyam (Xanthosoma spp,)
	Ward
	1
	0,885
	4
	0,578
	1
	0,899
	4
	0,475
	1
	0.887
	4
	0.461
	1
	0,916
	4
	0,456

	
	Average
	3
	0,558
	1
	0,762
	3
	0,606
	1
	0,717
	3
	0.522
	1
	0.781
	3
	0,595
	1
	0,80

	
	Single Linkage
	4
	0,466
	2
	0,701
	4
	0,487
	2
	0,633
	4
	0.429
	2
	0.763
	4
	0,512
	2
	0,725

	
	Complete Linkage
	2
	0,632
	3
	0,628
	2
	0,691
	3
	0,619
	2
	0.643
	3
	0.517
	2
	0,702
	3
	0,625


AC: agglomerative coefficient, CCC: coefficient of cophenetic correlation
The validation indexes (Table 2) do not have a homogeneous behavior for any of the agglomeration methods within each variant and, on the other hand the Silhouette width index is the only one that is constant for the four agglomeration methods in all variants.
As it can be seen, it is not an easy task to determine the optimal number of clusters, since more than one possible solution may appear. Generally, the study of the solution by crop specialists, plus the interpretation of the validation indexes are the key to establish a group number that gives answer to the analysis.
Table 2. Results of five validation indexes applied to four agglomerative hierarchical methods on cocoyam (Xanthosoma spp.) collection database for the four variants of data structure
	
Variants of data structure 
	
Agglomeration methods
	Validation indexes 

	
	
	Dunn
BC/ Value
	Silhouette
BC/ Value
	G1
BC/ Value
	G2
BC/ Value
	G3
BC/ Value

	Variant1
	Ward
	2/0,428
	2/0,197
	2/9,397
	7/0,741
	2/0,463

	
	Average
	2/0,626
	2/0,273
	4/4,555
	3/0,909
	2/0,259

	
	Single Linkage
	2/0,626
	2/0,273
	3/2,114
	3/0,909
	3/0,259

	
	Complete Linkage
	6/0,403
	2/0,163
	2/7,976
	10/0,681
	20/0,500

	Variant 2
	Ward
	2/0,318
	2/0,177
	2/7,069
	10/0,755
	6/0,446

	
	Average
	2/0,527
	2/0,268
	4/4,457
	2/0,807
	2/0,239

	
	Single Linkage
	2/0,527
	2/0,268
	3/2,114
	2/0,807
	2/0,239

	
	Complete Linkage
	3/0,373
	2/0,208
	2/8,043
	10/0,725
	3/0,479

	Variant 3
	Ward
	9/0,400
	2/0,176
	2/12,714
	9/0,638
	9/0,561

	
	Average
	2/0,541
	2/0,290
	6/6,079
	3/0,859
	10/0,610

	
	Single Linkage
	4/0,592
	2/0,265
	4/3,214
	4/0,919
	4/0,509

	
	Complete Linkage
	2/0,494
	2/0,269
	3/7,236
	2/0,732
	10/0,648

	Variant 4
	Ward
	5/0,287
	2/0,207
	2/9,590
	10/0,678
	9/0,381

	
	Average
	3/0,495
	2/0,335
	6/4,120
	5/0,905
	10/0,542

	
	Single Linkage
	2/0,530
	2/0,330
	5/2,363
	5/0,905
	5/0,441

	
	Complete Linkage
	2/0,476
	2/0,333
	3/6,400
	2/0,840
	8/0,561


BC: best cutoff index, Value: value of the best cutoff index
The dendrograms in Figure 1, obtained for the four variants with Ward's method, show that they have compact and defined structures, due to the high agglomerative coefficient index. 
The distance established between groups one and two of variants one and two is smaller than the distance established for these two defined groups in variants three and four which may be, due to the dimensionality reduction established in these two latter variants.
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Figure 1. Dendrograms of the Ward´s clustering method. Four variants. Cocoyam (Xanthosoma spp.) collection

In an individual analysis of each dendrogram in Figure 1, it is observed that in variant one, two groups (G1 and G2) are clearly established at the height of 1.5, which is not valid from the point of view of analysis based on the four species present in cocoyam (Xanthosoma spp.) collection, according to specialists´ biological criterio (Milián et al. 2018). According to the species distribution, group one has 10 accessions (yellow and orange yellow pulp accessions in their entirety) that do not have a defined species (SP), two of the species X. sagittifolium (a creamy white (1239-SAG) and a light pink (1242-SAG) one X. atrovirens, constituted by the accession ‘Amarilla Trinidad’ and one of the species X. brasilense ('Belembe' accession).
Group two has the rest of the accessions, 57 of the species X. sagittifolium and one of the species X. nigrum, represented by the accession 'Jardín'. The left branch groups most of the accessions with white and creamy white pulp color, six light pink (1256-SAG, 1460-SAG, 1478-SAG, 1235-SAG, 1266-SAG, 1250-SAG) and one purple (1485-SAG). The right branch of group two is composed of purple and light purple, pink and light pink, white (1244-SAG) and one yellow accession (906-SAG). 
In variant two, group one keeps eight out of ten accessions of the species SP and incorporates three accessions of the species X. sagittifolium. The rest of the accessions are kept in group two, 54 of the species X. sagittifolium, two of the species SP and one of each of the species X. nigrum, X. atrovirens and X. brasilense.  
Group one of variant three has ten accessions of the species SP, it incorporates the accession 906-SAG to complete six of the species X. sagittifolium and one of the species X. brasilense, the other accessions remain in group two, 53 of the species X. sagittifolium, one of the species X. atrovirens and X. nigrum.
In variant four, group one has the ten accessions of the species SP, six of the species X. sagittifolium, one of the X. brasilense.  Group two has the rest of the accessions, 53 of the species X. sagittifolium and one of the species X. atrovirens and X. nigrum.  
Ward's method in variant one is higher in the classification, based on species and pulp color, with respect to the rest of the variants. 
The dendrograms in Figure 2 represent the average agglomeration method for the four treated variants in the present study and the estimation of the optimal cut-off indexes are established in two groups, as it has already been indicated it is not consistent from the point of view of distribution of the present species in the database (X. sagittifolium, SP X., X. nigrum, X. atrovirens and X. brasilense). However, a cut into four groups for the first and second variants and six for the third and fourth variants, establishes the best distributions according to the species and the pulp color. These groups are established by Calinski-Harabasz´s Index (G1).
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Figure 2. Dendrograms of the average clustering method. Variants 1, 2, 3 and 4. Cocoyam (Xanthosoma spp.) collection
Variant one with the average agglomeration method achieves a lower species mixture compared to the other variants. Group one (G1) is formed by the only one accession of the species X. atrovirens, the second one (G2) by the species X. brasilense. Group three (G3) is composed of the ten accessions of the species SP and two of the species X. sagittifolium (1242-SAG and 1239-SAG) which always appear together with the species SP. In variants two, three and four, the group that is formed by accessions of the SP species incorporates others of the species X. sagittifolium, increasing the mix of accessions in this group.
In the single linkage method, the optimal cut-off indexes are in two and three groups for variant one.  In two and three for variant two. In the third one, they are defined in two and four, and in variant four they are set at two and five (Table 2). The dendrograms show a difficult structure to interpret (Figure 3). This confirms what has been stated by several authors, that this method does not form a dendrogram with well identified partitions, but rather an elongated shape that is difficult to interpret.
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Figure 3. Dendrograms of the single linkage clustering method. First variant. Cocoyam (Xanthosoma spp.) collection
On the other hand, the optimal cutoff indexes for the complete linkage method are defined as two, six, ten and 20 groups for variant one.  In two, three and ten for variants two and three. Variant four in two, three and eight (Table 2). As in the other variants, none of the cut indexes establish that the groups can be clearly defined, according to species and the pulp color (Figure 4). There is a greater mixture with the species X. sagittifolium in the group, where the SP species are in the majority in all variants, with respect to Average and Ward ´s methods in variant one.
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Figure 4. Dendrograms of the complete linkage clustering method. Variants 1, 2, 3 and 4. Cocoyam (Xanthosoma spp.) collection
From the above analyses it is derived that the average agglomeration method in variant one is the one that best represents the structure of cocoyam database. In studies performed by Milligan (1980, 1989), Milligan and Cooper (1986, 1987) provide evidence of the usefulness of the average agglomeration method. Belbin and McDonald (1993) in studies of three ecological data structures, concludes that the average method is the one that best recovers the data 
structure.
Considering the different results obtained by the clustering methods, it is convenient to agglomerate them to achieve a better quality of the results achieved by the individual algorithms and compensate the possible errors made in the performance of each one. In addition to, if there is no a complete information about the problem, making a set of diverse partitions is advisable, since more varied the set of partitions is, greater is the available information at the combination stage.
The combination of groupings to achieve a consensus dendrogram was performed with the four agglomerative methods under study. As it was observed in Table 1 above, Ward's cophenetic correlation coefficient value is low, however it has a high agglomerative coefficient value and presents a dendrogram with a high group structure, according to the species distribution. The complete linkage method, although it has a value around 0.6 can be considered with a reasonable structure (Rousseeuw 1986). The average and single linkage methods have acceptable cophenetic correlation coefficient values.
From the combination of groupings, three consensus trees are obtained for the four variants by the Euclidean, Manhattan and Majority methods; as it is shown in Table 3, the cophenetic correlation coefficients for the Euclidean method are lower than those ones established by the Manhattan method, and in turn, the Majority method has very poor values, which is a reflection of the own dendrogram structure.
Table 3. Summary of the cophenetic correlation coefficient indexes with the consensus methods Euclidean, Manhattan and Majority. Cocoyam (Xanthosoma spp.) collection  
	Database
	Consensus methods
	Cophenetic correlation coefficient

	
	
	Variant 1
	Variant 2
	Variant 3
	Variant 4

	Cocoyam (Xanthosoma spp.)
	Euclidean
	0,626
	0,533
	0,535
	0,523

	
	Manhattan
	0,674
	0,716
	0,755
	0,745

	
	Majority
	0,281
	0,247
	0,205
	0,238


Figure 5 represents the consensus dendrogram with the Euclidean distance method, in which a clear formation of two groups (G1 and G2) can be observed for variant one.  Within group one, the species X. atrovirens and X. brasilense. form separate groups, which at the same time, they join the rest of the 12 accessions, ten of the species SP and two accessions of the species X. sagittifolium. Group two has the rest of the accessions, 57 of the species X. sagittifolium and one of the species X. nigrum.
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Figure 5. Consensus dendrogram with the Euclidean method for the first variant. Cocoyam (Xanthosoma spp.) collection
The consensus dendrogram obtained by the Manhattan method (Figure 6) for variant one is the one that best represents the species groupings, according to the structure of cocoyam database, a clear biologic description of the database is achieved, according to the present species.
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Figure 6. Consensus dendrogram with the Manhattan method for the first variant. Cocoyam (Xanthosoma spp.) collection
In multiple iterations for the Euclidean and Manhattan methods, dendrograms are obtained with small variations in the structure of the lower groups, in terms of height and order of the accessions within the two main groups, but not between them. The process is not deterministic; it may happen that running the same algorithm, with the same parameters, on the same data, slightly different results are obtained.
On the other hand, the Majority method (Figure 7) has a low cophenetic correlation coefficient index, which is reflected in the dendrogram structure, not achieving a clear biologic description of the database for all variants. In multiple iterations with this method, equal dendrograms are obtained without variations in the structure of the groups, height and order of the accessions.
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Figure 7. Consensus dendrogram with the Majority method for the first variant. Cocoyam (Xanthosoma spp.) collection
Interpreting what characterizes each cluster is the most important part of the analysis, because it provides a means of evaluating the correspondence of the clusters of those ones proposed by a priori theory, or by practical experience.
Exact clustering is not a simple task and it is difficult to make general recommendations. It is always advisable to try to with more than one method. If several methods give similar results, then it can be assumed that natural groupings do indeed exist.
Comparing the relative merits of each method is difficult, because when we apply clustering algorithms to a data set, the results differ.
The authors agree that there is no a clustering method that is capable of finding all possible cluster types at any data set (Jain et al. 1999). This could be the unsupervised version of the "No free lunch" principle that has been established, as a theorem of the non-existence of a universally best supervised classifier for all problems.
Kleinberg (2002) showed the impossibility of designing a perfect clustering algorithm and different algorithms will be suitable to find different types of clustering in the data. Sembiring et al. (2010) also concluded that different methods can give different structures.
Some of the present limitations in the different dealt variants are: 
Hierarchical cluster analyses give the possibility of using different measure types, to estimate the distance among the cases, the possibility of changing the original metrics of the variables and selecting among a great variety of agglomeration methods. But, there is no any combination of these possibilities that optimizes the obtained solution for these data matrixes. Therefore, it is recommended to evaluate different solutions to choose the most consistent one.
The main problem lies in choosing the true number of clusters, since more than one possible solution may appear and the indexes may give different results with the same data and the same method used.
Despite the limitations of the analysis of clusters, this technique is widely used in many branches of science, because it is eminently exploratory, since most of the time it does not use any type of statistical model to carry out the classification process. These methods are very suitable for extracting information from a set of data, without imposing prior restrictions in the form of statistical models, at least explicitly, and therefore they can be very useful as a tool of hypotheses elaboration about the problem under consideration, without imposing patterns or previously established theories.
Therefore, an analysis of the dendrogram structure by the cultivar specialists, together with the studied indexes is necessary to determine those clusters that best fit the characteristics of the database under study and make a decision on the best supported partitioning, also based on the available priori classes. The results obtained allow confirm the contribution of statistical techniques to achieve a better germplasm classification individually and in its combination, in this case accessions of plantain, cocoyam and yam, as well as validation methods which determine to a great extent the obtaining of more consistent and reliable structures. 
Gower's metric for mixed variables where qualitative variables (nominal and ordinal) and the quantitative ones are integrated, together with the Average and Ward's agglomeration methods, resulted the best variant used for germplasm classification, given by its closer approach to the biological vision of the database under study; similar results are shown for yam (Dioscorea spp.) and plantain (Musa spp.) collections in studies performed by Molina et al. (2018). Furthermore, it can be stated that the consensus tree with the Manhattan method better represents cocoyam (Xanthosoma spp.) database structure in variant one, with respect to all variants and the Euclidean and Majority methods.
Taking into account that Xanthosoma sp. (SP) accessions keep a tendency to be together in the same cluster in variant one of consensus by Manhattan and Euclidean methods, it would be favorable to carry out molecular analyses in future characterization studies within this genus to determine if they represent a new species.

Conclusions
A detailed knowledge of unsupervised hierarchical clustering methods that best influence the results of Xanthosoma cocoyam germplasm classification individually and in its combination, as well as validation methods that greatly determine more consistent structures for the first time, which expands the knowledge of analysis types, techniques and statistical tools that are available for a more reliable processing in the classification of plant germplasm banks.
The best result for a more reliable processing in the classification of genotypes was achieved with the strategy one. Moreover, the combination of groupings to achieve a consensus dendrogram is an effective technique to get a better yield and quality of the results achieved by individual algorithms.
Because of its flexibility, this analysis can be applied to other classification studies in plant germplasm banks. 
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