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allocate.basic Allocation of Entries to be Selected from Clusters/Groups based on
Size for Core Collection Development
Description

Estimate the number of entries to be allocated from each cluster/group in the entire collection to
construct a core collection on the basis of cluster/group size. The following strategies are imple-
mented.

* Constant

* Proportional
* Logarithmic
* Square root

The different methods to determine the number of entries from each group or clusters implemented
in allocate.basic are as follows.

Usage

allocate.basic(
data,
names,
group,
method = c("const”, "prop"”, "log"”, "sqrt"),
log.base = exp(1),
size
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Arguments
data The data as a data frame object. The data frame should possess one row per
individual and columns with the individual names and multiple trait/character
data.
names Name of column with the accession names as a character string.
group Name of column with the accession group/cluster names as a character string.
method The allocation method. Either "const” for constant or "prop” for proportional
or "log" for logarithmic or "sqrt"” for square root allocation.
log.base The logarithm base to be used for logarithmic method of sampling. Default is
exp(1).
size The desired core set size proportion.
Details

These are different methods which estimate the number of entries only on the basis of total number
of entries in each cluster/group.

Brown (1989) proposed the constant (C), proportional (P) and logarithmic (L) methods and later a
similar square root method was proposed by Huaman et al. (1999).

Constant method: From an entire collection of size N, to construct a core set of sample size n,
the number of entries to be selected from the ith group among 1 - - - g groups (n;) is estimated as
below.

TL,L:EXN
g

Proportional method: Here the number of entries to be selected is proportional to the clus-
ter/group size (IV;) as below.

N;
n;, =n X 3
z‘:1Ni
N;
nZ:nXF

Logarithmic method: Here the number of entries to be selected is proportional to the logarithm
of the cluster/group size (IV;) as below.

log (N;)
gzl log (Nz)

n; =n X

Square root method: Here the number of entries to be selected is proportional to the square root
of the cluster/group size (IV;) as below.

_ VYN
zg=1 VN

n;=mnx

Value

A named numeric vector specifying the number of entries to be selected from each cluster/group.
The vector names correspond to the levels of the ""group” column, and values indicate the number
of elements to be selected from each level.
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References

Brown AHD (1989). “Core collections: A practical approach to genetic resources management.”
Genome, 31(2), 818-824.

Huaman Z, Aguilar C, Ortiz R (1999). “Selecting a Peruvian sweetpotato core collection on the
basis of morphological, eco-geographical, and disease and pest reaction data:” Theoretical and
Applied Genetics, 98(5), 840-844.

See Also

allocate.distance, allocate.diversity

Examples

# Get data
data("cassava_EC_gp")

set.seed(123)
cassava_EC_gp <- cassava_EC_gp[sample(1:nrow(cassava_EC_gp), 500), ]

data <- cassava_EC_gp

data <- cbind(genotypes = rownames(cassava_EC_gp), cassava_EC_gp)
row.names(data) <- NULL

# Constant allocation
const_out <-

allocate.basic(data = data, names = "genotypes”,
group = "Cluster”, method = "const”,
size = 0.2)
const_out

# Proportional allocation

prop_out <-
allocate.basic(data = data, names = "genotypes”,
group = "Cluster”, method = "prop”,
size = 0.2)
prop_out

# Logarithmic allocation

log_out <-
allocate.basic(data = data, names = "genotypes”,
group = "Cluster”, method = "log",
size = 0.2)
log_out

# Square root allocation

sqrt_out <-
allocate.basic(data = data, names = "genotypes”,
group = "Cluster”, method = "sqrt",
size = 0.2)

sqrt_out
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allocate.distance Allocation of Entries to be Selected from Clusters/Groups based on
Distance-based Diversity Metrics for Core Collection Development

Description

Estimate the number of entries to be allocated from each cluster/group in the entire collection to
construct a core collection on the basis of different metrics computed from within cluster/group
distances. The following strategies are implemented.

* Diversity (Distance based)
* Diversity (Distance based) & Proportional
* Diversity (Distance based) & Logarithmic

* Diversity (Distance based) & Square root

Usage

allocate.distance(
data,
names,
group,
dist.mat,
method = c("dist”, "dist.prop”, "dist.log", "dist.sqrt"),

metric = c("mean”, "median”, "max”, "range"”, "mnnd”, "mdc”, "mdm", "mstl”, "nclust"),
clust.fun = NULL,
log.base = exp(1),
size
)
Arguments
data The data as a data frame object. The data frame should possess one row per
individual and columns with the individual names and multiple trait/character
data.
names Name of column with the accession names as a character string.
group Name of column with the accession group/cluster names as a character string.
dist.mat A precomputed distance matrix of distance measures between the accessions in
data.
method The allocation method. Either "dist" for constant or "dist.prop"” for propor-
tional or "dist.log" for logarithmic or "dist.sqrt"” for square root allocation.
See Methods.
metric The metric to be computed from the distance matrix. Either "mean”, "median”,
"max”, "range”, "mnnd”, "mdc"”, "mdm"”, "mstl”, or "nclust"”. See Metrics.
clust.fun A function to generate clusters from a distance matrix and return the number of
clusters.
log.base The logarithm base to be used for logarithmic method of sampling. Default is
exp(1).

size The desired core set size proportion.
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Value

A named numeric vector specifying the number of entries to be selected from each cluster/group.
The vector names correspond to the levels of the ""group” column, and values indicate the number
of elements to be selected from each level.

Details

The number of entries to be chosen from each cluster is estimated either on the basis of diversity
of entries within that cluster/group alone or in combination with the size of the cluster/group (See
Methods).

The within-cluster/group diversity is estimated as several metrics from the within cluster/group
genetic distances between accessions (See Metrics).

Franco et al. (2005) proposed a method based on mean Gower’s distance (Gower 1971) which was
also extended to other distance measure averages named D Allocation strategy (Franco et al. 2006).
These methods were also combined with the proportional and logarithmic methods. For example,
the GP and GL strategy of Bisht et al. (1999) and Mahajan et al. (1999) as well as the NY and LD
allocation methods of Franco et al. (2005).

Methods

Diversity method: From an entire collection of size N, to construct a core set of sample size n,
the number of entries to be selected from the ¢th group among 1 - - - g groups (n;) is estimated as
below.

D;

7 D
i=1 Dl

n; =mnx

Where, D; is a measure of the extent of diversity present in the ith cluster.

Diversity and proportional method: Here the number of entries to be selected is proportional
to the diversity of the cluster/group (D;) weighted by the the cluster/group size (IV;).

N;D;

Ny =N X —g————
g
ieq Vi Dy

Diversity and logarithmic method: Here the number of entries to be selected is proportional to
the diversity of the cluster/group (D;) weighted by the logarithm of the cluster/group size (IV;).

> i1 log(N;) D;

n; =n X

Diversity and square root method: Here the number of entries to be selected is proportional to
the diversity of the cluster/group (D;) weighted by the square root of the cluster/group size (IV;).

VN;D;
Zgzl V N’LDZ

n; =mnxX

Metrics

Summary/Decriptive statistics: These include mean, median, maximum and range of genetic
distances between entries in a cluster.
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Mean nearest-neighbour distance (M NN D): It is the average, across all entries, of the dis-
tance to each entry’s closest other entry (dy,,.,.), based on a genetic given distance matrix (Clark
and Evans 1954).

For each entry, the nearest-neighbour distance (d
other entry.

min

) is the smallest non-zero distance with any

Imin

d, . =mind,,
g
g h#g

The Mean nearest-neighbour distance (M N N D) can then be computed as:

1 G
MNND = agz::ldg

Where, (¢) is the index of an entry in a genetic distance matrix, h is the index of all other genotypes
and G is the total number of genotypes in a cluster/group.

Minimum spanning tree length (M ST L): Itis defined as the sum of edge weights in the mini-
mum spanning tree constructed from the genetic distance matrix of entries within a cluster/group.
A minimum spanning tree (MST) connects all entries such that the total distance is minimized and
no cycles are formed. It represents the most efficient way to connect all entries based on pairwise
genetic distances (Gower and Ross 1969).

For genetic distance dg;, between entries g and h, the MST is a subset of edges that connects all
G entries with exactly G — 1 edges and minimum total weight. The MST length (M ST L) can
then be computed as:

MSTL = > dg
(g,h)ET

Where 7 denotes the set of edges in the MST.

Mean distance to centroid and median (M DC, M DM): These quantify the average disper-
sion of entries within a cluster/group relative to a central point in multivariate space derived from
the genetic distance matrix.

The centroid represents the multivariate mean position of all entries in a cluster (Sokal and Sneath
1963; Sneath and Sokal 1973)., whereas the median (spatial median) provides a robust central
location that is less influenced by extreme values (Bradley et al. 1999).

For dgc and dgpr distances of entry g from the centroid C' and median M, respectively. These
measures are computed as:

1 G
MDC = Engc

g=1
1 G

MDM = ~ > dgar
g=1

Where G is the total number of entries in the cluster/group.

Number of clusters: (Diwan et al. 1994) proposed the number of clusters produced by a
multivariate cluster analysis at a specific distance threshold as an estimate of the diversity.
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See Also

allocate.basic, allocate.diversity

Examples

#
# Prepare example data
#

library(cluster)

# Get distance matrix
data("cassava_EC_gp")

set.seed(123)
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cassava_EC_gp <- cassava_EC_gp[sample(1:nrow(cassava_EC_gp), 500), ]

quant <- c(”"NMSR", "TTRN", "TFWSR", "TTRW", "TFWSS", "TTSW", "TTPW",
"AVPW", "ARSR", "SRDM")

qual <- c("CUAL", "LNGS", "PTLC", "DSTA", "LFRT", "LBTEF", "CBTR", "NMLB",
"ANGB"”, "CUAL9M", "LVC9M", "TNPROM", "PLOM", "STRP", "STRC”,
"PSTR")

data <- cassava_EC_gp

# Convert qualitative data columns to factor
datal, qual] <- lapply(data[, quall, as.factor)

# Standardise quantitative data column

datal[, quant] <- lapply(datal, quant], function(x) {
scale(x)[, 1]

»

# Get the Gower's distance matrix
dist_matrix <- daisy(x = datal, c(qual, quant)],
metric = "gower")

# Get data

data <- cassava_EC_gp

data <- cbind(genotypes = rownames(cassava_EC_gp), cassava_EC_gp)
row.names(data) <- NULL

#
# Custom clustering functions

#

# UPGMA with hclust
clust_fun_upgma <- function(x) {

# Tree
tree_out <- hclust(x, method = "average")
# Clusters
cutree(tree_out, h = 0.2)
3

if (requireNamespace('fastcluster', quietly = TRUE)) {
# Ward's minimum variance with fastcluster
clust_fun_ward <- function(x) {

# Tree
tree_out <- fastcluster::hclust(x, method = "ward.D2")
# Clusters
cutree(tree_out, h = 0.2)
}
3

if (requireNamespace('dbscan', quietly = TRUE)) {
# Density-based clustering with dbscan
clust_fun_dbscan <- function(x) {
clust_out <- dbscan::dbscan(x, eps = 0.25)
# remove noise: TODO
setNames(clust_out$cluster, labels(x))

3
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if (requireNamespace('biotools', quietly = TRUE)) {
# Tocher's sequential clustering
clust_fun_tocher <- function(x) {

clust_out <- biotools::tocher(x, algorithm = "sequential”)
setNames(clust_out$class, labels(x))
}
3
#
# Diversity (Distance based) allocation
#
## Mean
dist_out_mean <-
allocate.distance(data = data, names = "genotypes”,
group = "Cluster”, method = "dist",
dist.mat = dist_matrix, metric = "mean”,
size = 0.2)

dist_out_mean

## Median
dist_out_median <-
allocate.distance(data = data, names = "genotypes”,
group = "Cluster”, method = "dist",
dist.mat = dist_matrix, metric = "median”,
size = 0.2)
dist_out_median
## Maximum
dist_out_max <-
allocate.distance(data = data, names = "genotypes”,
group = "Cluster”, method = "dist",
dist.mat = dist_matrix, metric = "max",
size = 0.2)
dist_out_max
## Range
dist_out_range <-
allocate.distance(data = data, names = "genotypes”,
group = "Cluster”, method = "dist",
dist.mat = dist_matrix, metric = "range",
size = 0.2)

dist_out_range

## Mean nearest-neighbour distance
dist_out_mnnd <-

allocate.distance(data = data, names = "genotypes”,
group = "Cluster”, method = "dist"”,
dist.mat = dist_matrix, metric = "mnnd”,
size = 0.2)

dist_out_mnnd

## Minimum spanning tree length
dist_out_mstl <-
allocate.distance(data = data, names = "genotypes”,
group = "Cluster”, method = "dist",
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dist.mat = dist_matrix, metric = "mstl”,
size = 0.2)
dist_out_mstl

## Mean distance to centroid
dist_out_mdc <-

allocate.distance(data = data, names = "genotypes”,
group = "Cluster”, method = "dist",
dist.mat = dist_matrix, metric = "mdc"”,
size = 0.2)

dist_out_mdc

## Mean distance to median
dist_out_mdm <-

allocate.distance(data = data, names = "genotypes"”,
group = "Cluster”, method = "dist",
dist.mat = dist_matrix, metric = "mdm",

size = 0.2)
dist_out_mdm

## Number of clusters

### UPGMA with hclust
dist_out_nclustl <-
allocate.distance(data = data, names = "genotypes”,

group = "Cluster”, method = "dist",
dist.mat = dist_matrix, metric = "nclust”,
clust.fun = clust_fun_upgma,
size = 0.2)

dist_out_nclustl

# Ward's minimum variance with fastcluster
if (requireNamespace('fastcluster', quietly = TRUE)) {
dist_out_nclust2 <-
allocate.distance(data = data, names = "genotypes”,
group = "Cluster"”, method = "dist",

dist.mat = dist_matrix, metric = "nclust”,

clust.fun = clust_fun_ward,
size = 0.2)
dist_out_nclust2

}

# Density-based clustering with dbscan
if (requireNamespace('dbscan', quietly = TRUE)) {
dist_out_nclust3 <-
allocate.distance(data = data, names = "genotypes”,
group = "Cluster"”, method = "dist",

dist.mat = dist_matrix, metric = "nclust”,

clust.fun = clust_fun_dbscan,
size = 0.2)
dist_out_nclust3

}

11
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if (requireNamespace('biotools', quietly = TRUE)) {
# Tocher's sequential clustering
dist_out_nclust4 <-
allocate.distance(data = data, names = "genotypes”,
group = "Cluster”, method = "dist”,

dist.mat = dist_matrix, metric = "nclust”,

clust.fun = clust_fun_tocher,
size = 0.2)
dist_out_nclust4

allocate.distance

#
# Diversity (Distance based) & Proportional

m

#

## Mean
dist_prop_out_mean <-
allocate.distance(data = data, names = "genotypes”,
group = "Cluster”, method = "dist.prop”,
dist.mat = dist_matrix, metric = "mean”,
size = 0.2)
dist_prop_out_mean

## Median
dist_prop_out_median <-
allocate.distance(data = data, names = "genotypes”,
group = "Cluster”, method = "dist.prop”,

dist.mat = dist_matrix, metric = "median”,

size = 0.2)
dist_prop_out_median

## Maximum
dist_prop_out_max <-
allocate.distance(data = data, names = "genotypes”,
group = "Cluster”, method = "dist.prop”,
dist.mat = dist_matrix, metric = "max",
size = 0.2)
dist_prop_out_max
## Range
dist_prop_out_range <-
allocate.distance(data = data, names = "genotypes”,
group = "Cluster”, method = "dist.prop”,
dist.mat = dist_matrix, metric = "range",
size = 0.2)

dist_prop_out_range

## Mean nearest-neighbour distance
dist_prop_out_mnnd <-

allocate.distance(data = data, names = "genotypes”,
group = "Cluster”, method = "dist.prop”,
dist.mat = dist_matrix, metric = "mnnd”,
size = 0.2)

dist_prop_out_mnnd

## Minimum spanning tree length
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dist_prop_out_mstl <-

allocate.distance(data = data, names = "genotypes”,
group = "Cluster”, method = "dist.prop”,
dist.mat = dist_matrix, metric = "mstl”,
size = 0.2)

dist_prop_out_mstl

## Mean distance to centroid
dist_prop_out_mdc <-

allocate.distance(data = data, names = "genotypes”,
group = "Cluster”, method = "dist.prop”,
dist.mat = dist_matrix, metric = "mdc",
size = 0.2)

dist_prop_out_mdc

## Mean distance to median
dist_prop_out_mdm <-

allocate.distance(data = data, names = "genotypes"”,
group = "Cluster”, method = "dist.prop”,
dist.mat = dist_matrix, metric = "mdm”,

size = 0.2)
dist_prop_out_mdm
## Number of clusters

#i## UPGMA with hclust
dist_prop_out_nclustl <-

allocate.distance(data = data, names = "genotypes”,
group = "Cluster”, method = "dist.prop”,
dist.mat = dist_matrix, metric = "nclust”,
clust.fun = clust_fun_upgma,
size = 0.2)

dist_prop_out_nclustl

# Ward's minimum variance with fastcluster
if (requireNamespace('fastcluster', quietly = TRUE)) {
dist_prop_out_nclust2 <-

allocate.distance(data = data, names = "genotypes”,
group = "Cluster"”, method = "dist.prop”,
dist.mat = dist_matrix, metric = "nclust”,
clust.fun = clust_fun_ward,
size = 0.2)
dist_prop_out_nclust2

}

# Density-based clustering with dbscan
if (requireNamespace('dbscan', quietly = TRUE)) {
dist_prop_out_nclust3 <-

allocate.distance(data = data, names = "genotypes"”,
group = "Cluster”, method = "dist.prop”,
dist.mat = dist_matrix, metric = "nclust”,

clust.fun = clust_fun_dbscan,
size = 0.2)
dist_prop_out_nclust3
3

13
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if (requireNamespace('biotools', quietly = TRUE)) {
# Tocher's sequential clustering
dist_prop_out_nclust4 <-

allocate.distance

allocate.distance(data = data, names = "genotypes”,
group = "Cluster”, method = "dist.prop”,
dist.mat = dist_matrix, metric = "nclust”,
clust.fun = clust_fun_tocher,
size = 0.2)
dist_prop_out_nclust4
}
#
# Diversity (Distance based) & Logarithmic
#
## Mean
dist_log_out_mean <-
allocate.distance(data = data, names = "genotypes”,
group = "Cluster”, method = "dist.log",
dist.mat = dist_matrix, metric = "mean”,
size = 0.2)

dist_log_out_mean

## Median
dist_log_out_median <-
allocate.distance(data = data, names = "genotypes”,
group = "Cluster”, method = "dist.log",
dist.mat = dist_matrix, metric = "median”,
size = 0.2)

dist_log_out_median

## Maximum
dist_log_out_max <-

allocate.distance(data = data, names = "genotypes”,
group = "Cluster”, method = "dist.log",
dist.mat = dist_matrix, metric = "max",
size = 0.2)

dist_log_out_max

## Range
dist_log_out_range <-
allocate.distance(data = data, names = "genotypes”,
group = "Cluster”, method = "dist.log",
dist.mat = dist_matrix, metric = "range",
size = 0.2)

dist_log_out_range

## Mean nearest-neighbour distance
dist_log_out_mnnd <-

allocate.distance(data = data, names = "genotypes”,
group = "Cluster”, method = "dist.log",
dist.mat = dist_matrix, metric = "mnnd”,
size = 0.2)

dist_log_out_mnnd
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## Minimum spanning tree length
dist_log_out_mstl <-

allocate.distance(data = data, names = "genotypes”,
group = "Cluster”, method = "dist.log",
dist.mat = dist_matrix, metric = "mstl”,
size = 0.2)

dist_log_out_mstl

## Mean distance to centroid
dist_log_out_mdc <-

allocate.distance(data = data, names = "genotypes"”,
group = "Cluster”, method = "dist.log",
dist.mat = dist_matrix, metric = "mdc"”,
size = 0.2)

dist_log_out_mdc

## Mean distance to median
dist_log_out_mdm <-

allocate.distance(data = data, names = "genotypes"”,
group = "Cluster”, method = "dist.log",
dist.mat = dist_matrix, metric = "mdm",
size = 0.2)

dist_log_out_mdm

## Number of clusters

### UPGMA with hclust
dist_log_out_nclustl <-

allocate.distance(data = data, names = "genotypes”,
group = "Cluster”, method = "dist.log",
dist.mat = dist_matrix, metric = "nclust”,
clust.fun = clust_fun_upgma,
size = 0.2)

dist_log_out_nclust1

# Ward's minimum variance with fastcluster
if (requireNamespace('fastcluster', quietly = TRUE)) {
dist_log_out_nclust2 <-

allocate.distance(data = data, names = "genotypes"”,
group = "Cluster”, method = "dist.log",
dist.mat = dist_matrix, metric = "nclust”,
clust.fun = clust_fun_ward,
size = 0.2)
dist_log_out_nclust2

}

if (requireNamespace('dbscan', quietly = TRUE)) {
# Density-based clustering with dbscan
dist_log_out_nclust3 <-

allocate.distance(data = data, names = "genotypes”,
group = "Cluster”, method = "dist.log",
dist.mat = dist_matrix, metric = "nclust”,

clust.fun = clust_fun_dbscan,
size = 0.2)

15
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dist_log_out_nclust3
3

if (requireNamespace('biotools', quietly
# Tocher's sequential clustering
dist_log_out_nclust4 <-
allocate.distance(data = data, names = "genotypes”,
group = "Cluster”, method = "dist.log",
dist.mat = dist_matrix, metric = "nclust”,
clust.fun = clust_fun_tocher,
size = 0.2)
dist_log_out_nclust4
}

TRUE)) {

allocate.distance

#
# Diversity (Distance based) & Square root

#

## Mean
dist_sqrt_out_mean <-
allocate.distance(data = data, names = "genotypes”,
group = "Cluster”, method = "dist.sqrt”,
dist.mat = dist_matrix, metric = "mean”,
size = 0.2)
dist_sqrt_out_mean

## Median
dist_sqrt_out_median <-
allocate.distance(data = data, names = "genotypes”,
group = "Cluster”, method = "dist.sqrt”,
dist.mat = dist_matrix, metric = "median”,
size = 0.2)
dist_sqrt_out_median

## Maximum
dist_sqrt_out_max <-
allocate.distance(data = data, names = "genotypes”,
group = "Cluster”, method = "dist.sqrt",
dist.mat = dist_matrix, metric = "max",
size = 0.2)
dist_sqrt_out_max

## Range
dist_sqrt_out_range <-
allocate.distance(data = data, names = "genotypes”,
group = "Cluster”, method = "dist.sqrt”,
dist.mat = dist_matrix, metric = "range”,
size = 0.2)
dist_sqrt_out_range

## Mean nearest-neighbour distance
dist_sqrt_out_mnnd <-
allocate.distance(data = data, names = "genotypes”,
group = "Cluster”, method = "dist.sqrt”,
dist.mat = dist_matrix, metric = "mnnd”,
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size = 0.2)
dist_sqrt_out_mnnd

## Minimum spanning tree length
dist_sqrt_out_mstl <-

allocate.distance(data = data, names = "genotypes”,
group = "Cluster”, method = "dist.sqrt”,
dist.mat = dist_matrix, metric = "mstl”,
size = 0.2)

dist_sqrt_out_mstl

## Mean distance to centroid
dist_sqrt_out_mdc <-

allocate.distance(data = data, names = "genotypes"”,
group = "Cluster”, method = "dist.sqrt”,
dist.mat = dist_matrix, metric = "mdc",
size = 0.2)

dist_sqrt_out_mdc

## Mean distance to median
dist_sqrt_out_mdm <-

allocate.distance(data = data, names = "genotypes”,
group = "Cluster”, method = "dist.sqrt”,
dist.mat = dist_matrix, metric = "mdm”,
size = 0.2)

dist_sqrt_out_mdm

## Number of clusters

### UPGMA with hclust
dist_sqrt_out_nclustl <-

allocate.distance(data = data, names = "genotypes”,
group = "Cluster”, method = "dist.sqrt”,
dist.mat = dist_matrix, metric = "nclust”,
clust.fun = clust_fun_upgma,
size = 0.2)

dist_sqrt_out_nclusti

# Ward's minimum variance with fastcluster
if (requireNamespace('fastcluster', quietly = TRUE)) {
dist_sqrt_out_nclust2 <-

allocate.distance(data = data, names = "genotypes"”,
group = "Cluster”, method = "dist.sqrt”,
dist.mat = dist_matrix, metric = "nclust”,
clust.fun = clust_fun_ward,
size = 0.2)
dist_sqrt_out_nclust2

}

if (requireNamespace('dbscan', quietly = TRUE)) {
# Density-based clustering with dbscan
dist_sqrt_out_nclust3 <-
allocate.distance(data = data, names = "genotypes”,
group = "Cluster"”, method = "dist.sqrt”,
dist.mat = dist_matrix, metric = "nclust”,
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clust.fun = clust_fun_dbscan,
size = 0.2)
dist_sqrt_out_nclust3

3

if (requireNamespace('biotools', quietly = TRUE)) {
# Tocher's sequential clustering
dist_sqrt_out_nclust4 <-

allocate.distance(data = data, names = "genotypes”,
group = "Cluster”, method = "dist.sqrt”,
dist.mat = dist_matrix, metric = "nclust”,
clust.fun = clust_fun_tocher,
size = 0.2)
dist_sqrt_out_nclust4
}
allocate.diversity Allocation of Entries to be Selected from Clusters/Groups based on
Diversity Index Estimates for Core Collection Development
Description

Estimate the number of entries to be allocated from each cluster/group in the entire collection to
construct a core collection on the basis of different metrics computed from within cluster/group
diversity index estimates. The following strategies are implemented.

* Diversity
* Diversity & Proportional
* Diversity & Logarithmic

* Diversity & Square root

Usage

allocate.diversity(
data,
names,
group,
qualitative,
method = c("div", "div.prop”, "div.sqrt"”, "div.log"),
div.index = c("richness”, "shannon”, "simpson"”, "mcintosh”),
shannon.base = exp(1),
div.fun = NULL,
log.base = exp(1),
metric = c("pooled”, "mean"),
size
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Arguments

data The data as a data frame object. The data frame should possess one row per
individual and columns with the individual names and multiple trait/character
data.

names Name of column with the accession names as a character string.

group Name of column with the accession group/cluster names as a character string.

qualitative Name of columns with the qualitative traits as a character vector.

method The allocation method. Either "div" for constant or "div.prop” for propor-
tional or "div.log" for logarithmic or "div.sqrt" for square root allocation.

div.index The diversity index to be used to estimate within cluster/group diversity.

shannon.base  The logarithm base to be used for estimation of Shannon diversity index. Default

is exp(1).

div.fun A function to estimate diversity index from a factor vector of qualitative trait
data.

log.base The logarithm base to be used for logarithmic method of sampling. Default is
exp(1).

metric The metric to be computed from the diversity index. Either "pooled” or "mean”.

size The desired core set size proportion.

Value

A named numeric vector specifying the number of entries to be selected from each cluster/group.
The vector names correspond to the levels of the ""group” column, and values indicate the number
of elements to be selected from each level.

Details

The number of entries to be chosen from each cluster is estimated either on the basis of diversity
of entries within that cluster/group alone or in combination with the size of the cluster/group (See
Methods).

There are several methods proposed on the basis of diversity indices such as genetic multiplicity (G)
dependent method based on the range of genetic diversity (Yonezawa et al. 1995), H strategy based
on Nei’s gene diversity (Nei 1973) and a method based on the pooled Shannon diversity index (Bisht
et al. 1999; Mahajan et al. 1999). Similarly, measures such as expected proportion of heterozygous
loci per individual and effective number of alleles have also been employed as a diversity measure
for determining sample size (Franco et al. 2000).

The within-cluster/group diversity is estimated as either pooled or mean value of cluster/group-wise
diversity indices. The following diversity indices are implemented in this function.

» Shannon or Shannon-Weaver or Shannon-Wiener Diversity Index or Shannon entropy ()
(Shannon and Weaver 1949; Peet 1974)

e Simpson’s Index of Diversity or Gini’s Diversity Index or Gini-Simpson Index or Nei’s Di-
versity Index or Nei’s Variation Index (D) or Hurlbert’s probability of interspecific encounter
(PIFE) (Gini 1912, 1912; Greenberg 1956; Berger and Parker 1970; Hurlbert 1971; Nei 1973;
Peet 1974)

* Mclntosh Diversity Index (Dps.) (McIntosh 1967; Peet 1974)
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Methods

Diversity method: From an entire collection of size N, to construct a core set of sample size n,
the number of entries to be selected from the ith group among 1 - - - g groups (n;) is estimated as
below.

D;
g9 Dz

i=1

n; =nx

Where, D; is a measure of the extent of diversity present in the ¢th cluster.

Diversity and proportional method: Here the number of entries to be selected is proportional
to the diversity of the cluster/group (D;) weighted by the the cluster/group size (IV;).

N;D;
Zf:l NiD;

n; =n X

Diversity and logarithmic method: Here the number of entries to be selected is proportional to
the diversity of the cluster/group (D;) weighted by the logarithm of the cluster/group size (IV;).

i1 log(N;) D;

n; =nxX

Diversity and square root method: Here the number of entries to be selected is proportional to
the diversity of the cluster/group (D;) weighted by the square root of the cluster/group size (IV;).

y V' N; D;
5:1 \/ﬁzDz

n;, =nmn
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See Also

allocate.basic, allocate.distance

Examples

#
# Prepare example data
#

# Get data
data("cassava_EC_gp")

set.seed(123)
cassava_EC_gp <- cassava_EC_gp[sample(1:nrow(cassava_EC_gp), 500), ]

data <- cbind(genotypes = rownames(cassava_EC_gp), cassava_EC_gp)
row.names(data) <- NULL

# Column names of traits

quant <- c(”NMSR"”, "TTRN", "TFWSR", "TTRW", "TFWSS", "TTSW", "TTPW",
"AVPW", "ARSR", "SRDM")

qual <- c("CUAL", "LNGS", "PTLC", "DSTA", "LFRT", "LBTEF"”, "CBTR", "NMLB",
"ANGB", "CUAL9M", "LVCOM", "TNPROM", "PLOM", "STRP", "STRC",
"PSTR")

# Convert qualitative data columns to factor
datal, quall] <- lapply(datal, quall, as.factor)

# Convert quantitative data columns to qualitative scores
quant_to_score5 <- function(x) {

brks <- unique( quantile(x,
probs = seq(@, 1, 0.2),
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cut(x, breaks = br
include. lowest
labels = seq_l

3

na.rm = TRUE))
ks,
= TRUE,
en(length(brks) - 1))

data[, quant] <- lapply(datal[, quant], quant_to_score5)

traits <- c(quant, g

ual)

allocate.diversity

#
# Custom diversity i

ndex functions

#

div_fun_brillouin <-

n <- tabulate(x)

n <- nln > 0]

N <- sum(n)

if (N<=1) {

return(@)

}

(lgamma(N + 1) - s
3

div_fun_margalef <-
tab <- tabulate(x)
tab <- tab[tab > @
S <- length(tab)
N <- length(x)
if (N<=1){

return(@)

}
(S - 1)/1log(N)

function(x) {

um(lgamma(n + 1)))/N

function(x) {

]

Diversity allocati

H H

on

## Shannon-Weaver Di
div_out_shannonl <-
allocate.diversity

div_out_shannoni

div_out_shannon2 <-
allocate.diversity

div_out_shannon2

versity Index

(data = data, names = "genotypes’

group = "Cluster”,

qualitative = traits,

method = "div”,

div.index = "shannon", metric =
size = 0.2)

(data = data, names = "genotypes’

group = "Cluster”,

qualitative = traits,

method = "div",

div.index = "shannon”, metric =
size = 0.2)

d
’

"pooled”,

d
’

"mean”,
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## Gini-Simpson Index
div_out_simpsonl <-
allocate.diversity(data = data, names = "genotypes”,
group = "Cluster”,
qualitative = traits,
method = "div",

div.index = "simpson"”, metric = "pooled”,
size = 0.2)
div_out_simpsoni
div_out_simpson2 <-
allocate.diversity(data = data, names = "genotypes”,
group = "Cluster”,

qualitative = traits,
method = "div",
div.index = "simpson”, metric = "mean”,
size = 0.2)
div_out_simpson2

## McIntosh Diversity Index
div_out_mcintoshl <-
allocate.diversity(data = data, names = "genotypes",
group = "Cluster”,
qualitative = traits,
method = "div",

div.index = "mcintosh”, metric = "pooled”,
size = 0.2)
div_out_mcintoshi
div_out_mcintosh2 <-
allocate.diversity(data = data, names = "genotypes",
group = "Cluster”,

qualitative = traits,
method = "div",
div.index = "mcintosh”, metric = "mean”,
size = 0.2)
div_out_mcintosh2

## Richness
div_out_richnessl <-
allocate.diversity(data = data, names = "genotypes”,

group = "Cluster”,
qualitative = traits,
method = "div",
div.index = "richness”, metric = "pooled”,
size = 0.2)

div_out_richnessi

div_out_richness2 <-
allocate.diversity(data = data, names = "genotypes”,

group = "Cluster”,
qualitative = traits,
method = "div",
div.index = "richness”, metric = "mean”,
size = 0.2)

div_out_richness2
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## Brillouin Diversity Index
div_out_brillouinil <-
allocate.diversity(data = data, names = "genotypes”,
group = "Cluster”,
qualitative = traits,
method = "div",

div.fun = div_fun_brillouin, metric = "pooled”,
size = 0.2)
div_out_brillouin1
div_out_brillouin2 <-
allocate.diversity(data = data, names = "genotypes”,
group = "Cluster”,

qualitative = traits,
method = "div",
div.fun = div_fun_brillouin, metric = "mean",
size = 0.2)
div_out_brillouin2

## Margalef's richness Index
div_out_margalef1 <-
allocate.diversity(data = data, names = "genotypes",
group = "Cluster”,
qualitative = traits,
method = "div",

div.fun = div_fun_margalef, metric = "pooled”,
size = 0.2)
div_out_margalef1
div_out_margalef2 <-
allocate.diversity(data = data, names = "genotypes",
group = "Cluster”,

qualitative = traits,
method = "div",

div.fun = div_fun_margalef, metric = "mean”,
size = 0.2)

div_out_margalef?2

#

# Diversity allocation & Proportional

#

## Shannon-Weaver Diversity Index
dist_prop_out_shannonl <-
allocate.diversity(data = data, names = "genotypes”,

group = "Cluster”,
qualitative = traits,
method = "div.prop”,
div.index = "shannon”, metric = "pooled”,
size = 0.2)

dist_prop_out_shannoni

dist_prop_out_shannon2 <-
allocate.diversity(data = data, names = "genotypes”,
group = "Cluster”,
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qualitative = traits,
method = "div.prop”,
div.index = "shannon”
size = 0.2)
dist_prop_out_shannon2

## Gini-Simpson Index
dist_prop_out_simpsonl <-
allocate.diversity(data = data, names =

group = "Cluster”,
qualitative = traits,
method = "div.prop”,
div.index = "simpson”
size = 0.2)

dist_prop_out_simpsoni

dist_prop_out_simpson2 <-
allocate.diversity(data = data, names =

group = "Cluster”,
qualitative = traits,
method = "div.prop”,
div.index = "simpson"
size = 0.2)

dist_prop_out_simpson2

## McIntosh Diversity Index
dist_prop_out_mcintoshl <-
allocate.diversity(data = data, names =

group = "Cluster”,
qualitative = traits,
method = "div.prop”,
div.index = "mcintosh
size = 0.2)

dist_prop_out_mcintosh1

dist_prop_out_mcintosh2 <-
allocate.diversity(data = data, names =

group = "Cluster”,
qualitative = traits,
method = "div.prop”,
div.index = "mcintosh
size = 0.2)

dist_prop_out_mcintosh2

## Richness
div_out_richnessl <-
allocate.diversity(data = data, names =

group = "Cluster”,
qualitative = traits,
method = "div.log",
div.index = "richness
size = 0.2)

div_out_richness]

div_out_richness2 <-
allocate.diversity(data = data, names =
group = "Cluster”,

, metric = "mean”,
"genotypes”,
, metric = "pooled”,
"genotypes”,
, metric = "mean”,
"genotypes”

)
", metric = "pooled”,
"genotypes”

)
", metric = "mean”,
"genotypes”,
", metric = "pooled”,
"genotypes”,

25
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qualitative = traits,
method = "div.log",
div.index = "richness”, metric
size = 0.2)
div_out_richness?2

## Brillouin Diversity Index
div_out_brillouinl <-

allocate.diversity(data = data, names = "genotypes'’
group = "Cluster”,
qualitative = traits,

method = "div.prop”,

allocate.diversity

"mean” ,

4
’

div.fun = div_fun_brillouin, metric = "pooled”,
size = 0.2)
div_out_brillouin
div_out_brillouin2 <-
allocate.diversity(data = data, names = "genotypes”,
group = "Cluster”,
qualitative = traits,
method = "div.prop”,
div.fun = div_fun_brillouin, metric = "mean”,
size = 0.2)
div_out_brillouin2
## Margalef's richness Index
div_out_margalef1 <-
allocate.diversity(data = data, names = "genotypes",
group = "Cluster”,
qualitative = traits,
method = "div.prop”,
div.fun = div_fun_margalef, metric = "pooled”,
size = 0.2)
div_out_margalef1
div_out_margalef2 <-
allocate.diversity(data = data, names = "genotypes",
group = "Cluster”,
qualitative = traits,
method = "div.prop”,
div.fun = div_fun_margalef, metric = "mean”,
size = 0.2)
div_out_margalef?2
#
# Diversity allocation & Logarithmic
#
## Shannon-Weaver Diversity Index
dist_log_out_shannonl <-
allocate.diversity(data = data, names = "genotypes”,
group = "Cluster”,
qualitative = traits,
method = "div.log",
div.index = "shannon”, metric = "pooled”,

size =
dist_log_out_shannoni

0.2)
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dist_log_out_shannon2 <-
allocate.diversity(data = data, names = "genotypes”,

group = "Cluster”,
qualitative = traits,
method = "div.log",
div.index = "shannon”, metric = "mean”,
size = 0.2)

dist_log_out_shannon2

## Gini-Simpson Index
dist_log_out_simpsonl <-
allocate.diversity(data = data, names = "genotypes”,

group = "Cluster”,
qualitative = traits,
method = "div.log",
div.index = "simpson”, metric = "pooled”,
size = 0.2)

dist_log_out_simpsoni

dist_log_out_simpson2 <-
allocate.diversity(data = data, names = "genotypes",

group = "Cluster”,
qualitative = traits,
method = "div.log",
div.index = "simpson”, metric = "mean”,
size = 0.2)

dist_log_out_simpson2

## McIntosh Diversity Index
dist_log_out_mcintoshl <-
allocate.diversity(data = data, names = "genotypes",

group = "Cluster”,
qualitative = traits,
method = "div.log",
div.index = "mcintosh”, metric = "pooled”,
size = 0.2)

dist_log_out_mcintoshi

dist_log_out_mcintosh2 <-
allocate.diversity(data = data, names = "genotypes",

group = "Cluster”,
qualitative = traits,
method = "div.log",
div.index = "mcintosh”, metric = "mean”,
size = 0.2)

dist_log_out_mcintosh2

## Richness
div_out_richnessl <-
allocate.diversity(data = data, names = "genotypes”,

group = "Cluster”,
qualitative = traits,
method = "div.log",
div.index = "richness”, metric = "pooled”,
size = 0.2)

div_out_richnessi
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div_out_richness2 <-
allocate.diversity(data = data, names = "genotypes”,

group = "Cluster”,
qualitative = traits,
method = "div.log",
div.index = "richness”, metric = "mean”,
size = 0.2)

div_out_richness?2

## Brillouin Diversity Index
div_out_brillouinil <-
allocate.diversity(data = data, names = "genotypes”,

group = "Cluster”,
qualitative = traits,
method = "div.log",
div.fun = div_fun_brillouin, metric = "pooled”,
size = 0.2)

div_out_brillouini

div_out_brillouin2 <-
allocate.diversity(data = data, names = "genotypes",

group = "Cluster”,
qualitative = traits,
method = "div.log",
div.fun = div_fun_brillouin, metric = "mean",
size = 0.2)

div_out_brillouin2

## Margalef's richness Index
div_out_margalef1 <-
allocate.diversity(data = data, names = "genotypes",
group = "Cluster”,
qualitative = traits,
method = "div.log",

div.fun = div_fun_margalef, metric = "pooled”,
size = 0.2)
div_out_margalef1
div_out_margalef2 <-
allocate.diversity(data = data, names = "genotypes",
group = "Cluster”,

qualitative = traits,
method = "div.log",

div.fun = div_fun_margalef, metric = "mean”,
size = 0.2)

div_out_margalef?2

#

# Diversity allocation & Square root

#

## Shannon-Weaver Diversity Index
dist_sqrt_out_shannonl <-
allocate.diversity(data = data, names = "genotypes",
group = "Cluster”,
qualitative = traits,



allocate.diversity

method = "div.sqrt”,
div.index = "shannon", metric = "pooled”,
size = 0.2)

dist_sqrt_out_shannoni

dist_sqrt_out_shannon2 <-
allocate.diversity(data = data, names = "genotypes”,

group = "Cluster”,
qualitative = traits,
method = "div.sqrt”,
div.index = "shannon", metric = "mean"”,
size = 0.2)

dist_sqrt_out_shannon2

## Gini-Simpson Index
dist_sqrt_out_simpsonl <-
allocate.diversity(data = data, names = "genotypes",

group = "Cluster”,
qualitative = traits,
method = "div.sqrt”,
div.index = "simpson”, metric = "pooled”,
size = 0.2)

dist_sqrt_out_simpsoni

dist_sqrt_out_simpson2 <-
allocate.diversity(data = data, names = "genotypes",

group = "Cluster”,
qualitative = traits,
method = "div.sqrt”,
div.index = "simpson”, metric = "mean”,
size = 0.2)

dist_sqrt_out_simpson?2

## McIntosh Diversity Index
dist_sqrt_out_mcintoshl <-
allocate.diversity(data = data, names = "genotypes”,

group = "Cluster”,
qualitative = traits,
method = "div.sqrt”,
div.index = "mcintosh”, metric = "pooled”,
size = 0.2)

dist_sqrt_out_mcintosh1

dist_sqrt_out_mcintosh2 <-
allocate.diversity(data = data, names = "genotypes”,

group = "Cluster”,
qualitative = traits,
method = "div.sqrt”,
div.index = "mcintosh”, metric = "mean”,
size = 0.2)

dist_sqrt_out_mcintosh2

## Richness
div_out_richnessl <-
allocate.diversity(data = data, names = "genotypes",
group = "Cluster”,
qualitative = traits,
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method = "div.sqrt”,
div.index = "richness”, metric = "pooled”,
size = 0.2)

div_out_richnessi

div_out_richness2 <-
allocate.diversity(data = data, names = "genotypes”,

group = "Cluster”,
qualitative = traits,
method = "div.sqrt”,
div.index = "richness”, metric = "mean”,
size = 0.2)

div_out_richness2

## Brillouin Diversity Index
div_out_brillouinl <-
allocate.diversity(data = data, names = "genotypes",
group = "Cluster”,
qualitative = traits,
method = "div.sqrt”,

div.fun = div_fun_brillouin, metric = "pooled”,
size = 0.2)
div_out_brillouinl
div_out_brillouin2 <-
allocate.diversity(data = data, names = "genotypes”,
group = "Cluster”,

qualitative = traits,
method = "div.sqrt”,
div.fun = div_fun_brillouin, metric = "mean”,
size = 0.2)
div_out_brillouin2

## Margalef's richness Index
div_out_margalefl <-
allocate.diversity(data = data, names = "genotypes”,

group = "Cluster”,
qualitative = traits,
method = "div.sqrt”,
div.fun = div_fun_margalef, metric = "pooled”,
size = 0.2)

div_out_margalef1

div_out_margalef2 <-
allocate.diversity(data = data, names = "genotypes”,

group = "Cluster”,
qualitative = traits,
method = "div.sqrt”,
div.fun = div_fun_margalef, metric = "mean”,
size = 0.2)

div_out_margalef?2

cassava_EC_gp

cassava_EC_gp IITA Cassava Germplasm Data - Entire Collection
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Description

An example germplasm characterisation data of a subset of IITA Cassava collection (International
Institute of Tropical Agriculture et al. 2019). Includes data on 26 (out of 62) descriptors for 1684
(out of 2170) accessions. The data has been partitioned into 6 clusters by hierarchial clustering. It
is used to demonstrate the various functions of SampleCore package.

Usage

data(cassava_EC_gp)

Format
A data frame with 59 columns:

CUAL Colour of unexpanded apical leaves

LNGS Length of stipules

PTLC Petiole colour

DSTA Distribution of anthocyanin

LFRT Leaf retention

LBTEF Level of branching at the end of flowering
CBTR Colour of boiled tuberous root

NMLB Number of levels of branching

ANGB Angle of branching

CUALI9M Colours of unexpanded apical leaves at 9 months
LVCIM Leaf vein colour at 9 months

TNPRIM Total number of plants remaining per accession at 9 months
PLIM Petiole length at 9 months

STRP Storage root peduncle

STRC Storage root constrictions

PSTR Position of root

NMSR Number of storage root per plant

TTRN Total root number per plant

TFWSR Total fresh weight of storage root per plant
TTRW Total root weight per plant

TFWSS Total fresh weight of storage shoot per plant
TTSW Total shoot weight per plant

TTPW Total plant weight

AVPW Average plant weight

ARSR Amount of rotted storage root per plant
SRDM Storage root dry matter

Cluster The cluster to which the accessions belong identified by hierarchial clustering

Details

Further details on how the example dataset was built from the original data is available online. The
details of how the clusters were identified are also available online.


https://aravind-j.github.io/EvaluateCore/articles/additional/Example_Core_Data.html
https://aravind-j.github.io/SampleCore/articles/additional/Example_Clustered_Data.html
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References

International Institute of Tropical Agriculture, Benjamin F, Marimagne T (2019). “Cassava mor-
phological characterization. Version 2018.1.”

See Also

cassava_EC

Examples

data(cassava_EC_gp)
summary (cassava_EC_gp)

quant <- c(”NMSR”, "TTRN”, "TFWSR”, "TTRW", "TFWSS”, "TTSW", "TTPW", "AVPW",
"ARSR", "SRDM")

qual <- c("CUAL”, "LNGS", "PTLC", "DSTA", "LFRT”, "LBTEF", "CBTR", "NMLB",
"ANGB”, "CUALOM”, "LVCOM", "TNPR9OM", "PLOM", "STRP", "STRC",
"PSTR")

lapply(seq_along(cassava_EC_gp[, quall),
function(i) barplot(table(cassava_EC_gp[, qualll, il),
xlab = names(cassava_EC_gp[, quall)[il))

lapply(seg_along(cassava_EC_gp[, quantl),
function(i) hist(table(cassava_EC_gp[, quant]l[, il),
xlab = names(cassava_EC_gp[, quant])[i],
main = ""))

plot_dist Plot a distance matrix as a 2D projection

Description

Reduces a distance matrix to two dimensions using Classical MDS, Isotonic MDS, or t-SNE, and
returns a ggplot2 scatter plot in which proximity reflects similarity. Points can optionally be high-
lighted or split into facet panels by group.

Usage
plot_dist(
d,
method = c("cmds”, "isomds"”, "tsne"),
highlight = NULL,
gp = NULL,

point.alpha = 0.8
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Arguments

d

method

highlight

gp

point.alpha

Value
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A distance matrix of class dist. Labels must be set (i.e. labels(d) must not
be NULL). Duplicate labels are not permitted.

Character string specifying the dimensionality-reduction method. One of:

"cmds" Classical (metric) Multidimensional Scaling via cmdscale. This is the
default.

"isomds"” Non-metric (isotonic) MDS via isoMDS. Automatically falls back to
"cmds"” with a message when n < 3.

"tsne" t-distributed Stochastic Neighbour Embedding via Rtsne. Perplexity is
set automatically to min(3@, floor((n-1) / 3)).

Optional character vector of labels to highlight in the plot. Matching identifiers
are plotted in red; all others in black. NULL (default) disables highlighting. Every
value must be present in labels(d).

Optional named character vector mapping labels to group names (names(gp) =
labels, values = group names). When supplied, the plot is split into one facet
panel per group via facet_wrap. The set of names must match labels(d)
exactly. NULL (default) produces a single panel.

Alpha transparency value for points.

A ggplot object. The plot can be further customised with standard ggplot2 additions before print-

ing or saving.

See Also

cmdscale, isoMDS, Rtsne, ggplot

Examples

# Basic usage with the built-in eurodist dataset
plot_dist(eurodist)

# Non-metric MDS with two highlighted cities
plot_dist(eurodist, method = "isomds”,
highlight = c("Madrid”, "Rome"))

# Classical MDS split by a user-defined grouping
regions <-
c(Athens = "South”, Barcelona = "South”, Brussels = "North”,

Calais = "North”, Cherbourg = "North”, Cologne = "North",
Copenhagen = "North"”, Geneva = "South”, Gibraltar = "South"”,
Hamburg = "North"”, “Hook of Holland™ = "North", Lisbon = "South”,
Lyons = "South”, Madrid = "South”, Marseilles = "South”,
Milan = "South”, Munich = "North”, Paris = "North",
Rome = "South”, Stockholm = "North”, Vienna = "North")

plot_dist(eurodist, method = "cmds”, gp = regions,
highlight = c("Madrid”, "Cherbourg”, "Rome", "Brussels"))



34 select.distance

select.distance Selection of Entries from Clusters/Groups on the basis of Genetic Dis-
tances

Description

Select entries from cluster/groups in the entire collection by genetic distance based sampling ac-
cording to allocation specified.

Usage

select.distance(

data,

names,

group,

alloc,

dist.mat,

always.selected = NULL,

method = c("mean.medoid”, "median.medoid"”, "nearest.centroid”, "nearest.median”,
"mean.peripheral”, "median.peripheral”, "eccentricity”, "farness.centrality”,
"kennard.stone", "duplex”, "honigs", "farthest.point”, "nearest.neighbour"”, "naes”,

"optim.medoid”, "hclust.random”, "hclust.medoid"),
hclust.method = c("average”, "single”, "complete”, "ward.D", "mcquitty”, "median”,
"centroid”, "ward.D2")
)
Arguments
data The data as a data frame object. The data frame should possess one row per
individual and columns with the individual names and multiple trait/character
data.
names Name of column with the accession names as a character string.
group Name of column with the accession group/cluster names as a character string.
alloc A named numeric vector specifying the number of entries to be selected. Names
should correspond to the levels of the ""group” column, and values indicate the
number of elements to be selected from each level.
dist.mat A precomputed distance matrix of distance measures between the accessions in

data.
always.selected
Names of accessions to be always included in the core set as a character vector.

method The method for sampling accessions from each cluster/group. Either "mean.medoid”,

non

"median.medoid"”, "nearest.centroid”, "nearest.median"”, "mean.peripheral”,

n on

"median.peripheral”, "eccentricity”, "farness.centrality”, "kennard.stone"”,
n n n n n n

"duplex”, "honigs", "farthest.point”, "nearest.neighbour”, "naes”, "optim.medoid",
"hclust.random” or "hclust.medoid”. See Methods.

hclust.method The hierarchical clustering method to be used. Either "ward.D"”, "ward.D2",
"single”, "complete”, "average"” (= UPGMA), "mcquitty” (= WPGMA),
"median” (= WPGMC) or "centroid” (= UPGMC).



select.distance 35

Details
For each cluster/group, entries are selected by several methods from within-cluster/group genetic
distances between accessions according to the allocation provided (See Methods).

Entries listed as always. selected are mandatorily included in the selection. Warnings are issued if
requested allocation is smaller than the number of always-selected entries in a cluster/group and/or
when the cluster/group does not contain enough remaining entries to fulfill the allocation.

Value

A named list where each element contains the selected entry identifiers for a cluster/group.

Methods

Centrality Based Methods:
Selects accessions that are most representative/closest to the cluster/group center.

Medoid-like Representative Sampling by Minimal Mean Distance: Selects medoid-like repre-
sentatives as accessions with the smallest average distance to all others within the group (Kauf-
man and Rousseeuw 1987; Kaufman and Rousseeuw 1990).

For each accession g, the mean distance to all other accessions h is computed as:

- 1 &
dg = a Z dgn
h=1
Accessions are ranked by Jg in ascending order and the top n are selected.

Medoid-like Representative Sampling by Minimal Median Distance:

Selects medoid-like representatives as accessions with the smallest median distance to all others
within the group. This method is less influenced by outliers (Kaufman and Rousseeuw 1987;
Kaufman and Rousseeuw 1990).

For each accession g, the median distance to all other accessions & is computed as:

dy = median,—1 . c(dgn)
Accessions are ranked by cig in ascending order and the top n are selected.

Representative Sampling by Proximity to Group Centroid: Selects accessions closest to the
group centroid in principal coordinate space, computed via multivariate dispersion analysis us-
ing betadisper (Anderson 2006; Anderson et al. 2006).

The distance of each accession g to the group centroid C' in PCoA space is:

bg = [lpg — cll
Where pg is the PCoA coordinate vector of accession g and c is the group centroid. Accessions

are ranked by 4, in ascending order and the top n are selected.

Representative Sampling by Proximity to Group Spatial Median: Selects accessions closest to
the group spatial median in principal coordinate space, computed via multivariate dispersion
analysis using betadisper (O’Neill and Mathews 2000).

The distance of each accession g to the group spatial median M is:

0y = [[pg — m||

where m is the spatial median of the group in PCoA space. Accessions are ranked by 47 in
ascending order and the top n are selected.
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Peripheral/Extremity Based Methods:
Selects accessions that are most dissimilar from the rest in a cluster/group i.e. the accessions
which are in the boundary or outliers.

Peripheral Sampling by Maximal Mean Distance: Selects the most peripheral accessions as
those with the largest average distance to all others within the group (Kaufman and Rousseeuw
1987; Kaufman and Rousseeuw 1990).

_ 1 G
dg:@;dgh

Accessions are ranked by czg in descending order and the top n are selected.

Peripheral Sampling by Maximal Median Distance: Selects the most peripheral accessions as
those with the largest median distance to all others within the group (Kaufman and Rousseeuw
1987; Kaufman and Rousseeuw 1990).

dy = median,—1 . c(dgn)
Accessions are ranked by czg in descending order and the top n are selected.

Peripheral Sampling by Maximal Eccentricity: Selects accessions with the largest eccentricity
— the maximum distance to any other accession in the group (Hage and Harary 1995).

€g =  Inax dgn

Accessions are ranked by e, in descending order and the top n are selected. Eccentricity cap-
tures the worst-case dissimilarity of an accession rather than its average behaviour.

Peripheral Sampling by Maximal Farness Centrality: Selects accessions with the greatest total
distance to all others, i.e. those most remote from the rest of the group (Sabidussi 1966).

G
jbzzzzz:dgh
h=1

Accessions are ranked by f, in descending order and the top n are selected. Farness centrality
is proportional to d, and differs from mean.peripheral only in that it uses the raw sum rather
than the mean, producing identical rankings.

Space-Filling/Coverage Methods:
Select accessions that are spread maximally across the feature space in a cluster/group i.e. diver-
sity sampling.

Space-Filling Sampling via the Kennard-Stone Algorithm: Selects n accessions that maximally
and uniformly cover the distance space via the Kennard-Stone algorithm (Kennard and Stone
1969) (See kenStone).

Starting from the pair of accessions with the largest pairwise distance:

{91, 92} = argmaxdy,
g,h

each subsequent accession gy, is selected by maximising its minimum distance to the already-
selected set S:

g = argmax min dg,
g¢S ses

This greedy procedure ensures even space coverage without relying on cluster structure.
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Space-Filling Sampling via the DUPLEX Algorithm: Extends the Kennard-Stone algorithm
to simultaneously construct a model set and a test set with similar distributions (Kennard and
Stone 1969; Snee 1977) (duplex). Accessions are selected using Mahalanobis distance:

dar(g.h) =\ (xg = x0) TS (x5 — %)

where ¥ is the covariance matrix. At each step, the pair maximising dj; is split alternately
between model and test sets, ensuring both sets span the full feature space.

Space-Filling Sampling via the Honigs Algorithm: Selects n accessions sequentially by max-
imising dissimilarity to the already-selected set (Honigs et al. 1985) (honigs)

At each step k, the accession g;, maximising total distance to all previously selected accessions
S is chosen:

gk = arg max Z dgs
9¢S ses
This favours accessions that are collectively most dissimilar to the current selection, producing
broad coverage of the distance space.

Space-Filling Sampling via Farthest-Point (Max-Min) Algorithm: Selects n accessions by iter-
atively maximising the minimum distance to the current selected set — also known as the max-
min or farthest-point sampling algorithm (Gonzalez 1985; Dyer and Frieze 1985; Hochbaum
and Shmoys 1985).

gr, = argmaxmindg,
g¢s ses

This is equivalent to Kennard-Stone but without the symmetric initialisation step. It provides a
deterministic, greedy approximation to the k-centre problem:

min  maxmindgs
SCG,|S|=n geG seS
Density Based Methods:
Select points based on local neighbourhood density.

Density-Based Sampling by Minimal Nearest-Neighbour Distance: Selects accessions resid-
ing in the densest regions of the distance space, identified as those with the smallest nearest-
neighbour distance (Cover and Hart 1967; Fix and Hodges 1989).

For each accession g, the nearest-neighbour distance is:

nn, = mind,p
9= Ny
Accessions are ranked by nn, in ascending order and the top n are selected. Small nng indicates
that g resides in a dense cluster; this method preferentially samples from high-density regions.

Cluster Based Methods:

These methods partition the cluster/group space into sub-clusters/groups, then samples from each
one.

Globally Optimal Medoid Sampling via Partitioning Around Medoids (PAM):

Selects a set of n medoids that jointly minimise the total distance of every accession to its nearest
medoid, via pam.

The objective function minimised is:
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G
min min dg,
SCG,|S|=n s€S
g=1
Unlike "mean.medoid”, medoids are co-optimised as a set, ensuring they collectively represent
the full distribution of the group rather than independently scoring each accession.

Cluster-Based Sampling via K-means (Naes Method): Partitions accessions into n clusters via
k-means applied to the distance matrix (See naes), then selects the accession closest to each
cluster centre as the representative (Naes 1987; Naes et al. 2017).

The k-means objective minimised is:

n
: 2
min > dg,,
k=1g€eC}

where C}; is the k-th cluster and py is its centre. One representative per cluster is returned,
ensuring broad, partition-aware coverage.

Cluster-Based Sampling via Hierarchical Clustering with Random Selection: Partitions ac-
cessions into n clusters by cutting a hierarchical clustering dendrogram at height £ = n, then
randomly samples one accession from each cluster (Ward 1963; Li et al. 2002).

The dendrogram is built by agglomerative hierarchical clustering using the linkage criterion
specified by hclust. For clusters C1,...,C,, one accession is drawn uniformly at random
from each:

g ~ Uniform(Cy), k=1,...,n
This introduces stochasticity within a structured partition, balancing coverage with randomness.

Cluster-Based Sampling via Hierarchical Clustering with Medoid Selection: Partitions acces-
sions into n clusters by cutting a hierarchical clustering dendrogram at height £ = n, then selects
the within-cluster medoid as the representative of each cluster (Kaufman and Rousseeuw 1987;
Ward 1963).

For each cluster C}, the medoid is the accession minimising total within-cluster distance:

This combines the structured partitioning of hierarchical clustering with deterministic, centrality-
based representative selection.
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See Also
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Examples
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#
# Prepare example data

m

#

library(cluster)
library(ggplot2)

data(cassava_EC_gp)

set.seed(123)
data <- cassava_EC_gp[sample(1:nrow(cassava_EC_gp), 500), ]

quant <- c(”NMSR", "TTRN", "TFWSR", "TTRW"”, "TFWSS", "TTSW", "TTPW", "AVPW",
"ARSR", "SRDM")

qual <- c("CUAL", "LNGS", "PTLC", "DSTA", "LFRT", "LBTEF"”, "CBTR", "NMLB",
"ANGB"”, "CUALOM", "LVCOM", "TNPROM", "PLOM", "STRP", "STRC",
"PSTR")

data[, qual] <- lapply(datal, quall, as.factor)

# Get the Gower's distance matrix
dist_matrix <- daisy(x = data[, c(qual, quant)],
metric = "gower")

data <- cbind(genotypes = rownames(data), data)
row.names(data) <- NULL

# Prepare inputs
counts <- ¢(I = 16, II = 15, III =9, IV =18, V = 20, VI = 8)

mand_accns <-
c("TMe-2018", "TMe-801", "TMe-3191", "TMe-1830", "TMe-1790")

gp_vec <- setNames(as.character(datal[, "Cluster”"]), datal, "genotypes"])

i

#+
# Fetch selected accessions by centrality based methods
#

# Medoid-like Representative Sampling by Minimal Mean Distance
sel_mean_medoid_out <-
select.distance(data = data, names = "genotypes”,
group = "Cluster”, alloc = counts,
dist.mat = dist_matrix,
always.selected = mand_accns,
method = "mean.medoid")
sel_mean_medoid_out

plot_dist(d = dist_matrix, method = "isomds”,
gp = gp-_vec,
highlight = unlist(sel_mean_medoid_out,
use.names = FALSE)) +
labs(title = "mean.medoid")

# Medoid-like Representative Sampling by Minimal Median Distance
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sel_median_medoid_out <-
select.distance(data = data, names = "genotypes”,
group = "Cluster”, alloc = counts,
dist.mat = dist_matrix,
always.selected = mand_accns,
method = "median.medoid”)
sel_median_medoid_out

plot_dist(d = dist_matrix, method = "isomds”,
gp = gp-vec,
highlight = wunlist(sel_median_medoid_out,
use.names = FALSE)) +
labs(title = "median.medoid")

# Representative Sampling by Proximity to Group Centroid
sel_group_centroid_out <-
select.distance(data = data, names = "genotypes”,

group = "Cluster”, alloc = counts,
dist.mat = dist_matrix,
always.selected = mand_accns,
method = "nearest.centroid”)

sel_group_centroid_out

plot_dist(d = dist_matrix, method = "isomds”,
gp = gp-_vec,
highlight = wunlist(sel_group_centroid_out,
use.names = FALSE)) +
labs(title = "nearest.centroid”)

# Representative Sampling by Proximity to Group Spatial Median
sel_group_median_out <-
select.distance(data = data, names = "genotypes”,

group = "Cluster”, alloc = counts,

dist.mat = dist_matrix,

always.selected = mand_accns,

method = "nearest.median”)
sel_group_median_out

plot_dist(d = dist_matrix, method = "isomds”,
gp = gp-_vec,
highlight = unlist(sel_group_median_out,
use.names = FALSE)) +

labs(title = "nearest.median”)
#
# Fetch selected accessions by peripheral/extremity based methods
#

# Peripheral Sampling by Maximal Mean Distance
sel_mean_peripheral_out <-
select.distance(data = data, names = "genotypes”,

group = "Cluster”, alloc = counts,
dist.mat = dist_matrix,
always.selected = mand_accns,
method = "mean.peripheral”)

sel_mean_peripheral_out
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plot_dist(d = dist_matrix, method = "isomds”,
gp = gp_vec,
highlight = unlist(sel_mean_peripheral_out,
use.names = FALSE)) +
labs(title = "mean.peripheral”)

# Peripheral Sampling by Maximal Median Distance
sel_median_peripheral_out <-
select.distance(data = data, names = "genotypes”,

group = "Cluster”, alloc = counts,
dist.mat = dist_matrix,
always.selected = mand_accns,
method = "median.peripheral)

sel_median_peripheral_out

plot_dist(d = dist_matrix, method = "isomds”,
gp = gp_vec,
highlight = unlist(sel_median_peripheral_out,
use.names = FALSE)) +
labs(title = "median.peripheral”)

# Peripheral Sampling by Maximal Eccentricity
sel_eccentricity_out <-
select.distance(data = data, names = "genotypes”,

group = "Cluster”, alloc = counts,
dist.mat = dist_matrix,
always.selected = mand_accns,
method = "eccentricity"”)

sel_eccentricity_out

plot_dist(d = dist_matrix, method = "isomds”,
gp = gp_vec,
highlight = unlist(sel_eccentricity_out,
use.names = FALSE)) +
labs(title = "eccentricity"”)

# Peripheral Sampling by Maximal Farness Centrality
sel_far_cent_out <-
select.distance(data = data, names = "genotypes”,

group = "Cluster”, alloc = counts,
dist.mat = dist_matrix,
always.selected = mand_accns,
method = "farness.centrality”)

sel_far_cent_out

plot_dist(d = dist_matrix, method = "isomds”,
gp = gp_vec,
highlight = unlist(sel_far_cent_out,
use.names = FALSE)) +
labs(title = "farness.centrality”)

select.distance

#
# Fetch selected accessions by space-Filling/coverage methods

#

# Space-Filling Sampling via the Kennard-Stone Algorithm
sel_ks_out <-
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select.distance(data = data, names = "genotypes”,
group = "Cluster”, alloc = counts,
dist.mat = dist_matrix,
always.selected = mand_accns,
method = "kennard.stone")
sel_ks_out

plot_dist(d = dist_matrix, method = "isomds”,
gp = gp_vec,
highlight = unlist(sel_ks_out,
use.names = FALSE)) +
labs(title = "kennard.stone")

# Space-Filling Sampling via the DUPLEX Algorithm
sel_duplex_out <-
select.distance(data = data, names = "genotypes”,

group = "Cluster”, alloc = counts,
dist.mat = dist_matrix,
always.selected = mand_accns,
method = "duplex")

sel_duplex_out

plot_dist(d = dist_matrix, method = "isomds"”,
gp = gp_vec,
highlight = wunlist(sel_duplex_out,
use.names = FALSE)) +
labs(title = "duplex”)

# Space-Filling Sampling via the Honigs Algorithm
sel_honigs_out <-
select.distance(data = data, names = "genotypes”,

group = "Cluster”, alloc = counts,
dist.mat = dist_matrix,
always.selected = mand_accns,
method = "honigs")

sel_honigs_out

plot_dist(d = dist_matrix, method = "isomds”,
gp = gp_vec,
highlight = wunlist(sel_honigs_out,
use.names = FALSE)) +
labs(title = "honigs")

# Space-Filling Sampling via Farthest-Point (Max-Min) Algorithm
sel_far_pt_out <-
select.distance(data = data, names = "genotypes”,
group = "Cluster”, alloc = counts,
dist.mat = dist_matrix,
always.selected = mand_accns,
method = "farthest.point"”)
sel_far_pt_out

plot_dist(d = dist_matrix, method = "isomds”,
gp = gp-vec,
highlight = wunlist(sel_far_pt_out,
use.names = FALSE)) +
labs(title = "farthest.point"”)

43
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#
# Fetch selected accessions by density based methods

#

# Density-Based Sampling by Minimal Nearest-Neighbour Distance

sel_nn_out <-
select.distance(data = data, names = "genotypes”,
group = "Cluster”, alloc = counts,
dist.mat = dist_matrix,
always.selected = mand_accns,
method = "nearest.neighbour")
sel_nn_out

plot_dist(d = dist_matrix, method = "isomds”,
gp = gp-_vec,
highlight = wunlist(sel_nn_out,
use.names = FALSE)) +
labs(title = "nearest.neighbour")

#
# Fetch selected accessions by cluster based methods

#

# Globally Optimal Medoid Sampling via Partitioning Around Medoids (PAM)

sel_pam_out <-
select.distance(data = data, names = "genotypes”,
group = "Cluster”, alloc = counts,
dist.mat = dist_matrix,
always.selected = mand_accns,
method = "optim.medoid")
sel_pam_out

plot_dist(d = dist_matrix, method = "isomds”,
gp = gp_vec,
highlight = unlist(sel_pam_out,
use.names = FALSE)) +
labs(title = "optim.medoid")

# Cluster-Based Sampling via K-means (Naes Method)
sel_naes_out <-
select.distance(data = data, names = "genotypes”,

group = "Cluster”, alloc = counts,
dist.mat = dist_matrix,
always.selected = mand_accns,
method = "naes”)

sel_naes_out

plot_dist(d = dist_matrix, method = "isomds”,
gp = gp_vec,
highlight = unlist(sel_naes_out,
use.names = FALSE)) +
labs(title = "naes")

# Cluster-Based Sampling via Hierarchical Clustering with

## UPGMA

Random Selection
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sel_hclust_random_out1 <-
select.distance(data = data, names = "genotypes”,

group = "Cluster”, alloc = counts,
dist.mat = dist_matrix,
always.selected = mand_accns,
method = "hclust.random"”,
hclust.method = "average")

sel_hclust_random_out1

plot_dist(d = dist_matrix, method = "isomds”,
gp = gp_vec,
highlight = unlist(sel_hclust_random_out1,
use.names = FALSE)) +
labs(title = "hclust.random”, subtitle = "average")

## Single-linkage
sel_hclust_random_out2 <-
select.distance(data = data, names = "genotypes”,

group = "Cluster”, alloc = counts,
dist.mat = dist_matrix,
always.selected = mand_accns,
method = "hclust.random”,
hclust.method = "single")

sel_hclust_random_out?2

plot_dist(d = dist_matrix, method = "isomds"”,
gp = gp_vec,
highlight = wunlist(sel_hclust_random_out2,
use.names = FALSE)) +
labs(title = "hclust.random”, subtitle = "single”)

## Complete-linkage
sel_hclust_random_out3 <-
select.distance(data = data, names = "genotypes”,

group = "Cluster”, alloc = counts,
dist.mat = dist_matrix,
always.selected = mand_accns,
method = "hclust.random"”,
hclust.method = "complete”)

sel_hclust_random_out3

plot_dist(d = dist_matrix, method = "isomds”,
gp = gp_vec,
highlight = unlist(sel_hclust_random_out3,
use.names = FALSE)) +
labs(title = "hclust.random”, subtitle = "complete”)

## Ward's D
sel_hclust_random_out4 <-
select.distance(data = data, names = "genotypes”,

group = "Cluster”, alloc = counts,
dist.mat = dist_matrix,
always.selected = mand_accns,
method = "hclust.random”,
hclust.method = "ward.D")

sel_hclust_random_out4
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plot_dist(d = dist_matrix, method = "isomds”,
gp = gp_vec,
highlight = unlist(sel_hclust_random_out4,
use.names = FALSE)) +
labs(title = "hclust.random”, subtitle = "ward.D")

## WPGMA
sel_hclust_random_out5 <-
select.distance(data = data, names = "genotypes”,

group = "Cluster”, alloc = counts,
dist.mat = dist_matrix,
always.selected = mand_accns,
method = "hclust.random”,
hclust.method = "mcquitty”)

sel_hclust_random_out5

plot_dist(d = dist_matrix, method = "isomds"”,
gp = gp_vec,
highlight = unlist(sel_hclust_random_out5,
use.names = FALSE)) +
labs(title = "hclust.random”, subtitle = "mcquitty”)

## WPGMC
sel_hclust_random_out6 <-
select.distance(data = data, names = "genotypes”,

group = "Cluster”, alloc = counts,
dist.mat = dist_matrix,
always.selected = mand_accns,
method = "hclust.random”,
hclust.method = "median")

sel_hclust_random_out6

plot_dist(d = dist_matrix, method = "isomds”,
gp = gp_vec,
highlight = unlist(sel_hclust_random_out6,
use.names = FALSE)) +
labs(title = "hclust.random”, subtitle = "median”)

## UPGMC
sel_hclust_random_out7 <-
select.distance(data = data, names = "genotypes”,

group = "Cluster”, alloc = counts,
dist.mat = dist_matrix,
always.selected = mand_accns,
method = "hclust.random"”,
hclust.method = "centroid”)

sel_hclust_random_out7

plot_dist(d = dist_matrix, method = "isomds”,
gp = gp_vec,
highlight = unlist(sel_hclust_random_out7,
use.names = FALSE)) +
labs(title = "hclust.random”, subtitle = "centroid")

## Ward's D2
sel_hclust_random_out8 <-
select.distance(data = data, names = "genotypes”,

select.distance
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group = "Cluster”, alloc = counts,

dist.mat = dist_matrix,

always.selected = mand_accns,

method = "hclust.random”,

hclust.method = "ward.D2")
sel_hclust_random_out8

plot_dist(d = dist_matrix, method = "isomds”,
gp = gp_vec,
highlight = unlist(sel_hclust_random_out8,
use.names = FALSE)) +
labs(title = "hclust.random”, subtitle = "ward.D2")

# Cluster-Based Sampling via Hierarchical Clustering with Medoid

## UPGMA
sel_hclust_medoid_outl <-
select.distance(data = data, names = "genotypes”,

group = "Cluster”, alloc = counts,
dist.mat = dist_matrix,
always.selected = mand_accns,
method = "hclust.medoid”,
hclust.method = "average")

sel_hclust_medoid_out1

plot_dist(d = dist_matrix, method = "isomds"”,
gp = gp_vec,
highlight = wunlist(sel_hclust_medoid_outl,
use.names = FALSE)) +
labs(title = "hclust.medoid”, subtitle = "average")

## Single-linkage
sel_hclust_medoid_out2 <-
select.distance(data = data, names = "genotypes”,

group = "Cluster”, alloc = counts,
dist.mat = dist_matrix,
always.selected = mand_accns,
method = "hclust.medoid"”,
hclust.method = "single")

sel_hclust_medoid_out2

plot_dist(d = dist_matrix, method = "isomds”,
gp = gp_vec,
highlight = unlist(sel_hclust_medoid_out2,
use.names = FALSE)) +
labs(title = "hclust.medoid”, subtitle = "single")

## Complete-linkage
sel_hclust_medoid_out3 <-
select.distance(data = data, names = "genotypes”,

group = "Cluster”, alloc = counts,
dist.mat = dist_matrix,
always.selected = mand_accns,
method = "hclust.medoid"”,
hclust.method = "complete”)

sel_hclust_medoid_out3

Selection
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select.distance

plot_dist(d = dist_matrix, method = "isomds”,
gp = gp_vec,
highlight = unlist(sel_hclust_medoid_out3,
use.names = FALSE)) +
labs(title = "hclust.medoid”, subtitle = "complete”)

## Ward's D
sel_hclust_medoid_out4 <-
select.distance(data = data, names = "genotypes”,

group = "Cluster”, alloc = counts,
dist.mat = dist_matrix,
always.selected = mand_accns,
method = "hclust.medoid"”,
hclust.method = "ward.D")

sel_hclust_medoid_out4

plot_dist(d = dist_matrix, method = "isomds"”,
gp = gp_vec,
highlight = unlist(sel_hclust_medoid_out4,
use.names = FALSE)) +
labs(title = "hclust.medoid”, subtitle = "ward.D")

## WPGMA
sel_hclust_medoid_out5 <-
select.distance(data = data, names = "genotypes”,

group = "Cluster”, alloc = counts,
dist.mat = dist_matrix,
always.selected = mand_accns,
method = "hclust.medoid”,
hclust.method = "mcquitty”)

sel_hclust_medoid_out5

plot_dist(d = dist_matrix, method = "isomds”,
gp = gp-_vec,
highlight = unlist(sel_hclust_medoid_out5,
use.names = FALSE)) +
labs(title = "hclust.medoid”, subtitle = "mcquitty”)

## WPGMC
sel_hclust_medoid_out6 <-
select.distance(data = data, names = "genotypes”,

group = "Cluster”, alloc = counts,
dist.mat = dist_matrix,
always.selected = mand_accns,
method = "hclust.medoid"”,
hclust.method = "median”)

sel_hclust_medoid_out6

plot_dist(d = dist_matrix, method = "isomds”,
gp = gp_vec,
highlight = unlist(sel_hclust_medoid_out6,
use.names = FALSE)) +
labs(title = "hclust.medoid”, subtitle = "median”)

## UPGMC
sel_hclust_medoid_out7 <-
select.distance(data = data, names = "genotypes”,
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group = "Cluster”, alloc = counts,

dist.mat = dist_matrix,

always.selected = mand_accns,

method = "hclust.medoid"”,

hclust.method = "centroid”)
sel_hclust_medoid_out7

plot_dist(d = dist_matrix, method = "isomds”,
gp = gp_vec,
highlight = wunlist(sel_hclust_medoid_out7,
use.names = FALSE)) +
labs(title = "hclust.medoid”, subtitle = "centroid")

## Ward's D2
sel_hclust_medoid_out8 <-
select.distance(data = data, names = "genotypes”,

group = "Cluster”, alloc = counts,
dist.mat = dist_matrix,
always.selected = mand_accns,
method = "hclust.medoid”,
hclust.method = "ward.D2")

sel_hclust_medoid_out8

plot_dist(d = dist_matrix, method = "isomds”,
gp = gp-_vec,
highlight = wunlist(sel_hclust_medoid_out8,
use.names = FALSE)) +
labs(title = "hclust.medoid"”, subtitle = "ward.D2")

select.diversity Selection of Entries from Clusters/Groups on the basis of Optimized
Diversity

Description

Select entries from cluster/groups in the entire collection which form a subset with the highest trait
diversity according to a either pooled or mean diversity index estimate.

Usage

select.diversity(
data,
names,
group,
alloc,
qualitative,
always.selected = NULL,
div.index = c("richness"”, "shannon”, "simpson"”, "mcintosh”),
shannon.base = exp(1),
div.fun = NULL,
metric = c("mean”, "pooled"),
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search = c("random”, "greedy"),

local.search = c("best.improvement”, "first.improvement"),
n.iter = 1000,

max.iter = 30

)
Arguments

data The data as a data frame object. The data frame should possess one row per
individual and columns with the individual names and multiple trait/character
data.

names Name of column with the accession names as a character string.

group Name of column with the accession group/cluster names as a character string.

alloc A named numeric vector specifying the number of entries to be selected. Names
should correspond to the levels of the ""group” column, and values indicate the
number of elements to be selected from each level.

qualitative Name of columns with the qualitative traits as a character vector.

always.selected
Names of accessions to be always included in the core set as a character vector.

div.index The diversity index to be used to estimate within cluster/group diversity.

shannon.base The logarithm base to be used for estimation of Shannon diversity index. Default
is exp(1).

div.fun A function to estimate diversity index from a factor vector of qualitative trait
data.

metric The metric to be computed from the diversity index. Either "pooled” or "mean”.

search Character string specifying the search strategy used to find the subset with the

highest diversity score. Either "random” (default) or "greedy” (See Details).

local.search  Character string specifying the local search strategy used in the 1-opt improve-
ment phase of the greedy search (search = "greedy"). Either "best. improvement”
(default) or "first.improvement”. Ignored when search = "random”.

n.iter Integer specifying the number of random candidate subsets generated per group
to optimze the diversity for random search (search = "random").
max.iter The maximum number of 1-opt passes for greedy search (search = "greedy").
Details

To identify subsets with highest diversity estimates, the following strategies are available. These
strategies are similar to the "Maximization" or M strategy of Schoen and Brown (1993).

Random search / Monte Carlo Method: For each cluster/group, multiple candidate subsets
are sampled randomly and the subset with the highest trait diversity according to either pooled
or mean diversity index estimate is retained. The quality of the solution improves with increas-
ing n.iter but is not guaranteed to find the global optimum (Anatoly Zhigljavsky and Antanas
Zilinskas 2008).

Greedy search with 1-opt: This method builds a solution incrementally by adding the accession
that maximises the diversity score at each step, starting from the always. selected accessions (or
a single randomly drawn accession when there are no accessions specified in always. selected)
present in the particular cluster/group (Nemhauser et al. 1978; Fisher et al. 1978; Cormen et al.
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2022). The ’greedy’ solution is then refined by a 1-opt local search controlled by local.search
and max.iter (Lin 1965). Greedy search is deterministic given a fixed always.selected set;
when there are no accessions specified in always. selected present in the particular cluster/group
results may vary across runs due to the random initialisation.

local.search = "best.improvement"” scans all possible single swaps in each pass and applies
the one yielding the greatest improvement before restarting. his guarantees the steepest ascent
at each pass but requires evaluating all & x (n — k) swap pairs per pass, where k is the number
of swappable accessions and n — k is the size of the candidate pool (Papadimitriou and Steiglitz
1998).

local.search = "first.improvement” applies the first swap that improves the score and imme-
diately restarts the search. This typically requires fewer score evaluations per pass and converges
faster, but may find a different local optimum than "best.improvement” (Papadimitriou and
Steiglitz 1998).

Both strategies terminate when no improving swap exists (local optimum) or when max.iter
passes have been completed.

Entries listed as always. selected are mandatorily included in the selection. Warnings are issued if
requested allocation is smaller than the number of always-selected entries in a cluster/group and/or
when the cluster/group does not contain enough remaining entries to fulfill the allocation.

Value

A named list where each element contains the selected entry identifiers for a cluster/group.

References
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See Also

select.random, select.distance
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Examples

#
# Prepare example data
#

library(cluster)
library(ggplot2)

data(cassava_EC_gp)

set.seed(123)
cassava_EC_gp <- cassava_EC_gp[sample(1:nrow(cassava_EC_gp), 500), ]

data <- cbind(genotypes = rownames(cassava_EC_gp), cassava_EC_gp)

quant <- c(”"NMSR", "TTRN", "TFWSR", "TTRW"”, "TFWSS"”, "TTSW", "TTPW", "AVPW",
"ARSR", "SRDM")

qual <- c("CUAL", "LNGS", "PTLC", "DSTA", "LFRT", "LBTEF"”, "CBTR", "NMLB",
"ANGB"”, "CUAL9M", "LVCOM", "TNPROM", "PL9M", "STRP", "STRC”,
"PSTR")

# Convert qualitative data columns to factor
data[, qual] <- lapply(datal, quall, as.factor)

# Convert quantitative data columns to qualitative scores
quant_to_score5 <- function(x) {

brks <- unique( quantile(x,
probs = seq(@, 1, 0.2),
na.rm = TRUE))

cut(x, breaks = brks,
include.lowest = TRUE,
labels = seqg_len(length(brks) - 1))
3

datal[, quant] <- lapply(datal, quant], quant_to_score5)
traits <- c(quant, qual)

# Prepare inputs
counts <- ¢(I = 31, II = 31, III =18, IV = 35, V = 40, VI = 17)

mand_accns <-
c("TMe-2018", "TMe-801", "TMe-3191", "TMe-1830", "TMe-1790")

# Get distance matrix - Only for visualization

# Convert qualitative data columns to factor
cassava_EC_gp[, qual] <- lapply(cassava_EC_gp[, quall, as.factor)

# Standardise quantitative data column

cassava_EC_gp[, quant] <- lapply(cassava_EC_gp[, quant], function(x) {
scale(x)[, 1]

»

gp_vec <- setNames(as.character(datal, "Cluster”"]), datal, "genotypes"])
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#

Get the Gower's distance matrix

dist_matrix <- daisy(x = cassava_EC_gp[, c(qual, quant)],

m

metric = "gower")

#
#
#

Custom Diversity functions

div_fun_brillouin <- function(x) {

}

n <- tabulate(x)

n <- n[n > @]

N <= sum(n)

if (N<=1){
return(0)

}
(lgamma(N + 1) - sum(lgamma(n + 1)))/N

div_fun_margalef <- function(x) {

tab <- tabulate(x)
tab <- tab[tab > 0]
S <- length(tab)

N <- length(x)

if (N<=1){
return(Q)

}

(S - 1)/log(N)

#

# Random search

#

# Mean richness
randomsel_mean_richness <-

select.diversity(data = data, names = "genotypes”, group = "Cluster”,
alloc = counts, qualitative = traits,
always.selected = mand_accns, div.index = "richness”,
metric = "mean”, search = "random”, local.search = NULL,
n.iter = 50)

randomsel_mean_richness

plot_dist(d = dist_matrix, method = "isomds”,

gp = gp_vec,
highlight = unlist(randomsel_mean_richness,
use.names = FALSE)) +
labs(title = "Random search”, subtitle = "Mean richness")
# Pooled richness
randomsel_sum_richness <-
select.diversity(data = data, names = "genotypes”, group = "Cluster”,
alloc = counts, qualitative = traits,
always.selected = mand_accns, div.index = "richness”,
metric = "pooled”, search = "random”, local.search = NULL,

n.iter = 50)

53



54

select.diversity

randomsel_sum_richness

plot_dist(d = dist_matrix, method = "isomds”,

gp = gp-_vec,
highlight = wunlist(randomsel_sum_richness,
use.names = FALSE)) +
labs(title = "Random search”, subtitle = "Pooled richness")

# Mean Shannon-Weaver diversity index
randomsel_mean_shannon <-

select.diversity(data = data, names = "genotypes”, group = "Cluster”,
alloc = counts, qualitative = traits,
always.selected = mand_accns, div.index = "shannon”,
metric = "mean”, search = "random”, local.search = NULL,
n.iter = 50)

randomsel_mean_shannon

plot_dist(d = dist_matrix, method = "isomds”,
gp = gp-_vec,
highlight = wunlist(randomsel_mean_shannon,
use.names = FALSE)) +
labs(title = "Random search”,
subtitle = "Mean Shannon-Weaver diversity index")

# Pooled Shannon-Weaver diversity index
randomsel_sum_shannon <-

select.diversity(data = data, names = "genotypes”, group = "Cluster”,
alloc = counts, qualitative = traits,
always.selected = mand_accns, div.index = "shannon",
metric = "pooled”, search = "random”, local.search = NULL,
n.iter = 50)

randomsel_sum_shannon

plot_dist(d = dist_matrix, method = "isomds”,

gp = gp_vec,
highlight = unlist(randomsel_sum_shannon,
use.names = FALSE)) +
labs(title = "Random search”,
subtitle = "Pooled Shannon-Weaver diversity index")

# Mean Gini-Simpson diversity index
randomsel_mean_simpson <-

select.diversity(data = data, names = "genotypes”, group = "Cluster”,
alloc = counts, qualitative = traits,
always.selected = mand_accns, div.index = "simpson”,
metric = "mean”, search = "random”, local.search = NULL,
n.iter = 50)

randomsel_mean_simpson

plot_dist(d = dist_matrix, method = "isomds”,
gp = gp-vec,
highlight = wunlist(randomsel_mean_simpson,
use.names = FALSE)) +
labs(title = "Random search”,
subtitle = "Mean Gini-Simpson diversity index")

# Pooled Gini-Simpson diversity index
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randomsel_sum_simpson <-

select.diversity(data = data, names = "genotypes”, group = "Cluster”,
alloc = counts, qualitative = traits,
always.selected = mand_accns, div.index = "simpson”,
metric = "pooled”, search = "random”, local.search = NULL,
n.iter = 50)

randomsel_sum_simpson

plot_dist(d = dist_matrix, method = "isomds”,
gp = gp-vec,
highlight = unlist(randomsel_sum_simpson,
use.names = FALSE)) +
labs(title = "Random search”,
subtitle = "Pooled Gini-Simpson diversity index")

# Mean McIntosh diversity index
randomsel_mean_mcintosh <-
select.diversity(data = data, names = "genotypes”, group = "Cluster”,
alloc = counts, qualitative = traits,

always.selected = mand_accns, div.index = "mcintosh”,
metric = "pooled”, search = "random”, local.search = NULL,
n.iter = 50)

randomsel_mean_mcintosh

plot_dist(d = dist_matrix, method = "isomds”,
gp = gp_vec,
highlight = unlist(randomsel_mean_mcintosh,
use.names = FALSE)) +
labs(title = "Random search”,
subtitle = "Mean McIntosh diversity index")

# Pooled McIntosh diversity index
randomsel_sum_mcintosh <-

select.diversity(data = data, names = "genotypes”, group = "Cluster”,
alloc = counts, qualitative = traits,
always.selected = mand_accns, div.index = "mcintosh”
metric = "pooled”, search = "random”, local.search = NULL,
n.iter = 50)

randomsel_sum_mcintosh

plot_dist(d = dist_matrix, method = "isomds”,

gp = gp_vec,
highlight = wunlist(randomsel_sum_mcintosh,
use.names = FALSE)) +
labs(title = "Random search”,

subtitle = "Pooled McIntosh diversity index")

# Mean Brillouin diversity index
randomsel_mean_brillouin <-
select.diversity(data = data, names = "genotypes”, group = "Cluster”,
alloc = counts, qualitative = traits,

always.selected = mand_accns, div.fun = div_fun_brillouin,
metric = "mean”, search = "random”, local.search = NULL,

n.iter = 50)
randomsel_mean_brillouin

plot_dist(d = dist_matrix, method = "isomds”,
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gp = gp-_vec,
highlight = wunlist(randomsel_mean_brillouin,
use.names = FALSE)) +
labs(title = "Random search”,
subtitle = "Mean Brillouin diversity index")

# Pooled Brillouin diversity index
randomsel_sum_brillouin <-
select.diversity(data = data, names = "genotypes”, group = "Cluster”,

alloc = counts, qualitative = traits,
always.selected = mand_accns, div.fun = div_fun_brillouin,
metric = "pooled”, search = "random”, local.search = NULL,
n.iter = 50)

randomsel_sum_brillouin

plot_dist(d = dist_matrix, method = "isomds”,
gp = gp_vec,
highlight = unlist(randomsel_sum_brillouin,
use.names = FALSE)) +
labs(title = "Random search”,
subtitle = "Pooled Brillouin diversity index")

# Mean Margalef's richness index
randomsel_mean_margalef <-
select.diversity(data = data, names = "genotypes”, group = "Cluster”,

alloc = counts, qualitative = traits,
always.selected = mand_accns, div.fun = div_fun_margalef,
metric = "mean”, search = "random”, local.search = NULL,
n.iter = 50)

randomsel_mean_margalef

plot_dist(d = dist_matrix, method = "isomds”,
gp = gp-_vec,
highlight = unlist(randomsel_mean_margalef,
use.names = FALSE)) +
labs(title = "Random search”,
subtitle = "Mean Margalef's diversity index")

# Pooled Margalef's richness index
randomsel_sum_margalef <-
select.diversity(data = data, names = "genotypes”, group = "Cluster”,

alloc = counts, qualitative = traits,
always.selected = mand_accns, div.fun = div_fun_margalef,
metric = "pooled”, search = "random”, local.search = NULL,
n.iter = 50)

randomsel_sum_margalef

plot_dist(d = dist_matrix, method = "isomds”,

gp = gp_vec,

highlight = unlist(randomsel_sum_margalef,

use.names = FALSE)) +
labs(title = "Random search”,
subtitle = "Pooled Margalef's diversity index")

#
# Greedy search with 1-opt best improvement
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#

# Mean richness
greedysel_best_mean_richness <-
select.diversity(data = data, names = "genotypes”, group
alloc = counts, qualitative = traits,

always.selected = mand_accns, div.index =
metric = "mean”, search = "greedy”,
local.search = "best.improvement” ,max.iter

greedysel_best_mean_richness

plot_dist(d = dist_matrix, method = "isomds”,
gp = gp-_vec,
highlight = wunlist(greedysel_best_mean_richness,
use.names = FALSE)) +
labs(title = "Greed search | 1-opt best improvement”,
subtitle = "Mean richness")

# Pooled richness
greedysel_best_sum_richness <-
select.diversity(data = data, names = "genotypes”, group
alloc = counts, qualitative = traits,

always.selected = mand_accns, div.index =
metric = "pooled”, search = "greedy",
local.search = "best.improvement” max.iter

greedysel_best_sum_richness

plot_dist(d = dist_matrix, method = "isomds”,
gp = gp_vec,
highlight = unlist(greedysel_best_sum_richness,
use.names = FALSE)) +
labs(title = "Greed search | 1-opt best improvement”,
subtitle = "Pooled richness”)

# Mean Shannon-Weaver diversity index
greedysel_best_mean_shannon <-
select.diversity(data = data, names = "genotypes"”, group
alloc = counts, qualitative = traits,

always.selected = mand_accns, div.index =
metric = "mean”, search = "greedy”,
local.search = "best.improvement” ,max.iter

greedysel_best_mean_shannon

plot_dist(d = dist_matrix, method = "isomds”,
gp = gp_vec,
highlight = wunlist(greedysel_best_mean_shannon,
use.names = FALSE)) +
labs(title = "Greed search | 1-opt best improvement”,
subtitle = "Mean Shannon-Weaver diversity index")

# Pooled Shannon-Weaver diversity index
greedysel_best_sum_shannon <-
select.diversity(data = data, names = "genotypes”, group
alloc = counts, qualitative = traits,

always.selected = mand_accns, div.index =
metric = "pooled”, search = "greedy",
local.search = "best.improvement” ,max.iter

"Cluster”,
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= 3)

"Cluster”,
"richness”,

:3)

"Cluster”,

"shannon",

:3)
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:3)
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greedysel_best_sum_shannon

plot_dist(d = dist_matrix, method = "isomds”,
gp = gp-_vec,
highlight = unlist(greedysel_best_sum_shannon,
use.names = FALSE)) +
labs(title = "Greed search | 1-opt best improvement”,
subtitle = "Pooled Shannon-Weaver diversity index")

# Mean Gini-Simpson diversity index
greedysel_best_mean_simpson <-

select.diversity(data = data, names = "genotypes”, group = "Cluster”,
alloc = counts, qualitative = traits,
always.selected = mand_accns, div.index = "simpson”,
metric = "mean”, search = "greedy”,
local.search = "best.improvement” ,max.iter = 3)

greedysel_best_mean_simpson

plot_dist(d = dist_matrix, method = "isomds”,
gp = gp_vec,
highlight = unlist(greedysel_best_mean_simpson,
use.names = FALSE)) +
labs(title = "Greed search | 1-opt best improvement”,
subtitle = "Mean Gini-Simpson diversity index")

# Pooled Gini-Simpson diversity index
greedysel_best_sum_simpson <-

select.diversity(data = data, names = "genotypes”, group = "Cluster”,
alloc = counts, qualitative = traits,
always.selected = mand_accns, div.index = "simpson”,
metric = "pooled”, search = "greedy",
local.search = "best.improvement” max.iter = 3)

greedysel_best_sum_simpson

plot_dist(d = dist_matrix, method = "isomds”,
gp = gp-_vec,
highlight = unlist(greedysel_best_sum_simpson,
use.names = FALSE)) +
labs(title = "Greed search | 1-opt best improvement”,
subtitle = "Pooled Gini-Simpson diversity index")

# Mean McIntosh diversity index
greedysel_best_mean_mcintosh <-

select.diversity(data = data, names = "genotypes”, group = "Cluster”,
alloc = counts, qualitative = traits,
always.selected = mand_accns, div.index = "mcintosh”,
metric = "pooled”, search = "greedy",
local.search = "best.improvement”,max.iter = 3)

greedysel_best_mean_mcintosh

plot_dist(d = dist_matrix, method = "isomds”,
gp = gp-_vec,
highlight = unlist(greedysel_best_mean_mcintosh,
use.names = FALSE)) +
labs(title = "Greed search | 1-opt best improvement”,
subtitle = "Mean McIntosh diversity index")
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# Pooled McIntosh diversity index
greedysel_best_sum_mcintosh <-

select.diversity(data = data, names = "genotypes”, group = "Cluster”,
alloc = counts, qualitative = traits,
always.selected = mand_accns, div.index = "mcintosh”,
metric = "pooled”, search = "greedy",
local.search = "best.improvement” ,max.iter = 3)

greedysel_best_sum_mcintosh

plot_dist(d = dist_matrix, method = "isomds”,
gp = gp_vec,
highlight = unlist(greedysel_best_sum_mcintosh,
use.names = FALSE)) +
labs(title = "Greed search | 1-opt best improvement”,
subtitle = "Pooled McIntosh diversity index")

# Mean Brillouin diversity index
greedysel_best_mean_brillouin <-
select.diversity(data = data, names = "genotypes”, group = "Cluster”,

alloc = counts, qualitative = traits,
always.selected = mand_accns,
div.fun = div_fun_brillouin,
metric = "mean”, search = "greedy",
local.search = "best.improvement” ,max.iter = 3)

greedysel_best_mean_brillouin

plot_dist(d = dist_matrix, method = "isomds”,
gp = gp-_vec,
highlight = wunlist(greedysel_best_mean_brillouin,
use.names = FALSE)) +
labs(title = "Greed search | 1-opt best improvement”,
subtitle = "Mean Brillouin diversity index")

# Pooled Brillouin diversity index
greedysel_best_sum_brillouin <-
select.diversity(data = data, names = "genotypes”, group = "Cluster”,

alloc = counts, qualitative = traits,
always.selected = mand_accns,
div.fun = div_fun_brillouin,
metric = "pooled”, search = "greedy",
local.search = "best.improvement”,max.iter = 3)

greedysel_best_sum_brillouin

plot_dist(d = dist_matrix, method = "isomds”,
gp = gp_vec,
highlight = unlist(greedysel_best_sum_brillouin,
use.names = FALSE)) +
labs(title = "Greed search | 1-opt best improvement”,
subtitle = "Pooled Brillouin diversity index")

# Mean Margalef's richness index
greedysel_best_mean_margalef <-
select.diversity(data = data, names = "genotypes”, group = "Cluster”,
alloc = counts, qualitative = traits,
always.selected = mand_accns,
div.fun = div_fun_margalef,
metric = "mean”, search = "greedy”,
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local.search = "best.improvement” ,max.iter = 3)
greedysel_best_mean_margalef

plot_dist(d = dist_matrix, method = "isomds”,
gp = gp_vec,
highlight = unlist(greedysel_best_mean_margalef,
use.names = FALSE)) +
labs(title = "Greed search | 1-opt best improvement”,
subtitle = "Mean Margalef's diversity index")

# Pooled Margalef's richness index
greedysel_best_sum_margalef <-
select.diversity(data = data, names = "genotypes”, group = "Cluster”,

alloc = counts, qualitative = traits,
always.selected = mand_accns,
div.fun = div_fun_margalef,
metric = "pooled”, search = "greedy",
local.search = "best.improvement”,max.iter = 3)

greedysel_best_sum_margalef

plot_dist(d = dist_matrix, method = "isomds”,
gp = gp-_vec,
highlight = wunlist(greedysel_best_sum_margalef,
use.names = FALSE)) +
labs(title = "Greed search | 1-opt best improvement”,
subtitle = "Pooled Margalef's diversity index")

#
# Greedy search with 1-opt first improvement
#

# Mean richness
greedysel_first_mean_richness <-

select.diversity(data = data, names = "genotypes”, group = "Cluster”,
alloc = counts, qualitative = traits,
always.selected = mand_accns, div.index = "richness”,
metric = "mean”, search = "greedy”,
local.search = "first.improvement”,max.iter = 3)

greedysel_first_mean_richness

plot_dist(d = dist_matrix, method = "isomds”,
gp = gp_vec,
highlight = wunlist(greedysel_first_mean_richness,
use.names = FALSE)) +
labs(title = "Greed search | 1-opt first improvement”,
subtitle = "Mean richness")

# Pooled richness
greedysel_first_sum_richness <-

select.diversity(data = data, names = "genotypes”, group = "Cluster”,
alloc = counts, qualitative = traits,
always.selected = mand_accns, div.index = "richness”,
metric = "pooled”, search = "greedy",
local.search = "first.improvement” ,max.iter = 3)

greedysel_first_sum_richness

plot_dist(d = dist_matrix, method = "isomds”,
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gp = gp-_vec,
highlight = wunlist(greedysel_first_sum_richness,
use.names = FALSE)) +
labs(title = "Greed search | 1-opt first improvement”,
subtitle = "Pooled richness")

# Mean Shannon-Weaver diversity index
greedysel_first_mean_shannon <-

select.diversity(data = data, names = "genotypes”, group = "Cluster”,
alloc = counts, qualitative = traits,
always.selected = mand_accns, div.index = "shannon",
metric = "mean”, search = "greedy”,
local.search = "first.improvement” ,max.iter = 3)

greedysel_first_mean_shannon

plot_dist(d = dist_matrix, method = "isomds”,
gp = gp_vec,
highlight = unlist(greedysel_first_mean_shannon,
use.names = FALSE)) +
labs(title = "Greed search | 1-opt first improvement”,
subtitle = "Mean Shannon-Weaver diversity index")

# Pooled Shannon-Weaver diversity index
greedysel_first_sum_shannon <-

select.diversity(data = data, names = "genotypes”, group = "Cluster”,
alloc = counts, qualitative = traits,
always.selected = mand_accns, div.index = "shannon"”,
metric = "pooled”, search = "greedy",
local.search = "first.improvement” max.iter = 3)

greedysel_first_sum_shannon

plot_dist(d = dist_matrix, method = "isomds"”,
gp = gp_vec,
highlight = unlist(greedysel_first_sum_shannon,
use.names = FALSE)) +
labs(title = "Greed search | 1-opt first improvement”,
subtitle = "Pooled Shannon-Weaver diversity index")

# Mean Gini-Simpson diversity index
greedysel_first_mean_simpson <-

select.diversity(data = data, names = "genotypes”, group = "Cluster”,
alloc = counts, qualitative = traits,
always.selected = mand_accns, div.index = "simpson”,
metric = "mean”, search = "greedy”,
local.search = "first.improvement” ,max.iter = 3)

greedysel_first_mean_simpson

plot_dist(d = dist_matrix, method = "isomds”,
gp = gp-_vec,
highlight = unlist(greedysel_first_mean_simpson,
use.names = FALSE)) +
labs(title = "Greed search | 1-opt first improvement”,
subtitle = "Mean Gini-Simpson diversity index")

# Pooled Gini-Simpson diversity index
greedysel_first_sum_simpson <-
select.diversity(data = data, names = "genotypes”, group = "Cluster”,
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alloc = counts, qualitative = traits,

always.selected = mand_accns, div.index = "simpson”,
metric = "pooled”, search = "greedy",
local.search = "first.improvement” ,max.iter = 3)

greedysel_first_sum_simpson

plot_dist(d = dist_matrix, method = "isomds”,
gp = gp_vec,
highlight = unlist(greedysel_first_sum_simpson,
use.names = FALSE)) +
labs(title = "Greed search | 1-opt first improvement”,
subtitle = "Pooled Gini-Simpson diversity index")

# Mean McIntosh diversity index
greedysel_first_mean_mcintosh <-

select.diversity(data = data, names = "genotypes”, group = "Cluster”,
alloc = counts, qualitative = traits,
always.selected = mand_accns, div.index = "mcintosh”,
metric = "pooled”, search = "greedy",
local.search = "first.improvement” ,max.iter = 3)

greedysel_first_mean_mcintosh

plot_dist(d = dist_matrix, method = "isomds"”,
gp = gp_vec,
highlight = unlist(greedysel_first_mean_mcintosh,
use.names = FALSE)) +
labs(title = "Greed search | 1-opt first improvement”,
subtitle = "Mean McIntosh diversity index")

# Pooled McIntosh diversity index
greedysel_first_sum_mcintosh <-

select.diversity(data = data, names = "genotypes”, group = "Cluster”,
alloc = counts, qualitative = traits,
always.selected = mand_accns, div.index = "mcintosh”,
metric = "pooled”, search = "greedy",
local.search = "first.improvement” ,max.iter = 3)

greedysel_first_sum_mcintosh

plot_dist(d = dist_matrix, method = "isomds”,
gp = gp-_vec,
highlight = unlist(greedysel_first_sum_mcintosh,
use.names = FALSE)) +
labs(title = "Greed search | 1-opt first improvement”,
subtitle = "Pooled McIntosh diversity index")

# Mean Brillouin diversity index
greedysel_first_mean_brillouin <-
select.diversity(data = data, names = "genotypes”, group = "Cluster”,

alloc = counts, qualitative = traits,
always.selected = mand_accns,
div.fun = div_fun_brillouin,
metric = "mean”, search = "greedy”,
local.search = "first.improvement” ,max.iter = 3)

greedysel_first_mean_brillouin

plot_dist(d = dist_matrix, method = "isomds”,
gp = gp-vec,
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highlight = unlist(greedysel_first_mean_brillouin,
use.names = FALSE)) +
labs(title = "Greed search | 1-opt first improvement”,
subtitle = "Mean Brillouin diversity index")

# Pooled Brillouin diversity index
greedysel_first_sum_brillouin <-
select.diversity(data = data, names = "genotypes”, group = "Cluster”,

alloc = counts, qualitative = traits,
always.selected = mand_accns,
div.fun = div_fun_brillouin,
metric = "pooled”, search = "greedy",
local.search = "first.improvement” ,max.iter = 3)

greedysel_first_sum_brillouin

plot_dist(d = dist_matrix, method = "isomds”,
gp = gp_vec,
highlight = unlist(greedysel_first_sum_brillouin,
use.names = FALSE)) +
labs(title = "Greed search | 1-opt first improvement”,
subtitle = "Pooled Brillouin diversity index")

# Mean Margalef's richness index
greedysel_first_mean_margalef <-
select.diversity(data = data, names = "genotypes”, group = "Cluster”,

alloc = counts, qualitative = traits,
always.selected = mand_accns,
div.fun = div_fun_margalef,
metric = "mean”, search = "greedy”,
local.search = "first.improvement” ,max.iter = 3)

greedysel_first_mean_margalef

plot_dist(d = dist_matrix, method = "isomds”,
gp = gp-_vec,
highlight = unlist(greedysel_first_mean_margalef,
use.names = FALSE)) +
labs(title = "Greed search | 1-opt first improvement”,
subtitle = "Mean Margalef's richness index")

# Pooled Margalef's richness index
greedysel_first_sum_margalef <-
select.diversity(data = data, names = "genotypes”, group = "Cluster”,

alloc = counts, qualitative = traits,
always.selected = mand_accns,
div.fun = div_fun_margalef,
metric = "pooled”, search = "greedy",
local.search = "first.improvement”,max.iter = 3)

greedysel_first_sum_margalef

plot_dist(d = dist_matrix, method = "isomds”,
gp = gp_vec,
highlight = unlist(greedysel_first_sum_margalef,
use.names = FALSE)) +
labs(title = "Greed search | 1-opt first improvement”,
subtitle = "Pooled Margalef's richness index")
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select.random

Selection of Entries from Clusters/Groups by Random Sampling

Description

Select entries from cluster/groups in the entire collection by random sampling according to alloca-

tion specified.

Usage

select.random(data, names, group, alloc, always.selected = NULL)

Arguments

data

names
group

alloc

always.selected

Details

The data as a data frame object. The data frame should possess one row per
individual and columns with the individual names and multiple trait/character
data.

Name of column with the accession names as a character string.
Name of column with the accession group/cluster names as a character string.

A named numeric vector specifying the number of entries to be selected. Names
should correspond to the levels of the ""group” column, and values indicate the
number of elements to be selected from each level.

Names of accessions to be always included in the core set as a character vector.

For each cluster/group entries are selected randomly according to the allocation provided (Brown
1989; Brown and van Hintum 2000). Entries listed as always. selected are mandatorily included
in the selection. Warnings are issued if requested allocation is smaller than the number of always-
selected entries in a cluster/group and/or when the cluster/group does not contain enough remaining
entries to fulfill the allocation.

Value

A named list where each element contains the selected entry identifiers for a cluster/group.

References

Brown AHD (1989). “Core collections: A practical approach to genetic resources management.”
Genome, 31(2), 818-824.

Brown AHD, van Hintum TJL (2000). Core Collections of Plant Genetic Resources. Bioversity
International. ISBN 92-9043-454-6.

See Also

select.distance, select.diversity
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Examples

library(cluster)

# Get data
data(cassava_EC_gp)

set.seed(123)
cassava_EC_gp <- cassava_EC_gp[sample(1:nrow(cassava_EC_gp), 500), ]

data <- cbind(genotypes = rownames(cassava_EC_gp), cassava_EC_gp)
row.names(data) <- NULL

# Prepare inputs
counts <- c¢(I = 31, II = 31, III =18, IV =35, V =40, VI =17)

mand_accns <-
c("TMe-2018", "TMe-801", "TMe-3191", "TMe-1830", "TMe-1790")

# Specify the seed
set.seed(123)

# Fetch selected accessions
sel_random_out <-
select.random(data = data, names = "genotypes"”,
group = "Cluster”, alloc = counts,
always.selected = mand_accns)

sel_random_out

# Get distance matrix - Only for visualization

quant <- c(”NMSR"”, "TTRN", "TFWSR", "TTRW", "TFWSS", "TTSW", "TTPW",
"AVPW", "ARSR", "SRDM")

qual <- c("CUAL", "LNGS", "PTLC", "DSTA", "LFRT", "LBTEF", "CBTR", "NMLB",
"ANGB"”, "CUALOM", "LVCOM", "TNPROM", "PLOM", "STRP", "STRC",
"PSTR")

# Convert qualitative data columns to factor
cassava_EC_gp[, qual] <- lapply(cassava_EC_gp[, quall, as.factor)

# Standardise quantitative data column

cassava_EC_gp[, quant] <- lapply(cassava_EC_gp[, quant], function(x) {
scale(x)[, 1]

»

gp_vec <- setNames(as.character(datal[, "Cluster”]), datal, "genotypes"])

# Get the Gower's distance matrix
dist_matrix <- daisy(x = cassava_EC_gp[, c(qual, quant)],
metric = "gower")

plot_dist(d = dist_matrix, method = "isomds”,

gp = gp_vec,
highlight = wunlist(sel_random_out, use.names = FALSE))
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