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ABSTRACT The classical Isomap is the most common unsupervised nonlinear manifold method and widely
being used in visualizations and dimension reductions. However, when it applied to real-world datasets,
it shows shortcomings for the shortest path between all pairs of data points, which are based on the nearest
neighborhood G graph via the Dijkstra algorithm, which makes it a very time-consuming step. The other
critical problem is the classical Isomap has a lack of topological stability on the nearest neighborhood G
graph. In this paper, we propose a novel technique called the FastIsomapVis for the above problems of
the classical Isomap. The FastIsomapVis uses hierarchal divide, conquer, and combine approach through
two algorithms, which are randomized division tree (KD-tree) and Dijkstra Buckets Double (DKD). The
primary aim of the FastIsomapVis is to increase the efficiency and accuracy of the graph. This research
paper focuses on transforming the high dimensional datasets into a low dimensional Isomap visualization.
The FastlsomapVis makes it easy to construct an accurate K nearest neighborhood G graph and scale high
dimensional data points into low dimensional space. Our proposed method is compared to the classical
Isomap to verify its effectiveness and provide highly authentic results of the high dimensional datasets. The

finding of the current study shows that our proposed method is much fastened than classical Isomap.

INDEX TERMS FastIsomapVis, manifold learning, Isomap, dimensionality reduction, visualization.

L. INTRODUCTION . .
Information visualization is an emerging research area, which

helps users in sense-making, investigation, and representa-
tion from analysis results and original data [1]. Traditional
visualization techniques have proved their effectiveness for
small and intermediate-sized data, but their application to big
data is challenging. For example, the visualization of scatter
plots, network diagrams, and heat maps requires the data
to be placed out. The information becomes computationally
unmanageable when it has numerous dimensions, and many
data points are large. In many fields of research, such as
data mining, machine learning, computer vision, information
visualization [2]-[4], and the information visualization com-
munity [5]-[7], there is an urgent requirement to discover a
representation of low-dimensional data to high dimensional
data [8].

In the process of dimensionality reduction, the most critical
point is not to affect the inherent framework of the large,
high-dimensional data; for instance, it is important to keep
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dissimilar datasets far apart and similar datasets closer to each
other, in the low dimensional space [9]. The machine learning
technique provides dimensionality reduction, accompanied
by minimal information loss.

Dimensionality reduction techniques consist of linear and
nonlinear methods. The linear techniques can execute the
high dimensional data point transformation into a low dimen-
sional data point as a linear variable. The nonlinear methods
can only use the nonlinear variables, with the representation
of low dimensional and high dimensional data points, and get
the calculating distance between the original nonlinear data
points [8], [10].

In recent years, much more attention has been given to
the great importance of studying nonlinear manifold learning
dimension reduction and visualization [11], [12]. Manifold
learning is a technique of nonlinear dimension reduction.
Manifold learning provides the methods for nonlinear meth-
ods, which is based on the several information theory of the
dimensionality sets [8].

The implementation of linear methods is usually incom-
plete because the information of high dimensional mostly lies
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on or near a nonlinear low-dimensional manifold [4], [9].
While the implementation of nonlinear methods is perfect
mainly for local and global structures of high dimensional
datasets, for that reason, we have chosen a nonlinear Classical
Isomap method [13], which is the most popular technique of
nonlinear manifold learning method. The basic idea of clas-
sical Isomap is a variant of Multidimensional Scaling (MDS)
metric and maps the high dimensional data into low
dimensional space. MDS calculates approximate geodesic
distances between the data points instead of Euclidean dis-
tances (lines 1-4). Given the N data points and D dis-
tance matrix, classical Isomap executes the representation
of the shortest eigenvalues of the distance D matrix. The
geodesic distances between neighboring points are approx-
imated (lines 3-6 in the algorithm below) by input-space
distance. The geodesic distances for faraway points [14]
are calculated as the shortest paths in a neighborhood G
graph (line 7). The resulting geodesic distances are contained
in the feature matrix F, which is processed by MDS to
transform into low dimensional space Y [15]. The Isomap
time complexity is based on the iterative process. Therefore,
the time complexity of Isomap is O(N?), where N is the
number of data points. The basic Isomap algorithm is given
below:

Algorithm 1: Classical Isomap

Data: K: number of nearest neighbor, and the data
points N
Result: Y (data transformed into low dimensional space)
Duxn < Pairwise Distance (V)
Guxn < 00
for (x; € A) do

KNN <« KNN (x;, N, K)

for (x; € KNN) do

| Gij <Di;
end
Fnxn <—All PairsShortestPaths(G)

Y <MDS(F)
end

return Y

In our motive, we have attended the problem of the clas-
sical Isomap algorithm. The main problem in the classical
Isomap algorithm is the lack of topological stability in the
neighborhood G graph [16], [17]. Choi and Choi [18] pro-
posed the method for outliers, noises, and a lack of topolog-
ical stability problems, such as the Robust Kernel Isomap
method. They reduced the effects of outliers based on the
topological structure with the help of network flow. They also
proposed the kernel Isomap algorithm for lack of topological
stability issues. This method can maintain the topological
stability while addressing the noises and outliers. Moreover,
Yousafet al. [8] proposed the FastIsomap method for high
computational cost and topological stability in the G neigh-
borhood graph problems. This method used two algorithms,
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such as KD-tree and NN-Descent, and reduced the high com-
putational cost of the KNN graph.

For the shortest path problem, Hong-Yuan et al. [19]
proposed the Multi-Class Multi-Manifold-Isomap (MCMM-
ISOMAP) and Isomap for classification ISOMAP-C). The
MCMM-ISOMAP and ISOMAP-C and an improved Isomap
method based on the Dijkstra algorithm with method
Fibonacci Heap (Fib-Dij) have been proposed to over-
come the shortest path problem [14], [20], e.g., by remov-
ing the nearest neighboring graphs G of the neighborhood
graph or by removing large data points in the shortest
path algorithm [14], [18]-[20], which can severely affect
the classical Isomap graph [21]. Lei et al. [22] proposed a
greedy approximated algorithm of Minimum Set Coverage
(MSC) [23] for the shortest path and MDS problems. This
method uses a few subsets of overlapping neighborhoods for
high and large dimensional datasets that closely lies in a low
dimensional space.

Moreover, a critical flaw of the classical I[somap algorithm
is that it is very slow due to the dependency on the shortest
path algorithm. This means that such a classical Isomap
technique can rarely be applied to datasets with millions of
data points and hundreds of dimensions. Thus, the classical
Isomap algorithm is only used for global datasets and still
far from generating authentic results of high dimensional
datasets.

In this paper, we proposed a novel approach, known as
the FastIsomapVis method, to deal with the above issues.
The FastIsomapVis method is based on the divide, conquer,
and combined approach. In the ’divide’ step, we use the
randomized KD-tree building algorithm to handle incorrect-
link problems. In the conquer’ step, we use the DKD algo-
rithm to solve the shortest path problem. In the ’combine’
step, we have to calculate the overall accuracy of the Fastl-
somap Vis method by using the KD-tree search method. The
FastlsomapVis method not only use an effective algorithm
to K nearest neighbor graph (KNN) construction at high
accuracy, but it also use Randomized KD-tree method [24]
to merge the subgraph data and purify the data graph with the
DKD technique.

A detailed description of the techniques and algorithms is
given in section 3. The FastIsomapVis method maintains the
shape of the graph in the low dimensional space and also
keeps dissimilar data points far away, and similar data points
close to each other. The FastIsomapVis method is also much
faster than classical Isomap.

Moreover, the FastIsomapVis method produces accurate
results for millions of data points, on hundreds of dimen-
sions, while reducing the time complexity of the data points.
Although an approximated KNN graph can be efficiently
built, there is no research data available on how the perfor-
mance of graph-based search techniques will be affected if
we use an approximated KNN graph instead of an exact KNN
graph and DKD instead of the Dijkstra algorithm. In recent
years, no such type of method has been used for the classical
Isomap algorithm.
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The rest of the paper is organized as follows. In Section 2,
we give brief details of the classical Isomap, an approxima-
tion to the nearest neighbor search (ANN), and K nearest
neighbor (KNN). In Section 3, we propose the FastIsomap Vis
method for large-scale and high-dimensional datasets with
divide, conquer, and combined approach. In Section 4,
we describe the experimental results on two large-scale
datasets. Finally, in section 5, the paper is concluded.

Il. RELATED WORK

There are limited visualization techniques that can be used
meaningfully for millions of high-dimensional data points
in the 2D domain. In most visualizations of large datasets,
we have to draft an overview or make a rough collection
of the data and time-polish the subsection of the datasets
if the user zooms in [25]. Visualization is the primary
source of exploratory graph analysis (EGA). It includes
the development of suitable types of visual representations
(like node-link diagrams and matrixes), which provide useful
visual attribute mapping and well-organized placement of the
graphical element on the screen [2]-[4]. Available visualiza-
tion tools are designed for geography, network, and sensor
data: it is questionable whether they can deal with large-
scaled dimensional data. In recent years, machine learning
has become capable of handling the problems of visualization
of high-dimensional data. Our work follows the strategies
of the LargeVis method, in which we first construct a KNN
graph and then visualize this graph in a 2D space [9].

A. DIMENSION REDUCTION

The main emphasis in dimensionality reduction is on basic
pattern findings and reducing repetitions. It can also be used
for feature extraction, machine learning, and data visual-
ization. The dimension reduction method reduces the data
dimensionality with minimal information loss and executing
the evaluation.

The major challenge of dimension reduction is to preserve
the intrinsic structure of the information and to perform the
reshaping with minor data loss. Moreover, a dimensional
reduction technique consists of two categories, including lin-
ear or nonlinear methods. The principal linear methods are
Principal Component Analysis [26], multidimensional scal-
ing [3], Independent Component Analysis (ICA), Compact
Matrix Decomposition (CMD), Singular Value Decomposi-
tion (SVD), Non-Negative Matrix Factorization (NMF), and
CUR Matrix Decomposition.

The main nonlinear methods are Kernel PCA, Lapla-
cian Eigenmaps [2] Isomap [13], FastMap, Locally Lin-
ear Embedding [27]. However, these nonlinear methods are
afflicted with the out-of-sample problem [28], [29]. Hin-
ton and Maaten proposed high-dimensional local and global
structure methods, which are known as t-SNE [9]. Moreover,
the dimension reduction technique decreases the problem of
the complexity of the data, along with enhancing the accuracy
of data exploration [10].
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B. CLASSICAL ISOMAP
The main advantages of the classical Isomap are globally
optimal, provable convergence guarantees and appropriabil-
ity for the nonlinear manifold. Due to its excellent perfor-
mance, it has been used in various domains, such as pattern
recognition [14], [30] image processing [12], signal process-
ing [31] robotics [32], and computer vision graphics [33].
Conventionally, E Euclidean distance is used to compute
the dissimilarities between data points, but this is based
on the hypothesis of a global linear structure, regardless
of whether datasets are extracted from a supervised (linear
structure) method or an extremely distorted unsupervised
(nonlinear) structure. Classical Isomap uses geodesic dis-
tance instead of Euclidean Distance E for data placed on
a nonlinear manifold. The actual distance between the two
data points will be the geodesic distance on the manifold,
but this may not be the distance along the surface of the
manifold.

Furthermore, the classical Isomap is to find out the optimal
subspace and preserve the shape of the geodesic distance data
points [34]. A summary of the classical Isomap is as follows:

1) BUILD THE NEAREST NEIGHBOR GRAPH

First, a classical Isomap method finds the neighborhood data
on the manifold. The neighborhood data is symbolized as
¢ and K in this section [35]. If d(x;, x;) is smaller than the
specified radius ¢ or x; € K are the nearest neighbors of x;,
x;, and x; for each pair of the data points. Build the undirected,
weighted (KNN) graph G (V, E) of the manifold learning,
based on the distance between the pair of the data points x; in
the input space. Suppose x; and x; are neighbors, the weight
of the edge (x;, xj) € E is set to d (x;, x;); otherwise, it is set
to +00.

2) CALCULATE THE GEODESIC DISTANCE

After searching the neighborhood data on the manifold, clas-
sical Isomap computes the geodesic distance dg(x;, X;) matrix
between all pairs of data points, using the shortest distance
path graph in the G algorithm and then calculates the short-
est distance path by using Floyd’s algorithm and Dijkstra’s
algorithm [36].

3) BUILD THE LOW-DIMENSIONAL EMBEDDING

Identify low-dimensional embedding by executing Eigende-
composition on the geodesic distance density matrix. Some
essential features of high dimensional datasets, such as face
images, handwritten digits, and hand-gesture images are
detected by Isomap [8]. Although it also has some short-
comings, the geodesic distance is suitable for nonlinear data
points, and it can efficiently regenerate the structure of topo-
logical datasets.

Furthermore, while using the complex and noisy input data,
the performance of the dimension reduction considerably
reduced because the geodesic distance calculation is sensi-
tive to noise [21], which might destroy the shape of local
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neighboring or make disjointed edges. Therefore, it cannot
be used for labeled datasets or full classification information
of datasets.

Here, we briefly describe the 17 general shortest-path
algorithms (GSPA) in Table 1 [37]. The Dijkstra algorithm
can be used to calculate the shortest path in various fields,
such as logistic distribution line [38], link-state routing (LSR)
protocols [39], robot path planning [40], and Open Shortest
Path First (OSPF) [41].

TABLE 1. 17 general shortest path algorithms (GSPA).

Algorithm Class Abbreviation Implementation Data

Structures

A*-Search ASH A*-Search algorithm
with k-array Heap

ASBD A*-Search algorithm

with Double Buckets

ASBA A*-Search algorithm

with Approximate
Buckets of data
structures

Bellman-Ford-Moore BFM Bellman-Ford-Moore

BFP Bellman-Ford-Moore
with parent- -
checking

Dijkstra DKQ Dijkstra's Naive
Implementation

DKB Dijkstra's Buckets - -
Basic Implementation

DKD Dijkstra's Buckets - -
Double
Implementation

DKA Dijkstra's Buckets - -
Approximate

DKM Dijkstra's Buckets - -
Overflow Bag

DKF Dijkstra's Heap - -
Fibonacci

DKH Dijkstra's Heap - - k- -
array

DKR Dijkstra's Heap - - R- -
Heap

Graph Growth Model TQQ (Two-Q) Graph Growth - -

Gallo & Pallottino
algorithm with two
queues data
structures
PAP Graph Growth - - Pape
Threshold Algorithm THR Threshold Algorithm
Topological Ordering GR1 Topological Ordering -
- Basic
Topological Ordering -
- Distance Updates

Topological Ordering GR2

In the literature of the classical Isomap, [14], [20], and
an improved classical Isomap method is proposed, based on
the Dijkstra algorithm with the Fibonacci Heap (Fib-Dij).
The Fib-Dij algorithm can handle the problem of the shortest
path of all pairs of data points, based on the neighborhood
graph. This method is much faster than Floyd’s algorithm and
improves the speed of the classical Isomap.

VOLUME 8, 2020

C. APPROXIMATE NEAREST NEIGHBOR (ANN) SEARCH
ALGORITHMS

The nearest neighbor search has gained considerable atten-
tion in recent years. ANN search algorithms are used
for highly accurate results and lower time complexity.
There are two types of ANN search algorithms; Hier-
archical index-based algorithms and Hashing-based algo-
rithms. Hierarchical index-based algorithms, such as KD-tree
has achieved success in ANN search problems. Random-
ized KD-tree and K-means trees are the most popular
and newly-developed open-source hierarchical index-based
algorithms [42]-[45]. Spectral hashing, Locality Sensitive
Hashing (LSH), and Iterative Quantization are types of
Hashing-based algorithms.

D. K NEAREST NEIGHBOR (KNN) GRAPH

Constructing the KNN graph for large-dimensional datasets
is difficult for several applications, such as network analy-
sis, manifold learning, collaborative filtering, and similarity
search. However, the exact time complexity of KNN is O
(Nd), where N is the number of data points, and d is the
number of dimensions, which is very costly. The existing
techniques use three types of methods; Locality-sensitive
hashing (LSH) methods, neighbor exploring (NN-descent)
method [46], and space-partitioning tree algorithm [24], [42].
Space-partitioning tree approaches divide the whole dataset
into different sectors and arrange the sectors into various tree
frames, e.g., KD-tree, cover tree, random projection tree, and
VP-tree [24]. These methods work efficiently on different
types of data points, and their efficiency has been verified on
data with a small number of dimensions [9]. In this paper,
we propose a FastlsomapVis method for high-dimensional
and large-scale data, which differs from the existing method;
our method uses the accuracy of KNN graphs to pro-
vide 100% accurate results without investing in many
trees.

Ill. FastlsomapVis

In general, given high and large-scale dimensional datasets
X ={x € Rd}i =1,2,...,N,, we aim to denote each data
point x; with a low-dimensional vector y; € R, where the
value of d is generally 3 or 4. The main goal of the visualiza-
tion of high-dimensional data is to protect the basic shape of
the datasets in the low-dimensional data. Current techniques
often calculate the similarities of all data pairs {x;, x;} and
then protect the similarities in the low-dimensional transmu-
tation. We have used the Euclidean distance \/d = ||x; — x|
matrix in the high dimensional space instead of geodesic
distances metric because graphs of KNN take a distance
matrix. We have used the Euclidean distance E to compute the
similarities of the datasets via a square matrix, which provides
much more cost-effective and accurate results than geodesic
distances. We show the main steps of the FastlsomapVis
method in Fig 1.
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FIGURE 1. Main steps of the FastlsomapVis method.

A. HIERARCHICAL DIVIDE, CONQUER, AND COMBINE
APPROACH

The divide, conquer, and combine method is a very useful
approach to achieve this goal. First, the divide, conquer, and
combine method splits the problem into sub-problems recur-
sively, and then the sub-problems are divided into small-scale
problems that are easy enough to solve. We combine the
results of the sub-problems to get a result of the actual prob-
lem. The divide, conquer, and combine method is a better
and easier way to approximate KNN graph construction.
To reduce the computation time of data, we need to search for
a better ’conquer’ approach and avoid applying ’conquering’
to the root node.

In this paper, we follow the previous work of Fu and
Cai [45] and Wang et al. [47], both of which mentioned
that multiple randomized division could make overlapping
subsets. As a result, there is no need for the ’conquer’ phase
to be carried out on the root node. In the ’divide’ step,
we use the randomized KD-tree building algorithm to handle
incorrect-link problems and deal with the K nearest neighbor
case in a boundary case, and divide the graphs into subgraphs.
The ’conquer’ step involves using the DKD algorithm to
calculate the shortest path for K nearest neighbor values
and merging the subgraphs. Our motivation for developing
a better ’conquer’ approach is to decrease the number of
data points, and we always pick the closest possible data
points for conquering points. We make sure that the quality
of conquering at each level of data points is maintained.
In the *combine’ step, we have to calculate the overall accu-
racy of the FastIsomapVis method by using the KD-tree
search method and make an actual graph of the K nearest
neighbor.
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B. DIVIDE PHASE

1) RANDOMIZED KD-TREE ALGORITHM (KD-TREE)
Hierarchical approaches are used for the initialization of the
graph data. There are various hierarchical approaches, such as
hierarchical clustering, multi-table hashing, and randomized
KD-tree. The randomized KD-tree algorithm is used in our
method. One part of the FastIsomapVis is based on the divide
Phase. We showed the Algorithm 2 details on Randomized
KD-tree (divide phase) in this section. The basic idea of
the KD-tree is to provide better initialization to improve the
performance of classical Isomap significantly.

The most common method for better query time-interval
is to compute an Approximate K-Nearest Neighbor
search (AKNN) instead of exact KNN; AKNN approaches
are much more useful than exact KNN. The AKNN uses two
techniques; FLANN and Randomized KD-tree. The FLANN
approach can only be used for interactive visual analytics,
whereas Randomized KD-tree can be used for AKNN.

The KD-tree algorithm splits a multidimensional data
points repeatedly and then builds the tree that can be used for
quick searching. KD-tree is the most popular and extensively
used technique for KNN problems. This method splits data
points by vector space and constructs a binary tree with
logarithm time cost for the KNN search.

In the binary tree, data points are divided into two sub-
division groups by the size of every level, in which data points
have the highest variance [48]. Silpa-Anan and Hartley [42]
proposed the concept of the KD-tree for KNN sear in high
dimensional space. The central idea of the KD-tree is that the
data point is split by dimension repeatedly and then selected
randomly from a small set of data points with the highest
variance. Furthermore, Muja and Lowe [44] proposed two
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algorithms, such as hierarchical K-means trees and random-
ized KD-tree for KNN querying [48].

The nodes size of each data point is 2N-1; the cost of at
each leafis O (N). The cost of the depth of the tree is O (logN).
The cost of the median of each data point of a tree and left,
the right child nodes of each data point of the tree are O(N).
Hence the total time complexity of KD-tree is O (NlogN).

Algorithm 2: Randomized KD-Tree Algorithm (Divide
Phase)
Data: The number of trees T, the number of points in a
leaf node K, and the data dimension d.
Result: A Randomized KD-tree set S.
function MAKE-TREE (NODE, POINT-SET)

if (size of POINT — SET < K) then
return;

else
Choose Randomly data dimension d.
Calculate the median over the POINT-SET on
data Dimension d.
Divide the POINT-SET equally into two
subsets, LEFT-HALF and RIGHT-HALF,
according to the median.
MAKE-TREE (NODE.LEFT-CHILD, LEFT-
HALF)
MAKE-TREE (NODE.RIGHT-CHILD,
RIGHT-HALF)

end

return
end function

for (i< 1toT )do
MAKE-TREE (ROOT — NODE;, D)
Add ROOT — NODE; t0 S.

end

C. CONQUER PHASE

1) DUKSTRA BUCKETS DOUBLE (DKD) ALGORITHM

In Algorithm 3, we have used the Dijkstra Buckets Double
(DKD) algorithm for the shortest path problem. The divide’
phase involves building the randomized division tree algo-
rithm, as described in the previous paragraph. The ’conquer’
phase is then performed, along with the DKD algorithm,
to calculate the shortest path of the KNN graph.

In this section, we have to use a shortest-path algo-
rithm, such as the Dijkstra buckets double (DKD) algo-
rithm. Table 1 shows the details of the 17 general shortest
path algorithms (GSPA). The Dijkstra buckets double (DKD)
algorithm implementation, which combines two algorithms;
Dijkstra Bucket Overflow Bag (DKM) and Dijkstra Buckets
Approximate (DKA) [37]. It consists of random levels of
buckets, which are managed by the implementation of the
DKD. A matrix D bucket in the random level buckets is used.
First, we calculate the cost of the shortest path of the KNN
and find the shortest value of KNN by using a breath-first-
search algorithm. After that, we sort the values of the KNN
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in random buckets by using a bubble sort algorithm. Next,
we identify the minimum cost of the KNN and then make a
matrix of the resulting values of the KNN. The DKD uses
the Euclidean distance E instead of the geodesic distance
for the shortest path of the KNN graph. The DKD is much
faster than the Dijkstra algorithm and provides higher accu-
racy in the KNN graph.

The time cost of the breath-first-search is O(N + E), where
N and E are the number of nodes and edges, respectively.
The time complexity of the bubble sort is O(N). The cost of
extract-min of the KNN is O (logN). Hence the total cost of
Dijkstra Buckets Double (DKD) is O (logN).

D. COMBINE PHASE

In the ’combine’ phase, we have to calculate the overall accu-
racy of the FastIsomapVis method via the KD-tree searcher
method.

1) KD-TREE SEARCHER

We used the KD-tree algorithm, and it uses the KD-tree
search model objects method. The KD-tree searcher method
collects the results of K nearest neighborhood search. In the
result section, we include the training datasets, its parameters,
distance metric, and the maximal number of bucket sizes
in every leaf node. The KD-tree algorithm divides N by K
data points repeatedly and splits the N data points in K
dimensional space into a binary tree mode. When we created
a KD-tree searcher model object, we also identified the stored
tree.

When we explored all the KNN data pints to the query
data, the KD-tree searcher methods use two methods to
find out K nearest neighbor values such as Rangesearch
and Knnsearch. We use the Knnsearch method in our
work [49], [50].

2) KNNSEARCH METHOD
Given parameters in the Knnsearch method, nearest neigh-
bor training data indices are represented in the /dx nearest
neighbor searchers by X; query data by Y parameter; name
by Name; and corresponding value by value. We have used
two Knnsearch methods for the nearest neighbor, searcher.
The Idx = the Knnsearch(X, Y) method identifies the near-
est neighbor (i.e., the nearest data points, rows) in the
nearest neighbor search datasets, X, to each point in the
query data, ¥, for KD-tree; the Idx = the Knnsearch(X, Y,
Name, Value) method returns the indices of the nearest data
points in the nearest neighbor search datasets, X, to ¥, with
extra options specified by one or more Name, Value pair
parameters [49].

The following is the detail of Algorithm 3 of the Divide,
Conquer, and Combine algorithm.

E. OUTLINE OF THE FastisomapVis METHOD
The outline of the FastlsomapVis method can be concluded
as follows:
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Algorithm 3: Hierarchical Divide, Conquer, and Com-
bine Algorithm

Data: the randomized KD-tree set S constructed within
Algorithm 1, the matrix D, the approximate KNN graph
is K, no. of nodes N, NSMethod is the nearest neighbor
search method, C is the accuracy, and CP is the
CorrectRate.

Result: An Approximate KNN graph.

the Division step
Using the Algorithm 2 to MAKE-TREE, which
shows to the tree input S
the Conquering step with DKD
foreach (K € N)
col = COST(K)
ml = col(FIND(col))
m = SORT(UNIQUE(ml))
for (j € length(m))
mx = m(j)
temp = MIN(COST(col)[ 1,2)
temp = temp + mx
end for
COST(K) =col
foreach (K € N)
| COST(K,K) =r
end foreach
end foreach
end Conquering step

he Combining step
Start time

D = CREATENS (the Conquering step,
NSMethod’, "kDtree’, Distance’, ‘euclidean’)
KDTreeSearcher with properties (K)
for (K < 1to 5) do
C = KNNCLASSIFY (D,D,D, K eucli’)
CP = CLASSPERF (D, C)
Time(K) = End time
K(K) = CP.CorrectRate

return CP
end for

end Combining step

-

Step-1: Divide Phase

o« We performed the Randomized KD-tree Algo-
rithm (KD-tree) for the incorrect link problem.
Step-2: Conquer Phase
o We made a square matrix for the DKD and calcu-
lated the similarities of the low-dimensional space.
o We used the DKD method to calculate the shortest
path of the KNN graph.
Step-3: Combine Phase
o We calculated the overall accuracy of the Fastl-
somap Vis method via the KD-tree searcher method
and constructed the KNN graph to the datasets.

IV. EXPERIMENTS
In this section, we evaluate the cost-effectiveness and effi-
ciency of the FastIsomapVis method by overall experiments
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on high and large-scale dimensional datasets. We analyze the
execution of the proposed algorithms for building the KNN
graph with a randomized division tree and DKD algorithms
and then visualize them in a graph.

A. DATASETS

The experimental results were implemented on nine high and
large-scale dimensional of social network datasets, Facebook,
Twitter, Amazon, LiveJournal, YouTube, and Orkut, which
are available in [51]. 20Newsgroups [52], SIFT1IM [53], and
Perfume [54], [55]. The detail of the datasets is listed in
Table 2.

TABLE 2. Properties of the datasets.

Dataset Data Dimensions  Categories
Facebook 4,039 40 10

Twitter 81,306 40 973
20Newsgroups 18,846 100 30
Amazon 334,863 100 1000
SIFT1IM 100,000 128 1000
LiveJournal 3,997,963 100 5000
YouTube 1,134,890 150 5000
Orkut 3,072,441 150 5000
Perfume 560 40 20

B. RESULTS AND EXPERIMENTS ON THE CONSTRUCTION
OF THE KNN GRAPH

We present unique algorithms for the construction of the
K-Nearest-Neighbor (KNN) graphs, and our FastIsomapVis
method is based on the below algorithms.

o Randomized Division Tree (KD-tree).
« Divide, Conquer and Combine Algorithm (KNN Graph
Construction) with DKD algorithm

C. EVALUATION METHOD

There are many evaluation methods introduced for calcu-
lating the accuracy in recent years. There are two types
of evaluation methods, including descriptive and predictive.
‘We have used the predictive evaluation method for calculating
accuracy. In the predictive evaluation method, the training
classifier is done from the training classifier, and evaluation
is done by a test classifier instances [56]. There are two
predictive evaluation methods, such as the holdout set method
and K-fold cross-validation method [57].

Well-known classification techniques include the KNN
classifier [58], [59], SVM [60], [61], BP neural net-
work [62], image processing [63], decision tree [64], biomed-
ical research [65], and remote sensing [66]. The KNN
classifier is a modern and non-parametric technique in clas-
sification [67]. Moreover, the predictive accuracy method
and KNN classifier method are both used the KFCV
method for calculating the accuracy by using Eq.l1 [68].
We use the well-established KFCV method for calculating the
accuracy of the “FastlsomapVis” and ‘““Classical Isomap”
algorithm.
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TABLE 3. Overall accuracy of the FastlsomapVis method.

Facebook Twitter 20Newsgroups Amazon SIFTIM LiveJournal YouTube Orkut Perfume
. . Time Time Time Time Time Time Time
K Accurac Time (s Accurac; Time (s Accurac; Accurac; Accurac; Accurac; Accurac; Accurac; Accurac;
y © y © Y Y Y Y Y Y Y
1 1.00 916.34 1.00 1962.87 1.00 4.09 1.00 5.06 1.00 1.56 1.00 104.07 1.00 76.45 1.00 309.91 1.00 0.11
2 1.00 1803.71 1.00 3928.44 1.00 6.68 1.00 541 1.00 2.11 1.00 203.41 1.00 192.26 1.00 578.71 1.00 0.17
3 1.00 2693.08 1.00 5954.39 1.00 9.12 1.00 573 1.00 2.66 1.00 304.33 1.00 381.08 1.00 842.30 1.00 0.23
4 1.00 3581.71 1.00 7914.29 1.00 11.56 1.00 6.12 1.00 3.21 1.00 403.93 1.00 692.89 1.00 1117.05 1.00 0.28
5 1.00 4471.05 0.90 9895.67 1.00 14.05 1.00 6.45 1.00 3.78 0.88 503.90 0.99 965.82 0.86 1405.75 1.00 0.35
6 1.00 5360.13 0.90 12114.59 1.00 17.35 1.00 6.77 1.00 4.34 0.88 603.39 0.99 1326.26 0.85 1680.49 0.99 0.42
7 0.99 6250.56 0.81 14384.83 1.00 21.68 1.00 9.05 1.00 491 0.82 703.08 0.99 1545.25 0.82 1958.04 0.99 0.48
8 0.99 7138.51 0.81 16351.28 1.00 24.99 1.00 9.39 1.00 5.49 0.82 806.13 0.99 1853.34 0.81 224746 0.99 053
9 0.99 8027.64 0.73 18320.05 1.00 28.07 1.00 9.73 1.00 6.06 0.78 938.82 0.99 2385.68 0.77 2533.73 0.99 0.58
10 0.99 8918.18 0.73 20289.11 1.00 30.60 1.00 10.07 1.00 6.64 0.78 1051.08 0.99 2738.47 0.76 2814.67 0.99 0.63
11 0.99 9808.45 0.67 22258.83 1.00 33.09 1.00 10.42 1.00 7.22 0.75 1169.39 0.99 3157.59 0.74 3142.99 0.99 0.69
12 0.99 10705.27 0.67 24228.92 1.00 35.59 1.00 10.78 1.00 7.81 0.75 1285.96 0.99 3469.92 0.73 3436.23 0.98 0.74
13 0.99 11597.22 0.61 26198.13 1.00 38.44 1.00 11.12 1.00 8.40 0.73 1409.72 0.99 3764.28 0.72 3702.96 0.98 0.80
14 0.99 12489.69 0.61 28170.59 1.00 41.08 1.00 11.47 1.00 9.00 0.73 1529.83 0.99 4109.18 0.70 3971.73 0.97 0.86
15 0.99 30488.28 0.56 30139.75 1.00 43.59 1.00 11.81 1.00 9.61 0.71 1657.03 0.99 5891.25 0.68 4239.76 0.97 0.92
wfill= Facebook
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FIGURE 2. Time versus K graph of Facebook, Twitter, 20Newsgroups, SIFT1M, Livelournal, Amazon, YouTube,
Orkut, and Perfume datasets in FastisomapVis method.

1) K-FOLD CROSS-VALIDATION METHOD (KFCV)

The K-fold cross-validation method is used for the empiri-
cally to choose the parameters. Although, for each parameter,
the K-fold cross-validation method is verified by several
values and selected the best one value [68].

We use the popular KFCV method for calculating the
accuracy of the FastIsomapVis algorithm. The KFCV method
randomly splits the available data into N portions of
equally sized datasets. This KFCV procedure is performed N
times, which provides N accuracy. P is denoting the accuracy
of the N data points, and the C is the number of correct

classifications, are defined as:
P=C/N €))]
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Table 3 shows the accuracy of Facebook, Twitter, 20News-
groups, Amazon, SIFT1M, LiveJournal, YouTube, Orkut, and
Perfume datasets from Eq.1.

D. ACCURACY COMPARISONS BETWEEN FastisomapVis
ALGORITHM AND CLASSICAL ISOMAP ALGORITHM

In Fig. 2 and 3, we have represented the relationship
between time and accuracy for nine different high dimen-
sional datasets. The graphs represent that our proposed algo-
rithm consistently attains the highly accurate results in less
computation time. We have used the value of K from 1 to
15 to calculate the accuracy and time for the nine different
datasets.
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FIGURE 3. Accuracy versus K graph of Facebook, Twitter, 20Newsgroups, SIFT1M, Livelournal, Amazon,
YouTube, Orkut, and Perfume datasets in FastisomapVis method.

For Facebook datasets having 4039 data points, we have
calculated 100% accurate results for initial values of K (1 to
6) and got 0.99% results for higher values of K, as shown
in Fig. 3. The time taken to calculate these results increased
linearly from 916.34 to 30488.28 seconds. The reason for a
slight decrease in the accuracy for higher values of K is that
some neighboring data points are far away to each other.

For 20Newsgroups, SIFTIM, Amazon datasets having
data points, 18,306, 100,000, and 334,863, respectively: we
have achieved 100% accurate results for all the values of K,
as shown in Fig. 3. The computation time to calculate these
results increased linearly with the increase of K, as shown
in Fig. 2.

For twitter, LiveJournal, and Orkut datasets having 81,306,
3,997,963, and 3,072,441 data points, we have observed that
the accuracy is 100% for initial values of K (1 to 4), but it
gradually decreases with the increase of values of K (5 to 15)
as shown in Fig. 3. The reason for this strange behavior is that
Twitter, LiveJournal, and Orkut datasets have large categories
as compared to their dimensions and data points, as shown
in Table 2. But the computation time of Orkut is less than
Twitter and LiveJournal, as shown in Table 3 because some
neighboring data points are far away to each other, and some
data points are close to each other.

For YouTube datasets having 1,134,890 data points,
we have calculated 100% accurate results for initial values
of K (1 to 4) and got 0.99% results for higher values of K,
as shown in Fig. 3. The time taken to calculate these results
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increased linearly from 76.45 to 5891.25 seconds. The reason
for a slight decrease in the accuracy for higher values of K is
that some neighboring data points are far away to each other,
and some data points are close to each other.

For Perfume datasets having 560 data points, we have cal-
culated 100% accurate results for initial values of K (1 to 5)
and got 0.97% results for higher values of K, as shown
in Fig. 3. The computation time to calculate these results
increased linearly with the increase of K, as shown in Fig. 2.

In Fig. 3, the three datasets have the same accuracy;
therefore, the graph values are overlapping to each other.
Moreover, Facebook and Twitter datasets have the same com-
putation time; the reason for this strange behavior of the
Twitter dataset is that neighboring data points are closed to
each other and directed graph. However, the overall perfor-
mance of our proposed method continuously achieves the
high authentic results for the nine high and large-scale dimen-
sional datasets.

E. TIME COMPLEXITY ANALYSIS

In this section, we have analyzed the time complexity of
Alg. 1, Alg. 2 and Alg. 3. As shown above, the classi-
cal Isomap (Alg. 1) time cost is O(N?3), KD-tree (Alg.
2) total time complexity is O (NlogN), and (Alg. 3) Dijk-
stra Buckets Double (DKD) is O (logN). Our FastIsomap Vis
method is based on the divide, conquer, and combined
approach. The divide, conquer, and combine method is a bet-
ter and easier way to approximate KNN graph construction.
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TABLE 4. Accuracy comparison of the FastisomapVis (KD-tree, Dijkstra buckets double (DKD)) and classical Isomap algorithms.

Facebook Twitter 20Newsgroups Amazon SIFTIM LiveJournal YouTube Orkut Perfume
Fastlso Isoma; Fastlso Isoma; Fastlso Isoma Fastlso Isoma Fastlso Isoma Fastlso Isoma; Fastlso Isoma Fastlso Isoma Fastlso Isoma
mapVis somap mapVis somap mapVis somap mapVis somap mapVis somap mapVis somap mapVis somap mapVis somap mapVis somap

1 1.00 0.85 1.00 0.80 1.00 0.87 1.00 0.88 1.00 0.87 1.00 0.79 1.00 0.79 1.00 0.79 1.00 0.89
2 1.00 0.80 1.00 0.78 1.00 0.84 1.00 0.86 1.00 0.84 1.00 0.76 1.00 0.77 1.00 0.78 1.00 0.88
3 1.00 0.78 1.00 0.74 1.00 0.80 1.00 0.84 1.00 0.80 1.00 0.74 1.00 0.75 1.00 0.76 1.00 0.86
4 1.00 0.74 1.00 0.70 1.00 0.78 1.00 0.80 1.00 0.78 1.00 0.70 1.00 0.72 1.00 0.74 1.00 0.84
5 1.00 0.69 0.90 0.66 1.00 0.74 1.00 0.78 1.00 0.74 0.88 0.65 0.99 0.69 0.86 0.68 1.00 0.81
6 1.00 0.64 0.90 0.62 1.00 0.70 1.00 0.75 1.00 0.70 0.88 0.62 0.99 0.65 0.85 0.64 0.99 0.79
7 0.99 0.60 0.81 0.54 1.00 0.67 1.00 0.73 1.00 0.67 0.82 0.54 0.99 0.60 0.82 0.61 0.99 0.74
8 0.99 0.54 0.81 0.50 1.00 0.64 1.00 0.70 1.00 0.64 0.82 0.51 0.99 0.58 0.81 0.57 0.99 0.70
9 0.99 0.50 0.73 0.47 1.00 0.62 1.00 0.68 1.00 0.62 0.78 0.46 0.99 0.54 0.77 0.53 0.99 0.69
10 0.99 0.48 0.73 0.44 1.00 0.59 1.00 0.65 1.00 0.59 0.78 0.43 0.99 0.52 0.76 0.50 0.99 0.66
11 0.99 0.42 0.67 0.40 1.00 0.54 1.00 0.61 1.00 0.54 0.75 0.39 0.99 0.49 0.74 0.47 0.99 0.64
12 0.99 0.36 0.67 0.34 1.00 0.50 1.00 0.57 1.00 0.50 0.75 0.34 0.99 0.46 0.73 0.43 0.98 0.60
13 0.99 0.32 0.61 0.30 1.00 0.49 1.00 0.52 1.00 0.49 0.73 0.31 0.99 0.42 0.72 0.40 0.98 0.58
14 0.99 0.30 0.61 0.28 1.00 0.47 1.00 0.47 1.00 0.47 0.73 0.29 0.99 0.40 0.70 0.38 0.97 0.55
15 0.99 0.29 0.56 0.27 1.00 0.46 1.00 0.44 1.00 0.46 0.71 0.26 0.99 0.39 0.68 0.32 0.97 0.52
g
s 0.7 F
]
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FIGURE 4. Overall accuracy performance of the FastlsomapVis and classical Isomap

algorithm.

Our FastlsomapVis method reduced the computation time
of large scale and high dimensional datasets and provided
highly accurate results. Hence the overall time complexity
of our FastlsomapVis is O (NlogN). The experimental results
and time complexity analysis shows that our FastIsomapVis
method is much fastened and effective than the classical
Isomap.

In Fig. 4, we have compared the overall accuracy of
the FastIsomapVis and classical Isomap methods for nine
different datasets. We calculated highly accurate results
from 20Newsgroups, Amazon, and SIFT1M datasets by the
FastIsomapVis method: the FastlsomapVis method provided
100% accuracy as compared to classical Isomap whereas
the classical Isomap algorithm is computationally expensive
for high and large-scale dimensional datasets. For Face-
book, Twitter, LiveJournal, YouTube, Orkut, and Perfume
datasets, it is very difficult to construct the KNN graph with
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89% to 29% accuracy through the classical Isomap algorithm
for the value of K (1 to 15), as shown in Table 4. It is also
evident that the accuracy of classical Isomap decreases signif-
icantly with the increase of values of K. In contrast, our pro-
posed has more stable and accurate results than the classical
Isomap. Both Table 4 and Fig. 4 specify that FastIsomapVis
is much more accurate and less sensitive to K than classical
Isomap. Our FastIsomapVis method for the construction of
the KNN graph has generated very useful results at a larger
scale of millions of data points with hundreds of dimensions.

V. CONCLUSION

In this paper, we have presented a visualization technique
called FastIsomapVis. Fastlsomap Vis straightforwardly mea-
sures datasets with millions of data points and with hundreds
of dimensions. We propose a very cost-effective algorithm
for an approximated K nearest neighbor graph construction,
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and as well the graphs project them into the low-dimensional
space. The empirical results on nine real-world datasets show
that FastlsomapVis method performance is very useful and
better for the construction of the KNN graph and datasets
rather than classical Isomap. In our future work, we plan
to use advanced techniques of a hierarchical method for the
FastIsomapVis.
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