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Abstract—Stock investment decisions are often made based on
current events of the global economy and the analysis of historical
data. Conversely, visual representation could assist investors’ gain
deeper understanding and better insight on stock market trends more
efficiently. The trend analysis is based on long-term data collection.
The study adopts a hybrid method that combines the Clustering
algorithm and Force-directed algorithm to overcome the scalability
problem when visualizing large data. This method exemplifies the
potential relationships between each stock, as well as determining the
degree of strength and connectivity, which will provide investors
another understanding of the stock relationship for reference.
Information derived from visualization will also help them make an
informed decision. The results of the experiments show that the
proposed method is able to produced visualized data aesthetically by
providing clearer views for connectivity and edge weights.
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1. INTRODUCTION

TOCK investment decisions require time, knowledge, and

awareness of the market, and are often made based on
current events of the global economy and the analysis of
historical data. The stock market contains a huge amount of
data that vary over time. Moreover, the stock price of a
company is influenced by various factors ranging from the
performance of the company itself to the condition of the
economy in general [1]. Thus, for investors to manage their
portfolio well, they must analyze stock market data regularly in
order to identify the potential connection between various
companies, in addition to predicting the future movement of
each stock based on available historical data. However, finding
and analyzing useful information in such a complex data
oriented market usually requires high level of analytical skills
and effort from non-expert investors. This is where the current
research will be of help. The proposed hybrid algorithm is
designed to assist investors make better decisions based on
stock market trend analyses.

To reduce the complexity of the analysis of stock market raw
data, the hybrid visualization method was developed to
examine the historical price movements of publicly traded
stocks. The method is aimed to cluster similar stock together
and provide investors the information that will enable them to
predict future trends. The components of the hybrid
visualization proposed are Graph Drawing and Clustering.
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Visual representation is one of the most efficient ways to
assist investors have a clearer overview of the movement of the
stock market, as well as providing a deeper understanding of
individual stocks. The application of graph drawing methods
could provide visualized data with specific attributes such as
weight, information which comes with graphically connections
between each data element.

With the rapidly increasing size in networks, drawing a large
graph with clear representations of data and its network
structures is becoming a big challenge to the graph drawing
community. The key issue here is not only to provide users with
a comprehensive display of large graphs on the screen, but also
a user-friendly navigable visual structure for users browsing
through the structure to find a particular detail of the data [19].
In the past, some attempts to overcome this problem have
proceeded in two main directions, namely:

o  Clustering: Groups of related nodes are clustered into
super-nodes. The user sees a summary of the graph with
the super-nodes (clusters) and super-edges between the
super-nodes (clusters). [2]-[4]. E.g. K-mean clustering
method, Markov Clustering method.

e  Navigation: The user sees only a small subset of the nodes
and edges at any one time, and facilities are provided to
navigate through the graph [5]-[11].

Clustering is the task of grouping a set of objects in such a
way that objects in the same group (called cluster) are more
similar (in some sense or another) to each other than to those in
other groups (clusters). Clustered graphs have been widely
incorporated in Graph Drawing to overcome the problem of
drawing large (or huge) graphs with thousands, or perhaps
millions of nodes [18]. Cluster analysis itself is not one specific
algorithm, but the general task to be solved. It can be achieved
by various algorithms that differ significantly in their notion of
what constitutes a cluster and how to efficiently find them.
Popular notions of clusters include groups with small distances
among the cluster members, dense areas of the data space,
intervals or particular statistical distributions. Clustering can
therefore be formulated as a multi-objective optimization
problem [12].

In practice, applying different clustering algorithms to the
same clustered graphs might create very different final layouts.
Force-directed layout algorithms use a physical analogy to
draw graphs. A graph is viewed as a system of bodies with
forces acting between the bodies. The algorithm seeks a
configuration of the bodies with locally minimal energy, that is,
a position for each body, such that the sum of forces on each
body is zero. And the method is easy to understand, the results
is normally good [2], [13]-[17]. However, force-directed
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methods can deal with only a limited number of nodes due to its
slow convergence time. In this study, an approach is proposed
which combines clustering method and the traditional
force-directed algorithm, to represent a clear overview of the
whole structure on relevant stocks in reasonable convergence
time by dividing a long convergence. The proposed method is
applied to drawing weighted graphs. The early outcome of our
approach indicates improvement in computation time and
better graph aesthetics that provides a clearer view of the
properties associated with the weighted graph in terms of its
connectivity and edge weights. The preliminarily experimental
results also show that the combination of the clustered graph
drawing method and the force-directed layout algorithm could
be applied in large graph drawing.

II. METHODS

The proposed hybrid method that combines clustering and
force-directed algorithms was tested in experiments, in which
we adopted the clustering method based on edge weight to
group vertices for pre-handling and then applied forces within
each cluster. Details are described in the following subsections.

A. Decrease Progressively Clustering on Weighted Graph
(DPCW)

The DPCW clustering is based on the connectivity of
vertices and weight on each edge in the graph. The basic idea is
that if a vertex v;is assigned in a cluster ¢; then we intend to
include all its connected vertices with the most weights in the
graph in this cluster. [19]

Suppose that W = (wy, wy, ..., wy) is the set of weights on
every edge, wy is the maximum weight, and wy is the minimum
weight in W. Assume further that G = (7, E) is a connected
undirected weighted graph, where V' is the set of vertices and £
is the set of edges among V. A cluster graph C = (G’, T)
consists of graph G’= (V", E’) and a rooted tree 7, where G’ is a
sub-graph of G. The DPCW algorithm can be described as
follows:

a) If (v, va) €V, where e; = (v, v») and its weight w= wy, then
we add two vertices v,, and v, into the same cluster ¢;/;

b) If (Vins, var) €V, where ej; = (Vin1, var) and its weight wi; = wy.

1) If (m = mjand n # n;), then we add vertex v,; into the
cluster ¢;/;

2) If (m # mand n = n;), then we add vertex v, into the
cluster ¢i/;

3) If(m=n;and n# m;), then we add vertex v,,; into the cluster
als

4) 1If (m # n;and n = my), then we add vertex vy, into the
cluster ¢i/;

5) If(m#mjand n # njandm # n;and n # m;), then we add two
vertices v,y and v,; into the same cluster ¢;’;

¢) Repeat step (b) until every vertex satisfies the conditions
described in (b) are included in clusters, and the cluster ¢=
{ci,cid, ..., ey

d) Find the smaller weight wy.; € W, where wy.<wiand w.;>
{wo, wa, ..., wi2 }, set wy= wy.1, Repeat step (b) and (c) until
every vertex satisfies the conditions described in (b) are

included in clusters, and the cluster cr/= {cki', ...,

Ck_]x(k- I)} ;

e) Repeat step (d) until w= wpand every weight in /7 has been
handled;

f) The final clusters C ={c;/, ...ck%, ...

Co 1, . ..Cg‘w}.

1 x(k-1
s Ckl 5 -+ Ck-1 ( ),"'5

B. 4 Classical Force-Directed Algorithm

The force-directed algorithm aims to position nodes with as
few crossing edges as possible by assigning forces among the
set of nodes and edges for drawing graphs in an aesthetically
pleasing way. The spring forces are used to keep all elements in
reasonable distances in such a way that it not too close and not
too far.

The force-directed algorithms achieve this by assigning
forces amongst the set of edges and the set of nodes. The entire
graph is then simulated as if it were a physical system. In the
force-directed algorithm, we need to calculate all forces
working on every element, and then place them to a suitable
position to avoid edge crossings. The three steps for each
iterative calculation are:

a) Calculate the effect of attractive forces f(d) =d2 /k between
adjacent vertices;

b) Calculate the effect of repulsive forces fr(d):*kz/d
between all pairs of vertices;

c) Finally stop the iteration if f; and f;- tend to not be changed.

where d represents the distance between two vertices while & is

the optimal distance between vertices.

C. Relevant Rate/Weight Computing Algorithm

Based on the finalized layout using the combined methods of
DPCW and force-directed algorithm, our solution provides
investors an overview of all the stocks, as well as the graphical
representation of the relationships. The steps involved are
summarized as follows:

1. Trend Computing

(a) Individual Rate

Suppose the costs of an independent stock in two continuous
business days are ¢; and ¢, the rate ; = (¢2 — ¢;) / ¢z, then the
rate array of stock k is ri= {r;,rs, ..., re};

(b) Relevant Rate

Suppose the rates of two independent stocks in two same
continuous business days are 7,,; and 7y, the rate 7umi = (Fai — Cmi)
/ cni, then the rate comparison array of stock m and n is 7~
{Fun! s P .., Fud}, all the different time periods are dropped,
only those rates changes happened within the same time period
on both stocks are taken into account.

2. Weight Computing

Edge thickness is applied for displaying how close the
connection is between stocks based on rates computing from
above, the transmission from Rate to Weight is shown as:

1) If the absolute value of the original relevant rate 7, is
bigger than 1, then the weight w,,, = -1, which means no
connection;
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2) If the absolute value of the original relevant rate 7, is
smaller than 1, then the weight w,,, = Int((1 - Abs(rn)) *
10);

Based on the weight calculation results above, edge
thickness is computed as 0.5 * wy,.

III. OUR APPROACH

This section describes the various steps of our approach.
Graphically, the approach proposed in this study is depicted in
Fig. 1.

Y

b

Stock Da Stock Data Stock Dats
|

Changing Value
Calculation

Changing Rate
Comparison

Changing Rate
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Graph Drawing
(Spring Forces &
Clustering)

Decision
Making

Fig. 1 Workflow of approach

Following Fig. 1, the proposed approach is summarized in
the following steps:
a. The first step is to collect and import the raw data of stock
into the experimental platform;

b. Format and compute the changing value/rate of each stock
as input for the experiments;

c. Build up weighted graph files;

d. Apply the force-directed algorithm on a given graph G =
(V, E) from step c;,

e. Apply clustering method DPCW on the given graph G;

f.  Apply the force-directed algorithm on clustered graph
C(G) = (G’, T) with all its clusters ‘close’ as red dots in the
layout until the (force-directed drawing) convergence
process is completed and reaches the energy balance;

g.  ‘Open’ all its clusters in the layout of C(G),

h. Apply the forces on the elements within the same clusters
separately again to achieve the energy balance.

i.  For any individual stock x details, apply forces on vertices
connected to the specific vertex x, edge length needs to be
adjusted based on weight on each edge, as well as the edge
thickness.

IV. CASE STUDY

A case provided here to explain the details of our proposed
methodology. For this case study, the raw data was collected
from yahoo finance [20] for the period 1996 to 2015 (some
stocks may be less) of 43 companies, which includes Adobe,
Alibaba, Amazon, Apple, Facebook, HP, IBM, Lenovo,
Microsoft, Oracle, Twitter, VNET, Weibo and Yahoo. The
detailed data aspects of each stock include:

e Open Value,

e Close Value,

e High Value,

e Low Value,

e Adjusted Close Value,

e  Volume and Average Value.

Roughly 150,000 data entries are used in our experiments.
The three kinds of charts (Spline, Bar and Column) are created
for each individual stock as illustrated in Fig. 2.
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Fig. 2 Example of raw data changing trend on Open Value of Adobe

Fig. 2 provides investors with visualized representation of
patterns and trends of individual stocks. This will aid investors
make informed decisions regarding their portfolio.

Apple vs IBM
OPEN: 1.040174
CLOSE: 1.009599
HIGH: 0.7796444
LOW: 0.9062253
ADJICLOSE: 0.6904746
VOLUME: -6.701494
AVG: 0.8852233

Apple vs Oracle|

OPEN: 0.6769175
CLOSE: 0.8459578
HIGH: 0.5193473
Low: 0.69080/9
ADICLOSE: 0.7512918
VOLUME: 1.361306
AVG: 0.6968644

Fig. 3 Changing rate comparisons of Apple, IBM and Oracle

Based on the long-term stock value changing analytics,
potential relationships between different stocks (companies)
are provided depending on the final layouts of graphs. Bigger
changing rate leads to weaker connection, as shown in Fig. 3,
most changing rates such as open value, close value, high value,
low value and average value between Apple and Oracle are
lower than the relevant changing rates between Apple and IBM,

which means that Apple may tends to have a closer connection
to Oracle than IBM, since the differences of the value
movements are bigger between Apple and IBM.

Given the results (Figs. 2 and 3) of the proposed method for
each stock, investors may use the result to find stocks behaving
in the same manner or may be affected by the same economic
circumstances. Information such as these is important as it may
help investors adjust their stock investments in order to reduce
risk. In summary, benefits of applying the proposed method
may include:

e Timely adjustment of investments portfolio to reduce risk;
e Reduce possible losses;
e  Make better informed decisions.

A much detailed discussion of the results is provided in the

next section.

V.EXPERIMENTAL EVALUATION

In our experiment, we created artificially seven 7 connected /
undirected weighted graphs based on around 150,000 data
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entries downloaded from yahoo finance [20] to test the
proposed method. The data was used for evaluation and seven 7
types of graphs representing seven 7 different types of data
information such as Open Value, Average Value etc. We then
applied the DPCW and forces on each graph and then compared
the edge length and thickness of each final layout. See Fig. 4 for
the finalized layouts and Fig. 5 for the comparison result
example.

From the results of Fig. 4 (g), clusters have been identified
as:
Cluster 1: {Acer, Asus, HTC, Salesforce};
Cluster 2: {Microsoft, Yahoo, Alibaba, HP, NetEase, LG,

Adobe, Apple, Quanta, Tencent, VMware};

Cluster 3: {Cisco, Nokia};

Cluster 4: {IBM, Intel, Oracle, Symantec};

Cluster 5: {JD, Weibo, Rakuten, VNET};

Cluster 6: {Panasonic, Sony, Yandex};

Cluster 7: {Amazon, EBay, Samsung, Foxconn, Compal};

Cluster 8: {Facebook, Netflix, Baidu, Lenovo, Solarwinds,
Beng};

Cluster 9: {Google, LinkedIn};

Cluster 10: {Groupon, Twitter}.

Based on the thickness of edges, we can see from Fig. 5 that
Microsoft has closer connections to Oracle, Yahoo and IBM
and weaker relationships to HP, Apple etc. The above results
could be used in the future to make decisions on Microsoft
stock related investments.

ymankec

(a) Open Value
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(c) High Value
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Fig. 4 Comparisons edge length and thickness
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Fig. 5 Connection details of Microsoft

VI. CONCLUSION AND FUTURE WORKS

In this paper we have presented a new approach for
potentially visualizing the relationships between stocks and
presenting trends for individual stocks by combining
clustering and force-directed algorithms based on long-term
historical data analysis. The experimental results of the
proposed method demonstrate their effectiveness in terms of
providing investors reasonable visualized information to assist
in their decision regarding stock investment; however, we have
identified several issues or limitations that we need to address
in our future works. These issues are listed below.

e  Stock market analysis is complex, and affected by multiple
factors, this methodology could only provide a view from
another angle to assist investors to have a better
understanding of potential relationships between each
stock.

e The methodology is only applicable to stocks with a long
history of available data (long-term) but cannot be adopted
to those with limited data availability (short-term).

e  The current clustering algorithm, although able to identify
the connectivity between nodes, may cause wrong group
divisions.

In our future works, we will apply the proposed revised
method to a wider and larger set of data and applications. The
future work will be addressing the limitations identified by:

e  Carrying out further experiments that use more data.

(1

(2]

B3]

(4]

[3]

(6]
(7

(8]

Revising the clustering algorithm to emphasis weight on
each connection.

Undertaking a study to formally evaluate the effectiveness
of the proposed method.

Working with experts in stock market to find more factors
affect the finalized methodology.
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