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1. INTRODUCTION 

The rapid development of digital technologies consists of 

several cutting-edges applications in the area of artificial 

intelligence, data science, cloud computing, internet of 

things, etc. Each of the applications provides numerous 

benefits in real-life society [1, 2]. But the capacity of the 

dataset increases exponentially which causes issues with 

storage, speed, data quality and visualization. Moreover, 

converting the dataset into meaningful information becomes 

a crucial point in different domains. In this case, data 

visualization plays a vital role in transforming the crucial 

information into a meaningful graphical representation [3, 

4]. There are several representations of data visualization 

such as charts, dashboards, graphs, maps, networks, etc. The 

most important method is the chart which helps in different 

visualization application such as comparison, trend analysis, 

composition, distribution, relationship analysis, project 

management and performance monitoring, etc. [5, 6].  It is 

easy to understand and visualize data based on an effective 

decision-making system. It is expressively used in different 

applications such as smart cities, education, cybersecurity, 

finance, healthcare, business intelligence, etc. [7,8]. 

1.1 Motivation 

In recent decades, numerous approaches have been proposed 

in the field of data visualization which are discussed in the 

next section.  
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However, most of these methods do not focus on compact 

visualization techniques for multi-dimensional datasets. With 

the rapid advancement of artificial intelligence, new 

visualization techniques are emerging continuously, while the 

size and complexity of datasets are growing exponentially. 

This creates a significant challenge in effectively representing 

high-dimensional data in an interpretable and space-efficient 

manner. Therefore, there is a strong need for a tool that can 

visualize multi-dimensional datasets in a compact form, 

tailored to user requirements. 

1.2 Contributions 

The contributions of the proposed method, ComVisMD, are: 

i. A compact map-based visualization for multi-

dimensional data using cell representation. 

ii. A two-dimensional partitioning approach with limited 

categories to reduce visual clutter. 

iii. Integrated multiple visual encodings (color, shape, 

internal patterns) for enhanced information 

representation. 

iv. Interactive dimension switching to explore patterns 

and correlations. 

v. Effectiveness demonstration through scatterplots’ 

comparison and improvement in visual analysis 

capability. 
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1.3 Organization of the paper 

Section 2 discusses several existing works as a literature 

review. Section 3 describes the main methodology of the 

proposed method and in the Section 4 discusses simulation 

analysis of the designed methodology. Finally, in the last 

section i.e. Section 5 discusses conclusions and future work. 

2. LITERATURE REVIEW 

In the last few years, several works have been proposed in 

the area of data visualization. Some of the works are 

discussed in this section. T. Houichime and Y. Amrani [9] 

proposed a method for call graphs that used pattern detection 

and visualization. It helps in dynamic warping and data 

profiling for data visualization. The framework of the 

proposed method is divided into two parts. The first part is 

used to visualize runtime data. The second part is a method 

of visualization for symbolic sequencing in the pattern. It 

also helps to analyse the classification process, optimal 

length, and symbolic and compact translation. M. Fan and L. 

Zhou [10] proposed a method for medical visualization 

aimed at design purposes. The proposed method consists of 

cognitive habits and analytics logic for distinguishing among 

the design, target user analysis, and classifying the task based 

on descriptive analysis. Finally, it analyses three models of 

medical visualization. M. Cuesta et al. [11] proposed a 

method for high-dimensional datasets to support class 

separability. The name of the method is CSViz, which 

indicates class-separable visualization. It is a novel 

visualization method that is used to overcome the issue of 

visualization labelled with the help of visualization analytics. 

Finally, the proposed method is simulated and analysed 

based on 50 datasets with different features. F. Hong et al. 

[12] proposed a method for ensemble data aimed at visual 

analytics. The main purpose of this work is ‘realization set 

analysis’ with large-scale of data. It is also used to find 

relations among data. It helps to design a two-dimension 

matrix for ensemble data. The visualization contains similar 

feature in a subspace for each intersection. T. Xiao et al. [13] 

proposed a method for a social network service to support a 

document embedding system and topic transition 

visualization. It analyses the abstract of the document based 

on two-dimensional space. The visualization of the work 

uses time series analysis for word analysis. Finally, it 

analyses different data such as user rating, COVID-19 data, 

and nuclear disaster data. G. Wu et al. [14] proposed a 

method for visual analysis in the context of damage data 

from simulations. It uses an integrated visual method for 

defect analysis, including clustering and identification and 

graph tracking. It overcomes the issue of blur modes and 

defect dynamics in the visualization. C. Kelleher and A. 

Braswell [15] designed and illustrated a recommendation 

approach for an introductory overview based on data 

visualization. The visualization method is designed for 

scientific data visualization with respect to large set of data. 

The main reason behind this is the rapid growth of a large set 

of data along with big data. The work preserves complex data 

visualization in multiple dimensions. Finally, the work 

outperforms static visualization with interactive 

visualization using animation. In [16], the authors analysed 

the color assignment for optimization purposes. It is based 

on visual separability for strong influence. It is also based on 

a multi-class structure that uses the visualization method of 

scatterplots. The method used a genetic algorithm to 

optimize a good color assignment. V. Molchanov and L. 

Linsen [17] proposed a method for preserving shape in star 

coordinates. In this method, all dimensions are explored 

within the whole set of attributes. Analysis tasks: detecting 

clusters, trends and outliers. The method focuses on 

minimizing loss of visualization related information. In this 

paper, the authors used a 2D visual space technique along 

with an encoding method for mapping more than one-

dimensional data. It improves the tool for exploration by 

linear mapping. A different color scheme is used for 

visualizing membership information. A. Sarikaya and M. 

Gleicher [18] proposed a survey for scatterplot analysis that 

helps the designer make choices in the visualization. It 

includes several design decisions that highlight different 

features. Three basics are connected in this survey such as 

design choice, data features and analysis tasks. Based on this 

survey, it overcomes the limitation of traditional scatterplots. 

The methodology designed by S. Ferré et al. [19] is used for 

a multi-dimensional cube. It helps to organize different 

subsets of the cube with the help of query. It provides a set 

of navigation based on structured dimensions. Finally, it 

describes several representations such as multi-value 

context, sets of objects, aggregate value, etc. The early 

origins of the methodology designed by M. Friendly and D. 

Denis [20] for analyzing scatterplots in visualization. This 

paper traced several developments of the scatterplot in 

history. It also discussed modern inheritors and 

recommended its unique benefits. It includes several 

graphical components to enhance the quality of the 

visualization including annotation. M. Y. Huh and K. Kim 

[21] proposed a method for data visualization in multi-

dimensional data. The method is named as Grand Tour 

technique. It helps to change 2D projection of the data and 

illustrates several structures and patterns. Finally, it helps to 

avoid unused motion and enhance the clarity and 

interpretability of the visualization. 

3. METHODOLOGY OF THE 

COMVISMD 

The description of the proposed method ComVisMD is 

divided into three major subsections. The first subsection 

gives an outline of the proposed method including the 

framework of the model along with flowchart. The second 

subsection describes a rigorous and comprehensive analysis 

of the proposed method with the algorithm and mathematical 

model. The third subsection illustrates the GUI design with 

different visualizations. 

3.1 System Architecture and Workflow 
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In this subsection, the workflow of ComVisMD is discussed 

based on the system architecture. The analytical framework 

of the proposed method is shown in Fig. 1. It describes the 

process of designing the model based on a multidimensional 

dataset. Data is pre-processed for normalization and 

cleaning. Then attributes are mapped for object portioning to 

categorized and group. It helps to visualize a 

multidimensional dataset into a compact 2D form. So, it 

helps to find hidden correlations and patterns in the dataset. 

The overall flowchart of the proposed method is shown in 

Fig. 2. This flowchart illustrates the overall execution 

process of the proposed method ComVisMD. The execution 

flow is based on several tools and tips of the GUI. Its 

execution is designed in an iterative ways fusion of some 

operations such as selection of dimension, map view, hole, 

color, cell shape, and change scenario, etc. This operation is 

user-driven and runs whenever users choose to execute the 

model. 

3.2 Algorithm and Mathematical Modelling 

In this subsection, the proposed algorithm is described as 

pseudocode along with different mathematical modelling 

that are used in the background of the proposed method. The 

pseudocode of the ComVisMD is shown in Algorithm 1. The 

algorithm contains the process of proper execution of the 

model including the dataset in the background as Comma 

Separated Values (CSV) format. This dataset consists of 

different attributes for handling visualization outcomes. The 

event-driven approach of the proposed model consists of two 

rows with two buttons as horizontal and vertical. The 

execution process is based on operations such as color, hole, 

cell shape, map view and dimension selection. The proposed 

method supports two primary types of data: numerical and 

categorical. The input data is expected in CSV format in two 

pre-decided top rows. The first row contains the attribute 

names (column headers). The second row specifies the data 

type for each attribute, using one of the types mentioned in 

Table 1. 

 

 

 

 

 

 

 

 

 

Fig. 1 Analytical framework of the ComVisMD. 

The data type informs the system how to process and encode 

each attribute properly. For example, arithmetic operations 

like sums or averages are meaningful only for numerical data 

as REAL or INT. In contrast, categorical data like CATS or 

CATL represent qualitative distinctions such as gender or 

country and require discrete encoding methods. The 

proposed method ComVisMD is demonstrated on a cricket 

players dataset with 2170 records from 16 countries 

affiliated to the International Cricket Council (ICC). 

Attributes include player ID, years active, matches played, 

runs, batting averages, bowling stats, catches/stumpings, and 

country affiliation. The overall data preprocessing of the 

proposed method involved converting fields to consistent 

types, cleaning missing values, and specifying attribute 

types. 

The mathematical modelling of the proposed method 

depends on several data types. The main aim of this 

modelling is to classify numerical data into distinct 

performance regions based on their statistical distribution. 

The goal is to provide a compact visual representation of 

performance levels using color-coded regions derived from 

finite data statistics. The detailed visualization statistics are 

shown in the next subsection as GUI Design and 

Visualization. The underlying logic is formulated using 

mathematical notations as follows: 

Let the numerical data, as shown in Eq. 1, be: 

𝑋 = {𝑥1, 𝑥2, 𝑥3, . . . . . . . . . 𝑥𝑛} ℝ, 𝑤ℎ𝑒𝑟𝑒 𝑛 ℕ  (1) 

where, X represents the set of values of any numerical 

attribute (e.g. Runs), the x𝑖 represents individual data (e.g. 

runs scored by a batsman, column value of respective record) 

from X and n represents the total number of records (rows). 

Then, the central break point ‘BP’ is evaluated as shown in 

Eq. 2: 

𝐵𝑃 =
1

𝑛
∑ 𝑥𝑖
𝑛
𝑖=1      (2) 

where, 𝑥𝑖 represents individual data from X and n represents 

the total number of records (rows). 

Then, in the lower half subset, let 𝐵𝑃𝑚𝑖𝑛  be the average value 

in that subset and we can evaluate 𝐵𝑃𝑚𝑖𝑛 as shown in Eq. 3. 

𝐵𝑃𝑚𝑖𝑛 =
1

𝑛𝑙𝑜𝑤
∑ 𝑥𝑖𝑥𝑖𝑥𝑙𝑜𝑤

    (3) 

where, 𝑥𝑖 represents the individual data from the subset of X 

and 𝑛𝑙𝑜𝑤 represents total number of records or rows of that 

subset as shown in Eq. 4. 

𝑋𝑙𝑜𝑤 = {𝑥𝑖 𝑋 | 𝑥𝑖   𝐵𝑃}, 𝑛𝑙𝑜𝑤 = |𝑋𝑙𝑜𝑤|  (4) 



1879  

Then, in the upper half subset, let 𝐵𝑃𝑚𝑎𝑥be the average value 

in that subset and we can evaluate 𝐵𝑃𝑚𝑎𝑥  as shown in Eq. 5. 

 

 

Algorithm 1 The pseudocode of the ComVisMD. 

Step 1: Start 

Step 2: Input dataset in CSV format, with the first-row column headers 

indicating dimensions (attribute names) of the dataset and the 

second row specifying the datatype of each dimension 

Step 3: Execution of the ComVisMD tool 

Step 4: Display of two rows, in the form of a menu 

(a) Top row indicates three options: SelectDimensions, 

MapView and Quit 

(b) Second row indicates five dimensions 

(i) Horizontal-red colored 

 (ii) Vertical-grey colored 

 (iii) Color-blue colored 

 (iv) Hole-green colored 

 (v) CellShape-yellow colored 

Step 5: Click on the ‘Horizontal’ button, now all the dimensions 

(attributes) of the dataset are displayed in the third row after the 

second row of five dimensions 

(a) Click on one of the dimensions 

(b) The selected dimension is displayed in red color indicating 

the selected dimension for ‘Horizontal’ dimension 

Step 6: Click on ‘Vertical’ button 

(a) Click on one of the non-selected dimensions 

(b) Selected dimension is displayed in grey color indicating 

‘Vertical’ dimension 

Step 7: Click on ‘Color’ button 

(a) Click on one of the non-selected dimensions 

(b) Selected dimension is displayed in blue color indicating 

‘Color’ dimension 

Step 8: Click on ‘Hole’ button 

(a) Click on one of the non-selected dimensions 

(b) Selected dimension is displayed in green color indicating 

‘Hole’ dimension 

Step 9: Click on ‘CellShape’ button 

(a) Click on one of the non-selected dimensions 

(b) The selected dimension is displayed in yellow color indicating 

‘CellShape’ dimension 

(c) The categories (values) of the selected dimension are 

displayed as options in the next row 

Step 10: Select the options up to a maximum of SEVEN from the options 

of ‘CellShape’ and once finished the selection, click on 

‘DONE’ 

Step 11: Click on the ‘MapView’ of the top row to visualize the map of 

the objects based on dimensional attributes 

Step 12: Complete the Visual Analysis task, to know all the details of any 

object, click on any of the cells to display a ‘detail’s window’ 

Step 13: To change the scenario, or to restart the ‘dimension selection 

process’, click on the ‘SelectDimensions’ option from the top 

row and repeat the process from Step 5. 

Step 14: To exit from the tool, select the ‘Quit’ button. 

Step 15: Stop 

 

𝐵𝑃𝑚𝑎𝑥 =
1

𝑛ℎ𝑖𝑔ℎ
∑ 𝑥𝑖𝑥𝑖𝑥ℎ𝑖𝑔ℎ

   (5) 

where, 𝑥𝑖 represents the individual data from the subset of X 

and 𝑛ℎ𝑖𝑔ℎ  represents total number of records or rows of that 

subset as shown in Eq. 6. 

 

𝑋ℎ𝑖𝑔ℎ = {𝑥𝑖 𝑋 | 𝑥𝑖   𝐵𝑃}, 𝑛ℎ𝑖𝑔ℎ = |𝑋ℎ𝑖𝑔ℎ|  (6) 

Then, the classification function is derived to map each value 

‘x’ that belongs to ‘X’, as Eq. 7: 

 

𝑓(x) =

{
 
 
 

 
 
 
Region 1: Very Low, if x < BPmin
Region 2: Low, if x = BPmin

Region 3: Mid-Low,  if BPmin < x < BP
Region 4: Mid, if x = BP

Region 5: Mid-High, if BP < x < BPmax
Region 6: High, if x = BPmax

Region 7: Very High, if x > BPmax

 (7) 

 

Table. 1. The list of data types. 
Types Description 

REAL Floating point numbers (continuous values) 
INT Integer values 

STR String or text (non-categorical) 

DAT Date/time values 
CATS Categorical data with up to 7 unique categories 

CATL Categorical data with 8 or more unique categories 

 

3.3 GUI Design and Visualization 

In this subsection, the GUI designed is described along with 

complete event-driven visualization. In the proposed method 

ComVisMD, the map displays all or a selected subset of 

dataset objects as cells arranged by row and column clusters. 

Users can dynamically reorder the mapped attributes to 

explore new patterns. The cells are colored by their mapped 

attribute using a 7-color scale, hole sizes represent one 

attribute proportionally, and cell shapes indicate categorical 

classes. Clicking a cell reveals object details, facilitating 

detailed inspection alongside high-level pattern recognition. 

During execution of the proposed method, a menu is presented 

with two rows of buttons initially. The top row has three option 

buttons, ‘Select Dimensions’, ‘Map View’ and ‘Quit’, as 

shown in Fig. 3. By clicking the ‘Select Dimensions’ option 

the user can select or change the attributes to map the 

respective dimension. The second option, ‘MapView’ is made 

available for users to choose once all five attributes are mapped 

to the respective five dimensions. The last option ‘Quit’ can be 

selected to close the tool. 

 

The second row of the menu displays 5 options representing 5 

dimensions of the map. At present, the user has to choose the 

options strictly in the order, ‘Horizontal’ to ‘CellShape’. Each 

option is identified with a distinguishable color, which will be 

an indicator during tool execution. The option ‘Horizontal’ is 

chosen to select an attribute to map in the horizontal direction. 

As this is the first option, once clicked all the attributes of the 

chosen CSV format file are displayed in the next line. User has 

to complete the selection by clicking on one of the attributes. 

The selected attribute is marked in red color (same as 

‘Horizontal’). The next option, ‘Vertical’ can be clicked to 

select the attribute to map in the vertical direction. The selected 

attribute is colored in gray which is similar to the ‘Vertical’ 

option. In the same way, the next three options, ‘Color’ (blue 

colored), ‘Hole’ (green colored) and ‘CellShape’ (yellow 

colored) are clicked in order to map the selected attribute to the 

respective dimension. For the last option, it is necessary to 

select a categorical attribute for representing the cell shape. 

Then the user has to select the available options to assign one 

shape each to categorical values. Maximum of seven options 
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can be selected to assign a cell shape. Then, the option, 

‘DONE’ is selected to complete the mapping of attributes with 

dimensions. Now, ‘Map View’ is available for selection. If the 

user selects the ‘Map View’ option then the compact map is 

displayed. For the respective dimensions, the legends are 

displayed with same background color to show the similarity 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 2 Flowchart of the ComVisMD. 

 

 

 

 

Fig. 3 ComVisMD menu to explore selected dataset. 

With reference to Fig.4, the display area presently shows the 

records (objects, called cells in a map) of 7 countries that are 

represented with distinct shapes. As the user has selected the 

columns, Match, HighScore and Runs for dimensions 

mapping, the focus of the view is on batsmen. It would have 

been the other way around for bowlers if the attributes Balls 

and Wicket were selected for mapping. A total of 1023 

records (players) from 7 out of 16 countries are displayed for 

analysis. Firstly, we are grouping the players on the basis of 

HighScore, the highest score of the players in their played 

ODIs. This information is represented in the horizontal 

direction of the map, the first dimension of the dataset 

Team16Countries.csv. Secondly, on the basis of the 

decreasing order of number of played matches the cells 

(representing players) grow in the horizontal direction on the 

map, second dimension, Match. Thirdly, the color of the cell 

represents runs scored, an indicated analysis point, and is the 

third dimension, represented by Runs. Fourthly, the hole on 

cell represents batting average, an additional indicator for 

analysis, is the fourth dimension, BatAvg. Finally, the shapes 

of the cells representing the categorical attribute Country of 

the dataset, the fifth dimension assist the observer in the 

analysis in terms to find players from one country and 

concurrently compare with players from other countries. 

When the user clicks the left mouse button keeping the 

mouse pointer on a cell, the object details are displayed in a 

rectangle below the map for the final view of the selected 

player, with the same background color as the player square. 

For example, the details of player, ‘Ishant Sharma’ from 

‘India’ are displayed as shown in the bottom right rectangle 

of Fig. 4. On click of ‘Select Dimensions’ from the top line 

of the menu, the user goes back to change the attributes to 

map the respective dimensions, which is basically the initial 

point of the system ComVisMD for compact visualization. 

In this way, the user of the compact visualization system 

ComVisMD can analyse the map to produce different 

meanings intuitively. We can pick a few interested players 

among large number of players and display further details of 

only those interested players to know more about them one-

by-one. 

 

 

 

 

 

 

Fig. 4 Display of 1023 records in a compact 2D space. 

4. PERFORMANCE EVALUATION 

In this section, performance evaluation is analyzed 

theoretically and empirically. The data available in a table 

(two-dimensional structure), normally has a limited scope to 

explore content as a whole. Users can get a full picture of the 

whole data through visualizations. A visualization technique, 

scatterplot, displays two quantitative variables [22]. More 

data in terms of other dimensions can be visualized to assist 

user for data analysis. ComVisMD tries this by providing 3 

additional dimensions in 2D display. Encoding data points 

by the position of a visual mark like dot, allows user to reveal 

several different relationships in the data [23]. ComVisMD 

explores such relationships like, correlation, compact 

clusters, distinct classes within clusters, shapes, separation 

of data, etc. As scatterplots represent each object in a dataset 

with a point, identified by Sarikaya and Gleicher in [18], in 

ComVisMD, we are representing the objects through map in 

the form of different shaped cells. During the map view when 

the user clicks on any of the cells, the details of the object 

are displayed in a separate viewing area with the same 

background color as the cell. 
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In Grand Tour [21], a series of scatterplots obtained through 

a smoothly changing sequence of projection methods, are 

examined. Here, Huh and Kim project multi-dimensional 

data on to 2D window. This approach doesn’t help to find 

patterns. We are proposing our tool, ComVisMD, to explore 

such patterns from the dataset through mapping all attributes 

one-by-one in five dimensions. The matching can be 

changed as per requirement after making series of selections 

to find the patterns, clusters, correlations, etc. In our system, 

all five dimensions are scaled to a magical number 7. It 

means, 7 clusters, 7 classes, 7 colors, 7 shapes, etc. Our 

compact visualization tool extends the scatterplots to 

represent the objects with more power or additional 

information to make it more effective data visualization tool 

for pattern matching or finding correlations intuitively. The 

additional information can be provided in the form color of 

data points, data points in the form of cells, cells in different 

shapes, etc. 

Scatter diagram as identified by Friendly and Denis in [20], 

is a plot having two variables plotted along its two axes and 

in which points are placed to show the values of these 

variables for each of several objects, so that the form of the 

association between variables can be seen. In ComVisMD, 

the same very old concept of horizontal versus vertical axes 

is used to project cells on the map. To perceive correlation, 

the cluster, the class, the color, the hole and even the shape 

dimensions are added to ease visual analysis for the user. 

Users will have an opportunity to make any combinations of 

these dimensions for producing visual maps for analysis. 

The map displays all or a selected subset of dataset objects 

as cells arranged by row and column clusters. Users can 

reorder mapped attributes to dynamically explore new 

patterns. Cells are colored by their mapped attribute using 

the 7-color scale, hole sizes represent one attribute 

proportionally, and cell shapes indicate categorical classes. 

Clicking a cell reveals object details, facilitating detailed 

inspection alongside high-level pattern recognition. 

Scatterplots allow regression analysis by fitting lines and 

calculating R2 coefficients, providing explicit quantitative 

measures of bivariate relationships. ComVisMD, focusing 

on rich visual encodings over five dimensions, does not 

directly compute regression metrics but supports pattern and 

cluster detection visually. 

1.1 First Scenario 

Fig. 5 and Fig. 6 give a comparison between the visualization 

tools ComVisMD and Scatterplot. Fig. 5 is the view 

generated using the tool ComVisMD, which is a 4-

dimensional compact display. It shows the objects from the 

cricket dataset (belonging to the Country, ‘India’) after 

selecting the attribute Match in the Horizontal dimension, 

Runs in the Vertical dimension, HighScore as the Color 

dimension, and BatAvg as Hole dimension. Fig. 6 is the 

scatterplot, plotted using ggplot() in R for the generation of 

scatterplot. Match is used as the x-axis parameter; Runs is 

used as y-axis parameter; to plot the objects as points. The 

parameter HighScore is used as third parameter for the 

identification of object through color. When we compare 

both the figures, there is a clear identification of the problem 

in the scatterplot where the objects are concentrated at one 

place without clear distinction at the bottom-left corner. In 

the case of ComVisMD, there is a clear distinction of 

objects where the observer can easily check the details 

of a particular object and in fact there is no overlapping 

of the objects. The objects are clearly classified and 

clustered based on the algorithm. 

 

 

 

 

 

 

Fig. 5 ComVisMD map view selecting Match in the 

Horizontal dimension and Runs in Vertical dimension. 

Third dimension, ‘HighScore’ (Color dimension) and 

Fourth dimension ‘BatAvg’ (Hole dimension). 

Additionally, a fourth dimension for the distinction of 

objects in terms of a property batting average (attribute 

BatAvg) is provided for finding exceptions. The size of the 

hole indicates a player’s batting averages. Two players 

(objects) at the bottom left corner have very good batting 

average but played a smaller number of matches and scored 

fewer runs too. In comparison with the scatterplot, 

ComVisMD has a compacting factor of about 4, visualizing 

four dimensions on a compact 2D display space. The views 

helped the users to find correlations among selected 

attributes as well as to spot the exceptions. The system was 

tested through fixed or earlier decided attributes for 

classification, for scaling, for coloring, etc. In the latest 

improved version of ComVisMD, we have achieved a 

compacting factor of 5, as shown in Fig. 7. 

 

 

 

 

 

 

Fig. 6 Scatterplot using Match as x-axis and Runs as y-axis. 

Third dimension, ‘HighScore’ (color scaling). 

 

4.2 Second Scenario 

Fig. 7 and Fig. 8 give another comparison between the 

visualization tools Scatterplot and ComVisMD. Fig. 7 shows 



1882  

a scatterplot of objects, the players, of the cricket dataset 

with 3 of the dimensions of Fig. 4: HighScore, Match and 

Runs. For the generation of a scatterplot using Python, the 

attribute Runs is converted to categorical type from the 

numerical type. The correlation trend is as clearly visible as 

with ComVisMD which is shown in Fig. 8. However, the 

best players (in orange) are scattered in a large area of the 

scatterplot whereas in ComVisMD, as previously discussed, 

they are concentrated in a compact region 

 

 

 

 

 

 

 

Fig. 7 Scatterplot using HighScore as x-axis, Match as y-

axis and third dimension, ‘Runs’ as color dimension. 

Furthermore, exceptions are less visible, for example in Fig. 

7, there is a blue left-triangle clearly visible in region 11-

19Match/44-66HighScore: it corresponds to an Indian player 

with a number of runs smaller than the other players in that 

region. That player is not visible on the scatterplot as the 

corresponding dot is amongst the crowded part. Thus, the 

partitioning process of ComVisMD into regions gives equal 

importance to each cell. In so doing, more space can be given 

to each cell, it enables to add information in them such as our 

‘Hole’ and ‘Shape’ dimensions. They could be added in a 

scatterplot but would probably not be as legible as in 

ComVisMD. One can also note that the attributes of 

scatterplots must be numerical, whereas the partition 

approach of ComVisMD allows both numerical and 

categorical data to be displayed. 

 

 

 

 

 

 

Fig. 8 ComVisMD map view selecting HighScore in 

Horizontal dimension and Match in Vertical dimension. 

Third dimension, ‘Runs’ (Color dimension), Fourth 

dimension ‘BatAvg’ (Hole dimension) and Fifth dimension 

‘Country’ (Shape dimension). 

5. CONCLUSION AND FUTURE WORK 

A visualization framework, ComVisMD, focuses on 

compact and multi-dimensional data visualization. It uses 

dynamic scaling for coloring the cells of different shapes, 

like square, hexagon, left-sided triangle, right-sided triangle, 

up-sided triangle and down-sided triangle. The cells 

represent the objects of a dataset on a two-dimensional 

display called map. At present, through our system, we have 

contributed 5-dimensional visualization, an improvement 

from a 4-dimension display and object comparison without 

query. The system enhances the visual analysis capability of 

the user to derive correlations from different scenarios of 

visualization and automatically find the exceptions. 

ComVisMD is constrained with prepared or processed 

dataset in the form of data file in CSV format. In future, the 

system can be optimized according to the user’s choice. 

ComVisMD supports categorical attribute too in comparison 

to only numerical data attribute supported by scatterplot. Our 

compact visualization tool extends the scatterplots to 

represent the objects with additional information to make it 

more effective data visualization tool for finding the 

correlations intuitively. At present, extension support covers 

the color of data points, data points in the form of cells, cells 

in different shapes, compaction through scaling, etc. Further, 

the system may be augmented with saving of visualization 

scenarios, provision of multiple views side-by-side, filtering, 

aggregation and navigation methods. The future work is 

extending the work to large scale datasets based on high 

dimensional dataset and to enhance the map display without 

losing performance. 
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