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Abstract: Internet of Everything (IoE) generates a massive amount of diverse data. To manage this, data is
stored using a special method called a "column-oriented relational framework." In IoE databases, there are lots
of rows (data points) but fewer columns (data types). A column-oriented approach helps improve performance
and manage this large amount of data more efficiently. The way data is stored in these systems can sometimes
lead to problems like data inconsistency and integrity issues, especially when dealing with different types of
data in the same database. Using a column-oriented framework helps address these issues and makes it easier
to store and access data quickly. Analytics is crucial in data science. It helps in understanding and using the
data effectively. Since technology and business needs keep changing, analytics is an ongoing process. Two data
scientists might solve the same problem in different ways, showing how flexible and creative analytics can be.
The main goals are to create and study new data models, frameworks, and algorithms for handling IoE data.
These advancements aim to improve how we manage |oE databases and discover valuable insights from the
data. The research focuses on improving the way loE data is stored and managed using advanced techniques,
addressing storage challenges, and enhancing data analysis to adapt to ever-changing needs.
Keywords:—column oriented database, Internet of Everything (loE) database, knowledge analytic, data
depository, data science

trillions of these connections

Introduction potentially

The loE database management system is a generating massive volumes of data (loE big data),

platform for handling large amounts of structured,
unstructured, and semi-structured data. In many
IoE applications, a lot of data is stored for later
analysis to find useful insights. For example,
sensors in an aircraft produce a huge amount of
data, around 20 terabytes per hour, which is saved
in a black box. This data is then accessed from the
black box as needed for further analysis. While
digital storage technology has greatly improved to
handle large data, the speed of accessing and
analyzing this data still has limitations. So,

managing time-sensitive data access and
performing  predictive analysis on mostly
unstructured loE data remain challenging

problems.

The Internet of Everything (loE) has a major impact
on Big Data. A key point in the evolution of IoE
data science is that each loE object has a unique
identifier and is connected to others. With

current data science and analytics methods will
face significant challenges. The IoE network links
people, processes, places, and things to the
internet for communication across the globe. IoE
objects include both physical and logical elements.
Physical things are people, locations, and devices,
while logical things are processes, frameworks,
applications, software, and programs. All this data
structured, semi-structured, and unstructured
forms a comprehensive IoE database [1].

In an loE database, different types of data are
categorized as follows:

Structured Data: ERP and CRM data.
Semi-Structured Data: XML data.

Unstructured Data: Email documents, social media
content, PDFs, Word documents, and rich text
documents.

Studies show that about 80% of data in an IoE
database is unstructured and lacks predefined
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data models. This unstructured data can include
text, graphics, videos, and symbols. Additionally,
spatio-temporal databases, which contain facts or
events with time stamps, are part of the IoE
database. The rapid growth of loE big data
applications today leads to several problems,
including issues with data volume and speed.
Analyzing and drawing insights (knowledge) from
large loE databases in real-time is becoming
increasingly challenging due to the rapid growth in
data volume and variety associated with many IoE
applications. Real-time IoE knowledge analytics
face several problems, including:

Managing diverse types of knowledge

Converting various types of data into useful
knowledge

Turning that knowledge into actionable steps
Using those actions to make informed decisions
Adjusting decisions to effectively coordinate loE
applications [2]

Researchers have explored combining statistical
and computational learning methods to address
problems in data science and knowledge analytics.
These methods are used to handle various tasks in
loE big data, including data transformation and
analysis, data mining, knowledge discovery,
semantic exploration, and structural analysis.
Machine learning techniques are applied in many
areas of knowledge discovery and semantic
analytics to enhance application intelligence.
However, in most IoE big data applications, a large
volume of data is stored that is often redundant
and not ideal for analysis, modelling, information
transformation, knowledge creation, or decision-
making. A survey by Par Stream reveals that 94%
of organizations face challenges with IoE big data
management and analytics. Despite these
challenges, 70% of organizations believe that IoE
big data analytics can lead to better and more
meaningful decisions[3], [18].

The main goals of the research are to design and
explore data models, frameworks, architectures,
and algorithms focused on network-centric data,
especially loE data, to support data science and
knowledge analytics tasks for intellectual domain
applications.

The objective is to create knowledge analytics
frameworks and algorithms that can build and
organize knowledge and insights. This process aims
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to turn real world applications into intellectual
domain applications.
Data science

and knowledge analytics are

becoming increasingly popular for various
intellectual domain applications. The goal is to
derive valuable insights from large-scale network-
centric data, such as loE data, to generate
intelligence for these applications. Currently,
domain

network-centric data in intellectual

applications are often unstructured and
ambiguous, posing challenges for extracting useful
knowledge. Surveys show that for IoE big data
applications, the time to gain insights is slow, the
quality of insights is poor, and the cost is high. In
contrast, intellectual domain applications need
low-cost, high-quality, and real-time frameworks
and algorithms to efficiently transform their data
into valuable cognitive insights. These insights are
used to enhance the value of intellectual domain

applications.

Related Studies

Here is a summary of the evolution of data science
and analytics (DSA) through its key developments
and milestones:

1960: Peter Naur uses "data science" as a term
similar to computer science.

1974: Naur refers to data science as methods for
data processing across various applications [4].
1977: Turkey suggests that data science involves
exploratory data analysis [5], [23].

1989-1996: New terms and tasks are added to
data science, including data classification, data
mining, and knowledge discovery [6].

1997-2001: Statistical computing becomes part of
data science.

2005: Thomas H. Davenport and others introduce
the use of analytics and data-based decision-
making [7], [26].

2010: Hilary Mason and Chris Wiggins introduce
the term "machine learning" in the context of data
science.

2011: Harlan Harris discusses various data science
techniques, such as statistics, machine learning,
data interpretation, classification, and visualization
[8], [26].

2012 to Present: Data science integrates with
emerging technologies, including loE, big data,
cloud computing, deep learning, extreme learning
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machines (ELM), and other advancements [23],
[24], [25].

Data science is increasingly focused on handling
both big data processing and knowledge analytics,
which are key challenges due to the growing scale
and diversity of data from loE-driven intellectual
domain applications. lIoE data architecture typically
uses NoSQL databases and Hadoop-like platforms
for batch processing of large datasets, which can
be time-consuming. However, real-time or semi-
real-time data processing, management, and
knowledge analytics are even more complex tasks.
Current business intelligence platforms require
timely insights to turn business data into valuable,
actionable knowledge to drive revenue and reduce
potential risks. NoSQL databases are not designed
to handle the knowledge analytics tasks needed
for loE-driven applications, which are essential for
deriving meaningful insights and making informed
decisions.

Column Oriented Relational Framework

The loE database is a spatio-temporal database
that includes event data with timestamps and
geographical locations. For a given time and
location, the physical data value is accurate, but
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this accuracy may not apply universally to all
locations and timestamps. For example, at location
LO01 and timestamp T001, the environmental
temperature might be 40 degrees Celsius. In a
large-scale IoE database, there are many rows and
relatively few columns. Using a column-oriented
relational framework can significantly enhance the
performance of the IoE database, particularly for
data storage and access management. Consider an
IoE relational database 'R' with the following
physical schema.

In the (Table-1),
functional dependencies are defined:

relation 'R’ the following
FD1: IoE Object ID, Timestamp - Temperature
FD2: loE Object ID, Timestamp = Humidity

This means that, for a given lIoE Object ID and Time
stamp, the Temperature and Humidity values are
uniquely determined. In the given functional
dependencies, loE Object ID and Timestamp
together serve as a composite primary key for
relation 'R'. This composite key uniquely identifies
each record in the database.Additionally, within
the geographical coordinate system, the Location
ID can be uniquely determined by the IoE Object
ID. This means that for each IoE Object ID, there is
a specific Location ID associated with it.

Tablel. Sample IoE relational data in R

IoE object ID Location ID Timestamp
1001 Loo1 T001
1002 L002 T001
1003 Lo01 T002
1004 L002 T002
1005 Lo03 T001

Temp(Celsius) Humidity (%)
29 48
30 49
34 53
39 57
31 68

Now, we can express, R" into a column oriented
relational framework as follows.
[{1001,T001:R001};{1002,T001:R002};{I003,T002:
R003}...]

[{29:R001};{30:R002};{34:R003}...]
[{48:R001};{49:R002};{53:R003}...]

Where R001, R002... are the row identifiers and
uniqueness is maintained for each row of relation
SRY.

The multi-object loE device is equipped with
various sensors that generate diverse types of
physical data in different formats and structures.
This variety leads to challenges in data extraction
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and classification, and it also complicates Context of Data Science and Analytics
predictive knowledge analytics.
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Science involves gaining knowledge through
systematic study, so data science similarly focuses
on analyzing data. This includes studying the
organization, properties, and analysis of data, as
well as understanding how data informs our
conclusions and confidence in those conclusions
[10]. The promise of data science is that by
recording and understanding data from a system,
we can use this knowledge and these insights to
improve the system. Data science involves
extracting knowledge from both structured and
unstructured data. It builds on the fields of data
mining and predictive analytics, which are also
referred to as knowledge discovery and data
mining [11].

In data science, various tasks are involved that can
be explored and integrated to develop applications
for different intellectual domains connected to the
physical world. Figure 1 illustrates the structure of
data science. Key tasks in data science include:
Statistical Computing and Visualizations: These
tasks cover data manipulation and cleaning,
importing and exporting data, managing missing
values, handling data frames, functions, lists, and
matrices, writing functions, and using packages.
Efficient programming practices and methods for
summarizing and visualizing data are crucial.
Cognitive Computing: This area of data science
focuses on creating new computational methods

to tackle complex problems through self-learning
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processes. Cognitive computing uses a range of
technologies, such as mathematics, statistics, data
science, and computational science, to generate
intelligent insights and solutions for intellectual
domain applications.

IoE objects can be either logical or physical entities
related to real-world objects. Logical things include
processes, frameworks, software, and applications,
while physical things include people, places, and
devices, as shown in Figure 2.

To construct an IoE object, three main
requirements are needed:

Physical IP System: Provides a unique identity for
each object.

Radio Transceivers: Facilitate communication using
protocol stacks.

Sensing Unit: Collects data from the physical
environment.

The goal is to integrate these components
seamlessly into real-world entities connected to
IoE applications. Such connectivity results in a
with
database

and diverse collection of data,
different

inconsistencies—such as

large

inconsistencies among

frameworks. These

differences in naming conventions, scale,

structure, and levels of abstraction—pose
significant challenges for exploring and analyzing
IoE data. As loE-based applications rapidly grow,

networks of billions of IoE objects generate vast
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amounts of structured, semi-structured, and
unstructured big data in real time. This

proliferation of  data creates  complex
environments for I|oE data science, where
managing and analyzing this data becomes

increasingly challenging.

Based on risk quantification, real-time data
science applications can be classified into three
categories:

Business-Critical Applications: These include IoE
applications used in business intelligence
monitoring. They are important for business
operations but generally involve lower risk
compared to the other categories.

Mission-Critical Applications: These applications
are vital for specific missions or functions, such as
habitat monitoring, smart city monitoring, and
smart home monitoring. They are crucial for
maintaining the effectiveness of systems and
services but carry moderate risk.

Safety-Critical Applications: These involve IoE
applications in areas like industrial automation,
healthcare automation, and elderly activity
supervision. They carry the highest degree of risk
due to their impact on safety and well-being.
Among these categories, safety-critical IoE
applications are considered the highest risk due to
their potential consequences on human safety and
health [46].

In the convergence of IoE and Data Science and
Analytics (DSA), several emerging technologies are
being progressively integrated. In our work, we
utilize data from the Internet of Everything (IoE) to

analyze case-based problem scenarios and model
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