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ABSTRACT

IMPLEMENTING REAL-TIME DATA ANALYTICS METHODS FOR
PREDICTIVE MANUFACTURING IN OIL AND GAS INDUSTRY:
FROM THE PERSPECTIVE OF INDUSTRY 4.0

Yeldan, Yigit
M.S., Department of Science and Technology Policy Studies

Supervisor: Prof. Dr. M. Teoman Pamuk¢u

September 2019, 134 pages

With the recent developments in statistics and computer science, digitalization has
become more important for manufacturing companies. Thanks to the progress made
in the area of information technologies, it has become possible for all production
systems to communicate with each other by transmitting and receiving data digitally
in order to manage the decision-making process in the best manner. Several studies
suggest that production processes that are based on full automation will be
compulsory for companies to survive in the future. According to field experts, the
new industrial revolution which covers Big Data and the Internet of Things will be a
process of digital manufacturing, known as Industry 4.0. In this revolution process,
computers can analyze the data collected from the digital components placed in the
production area and decide the best action to take automatically. This study conducts
a comprehensive review of Industry 4.0 technologies and the contribution of these

technologies to the oil and gas sector.

Keywords: Industry 4.0, Oil and Gas Sector, Big Data, Data Analytics.
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PETROL VE GAZ SEKTORUNDE TAHMINE DAYALI URETIM ICIN
GERCEK ZAMANLI VERI ANALITIGI YONTEMLERININ UYGULANMASI:
ENDUSTRI 4.0 PERSPEKTIF1

Yeldan, Yigit
Yiiksek Lisans, Bilim ve Teknoloji Politikalar1 Calismalar1 Boliimii

Tez Yoneticisi: Prof. Dr. M. Teoman Pamuk¢u

Eyliil 2019, 134 sayfa

Istatistik ve bilgisayar bilimlerindeki gelismelerle birlikte dijitallesme, imalat
sirketleri i¢cin daha 6nemli hale geldi. Bilgi teknolojileri alaninda kaydedilen ilerleme
sayesinde, tlim iiretim sistemlerinin, karar verme siirecini en iyi sekilde yonetebilmesi
amaciyla dijital olarak veri aligverisinde bulunarak birbiriyle iletisim kurmasi
miimkiin olmustur. Bazi ¢alismalar, tam otomasyona dayali {iretim siire¢lerinin,
sirketlerin  gelecekte hayatta kalabilmeleri acisindan zorunlu olacagini
gostermektedir. Alan uzmanlarma gore, Biiyikk Veri ve Nesnelerin Interneti'ni
kapsayan yeni sanayi devrimi, Endiistri 4.0 olarak bilinen bir dijital {iretim stireci
olacak. Bu devrim siirecinde, bilgisayarlar iiretim alaninda konumlanmis dijital
bilesenlerden toplanan verileri analiz edebilir ve en uygun aksiyonu otomatik olarak
alabilir. Bu ¢alisma dahilinde Endiistri 4.0 teknolojileri ve bu teknolojilerin petrol ve

gaz sektoriine olan katkis1 hakkinda kapsamli bir inceleme yapilmaktadir.

Anahtar Kelimeler: Endiistri 4.0, Petrol ve Gaz Sektorii, Biiyiik Veri, Veri
Analitigi.
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CHAPTER 1

INTRODUCTION

Companies have missed important opportunities due to the fact that they have not
been able to realize the transformation of the industry from the past industrial
revolutions (Stock & Seliger, 2016). In this thesis, technology policies necessary to
manage Industry 4.0 transition with real-time data analytics in process manufacturing

industry will be investigated based on the example of oil and gas industry in Turkey.

1.1. Digitalization

Digitalization is drastically changing manufacturing processes, from production
methods to customer expectations and distribution channels. Through digitalization,
companies are making significant gains (Legner et al., 2017). Digitalization plays a
critical role in improving production performance and achieving manufacturing
goals, and most importantly in enhancing competitiveness. Digitization, on the other
hand, is a method of converting information into a computer-readable digital form.
That is to say, the method of transforming data into a digital format is known as
digitization. Digitalization performs digitization of information, making it more
convenient to archive, easily access and share information (Gray & Rumpe, 2015).
All these developments bring industries to a new phase and cause countries to enter
a digital transformation race. Digitalization is at the center of the transformation in
the industry by undertaking the task of driving force. Digital technologies such as Big
Data and real-time data analytics can be used by companies to respond to changing

customer demands as well as operational improvements (Bloomberg, 2018).



1.2. Industry 4.0 and Rise of the Internet of Things

Industry 4.0 and digitalization are generally used as synonyms (Gray & Rumpe,
2015). In this thesis, I frequently prefer to use the term Industry 4.0 instead of the
terms digital transformation and digitalization to provide clarity. While the first
industrial revolution was based on water and steam power with mechanical
innovations, it was followed by the second industrial revolution, the electrification of
the factories and mass production. In Industry 2.0, Frederick Taylor published the
scientific management principles. In this era, the demand was in two dimensions;
volume and variation. The Taylor Theory was pursued by two innovators, Henry
Ford, and Taiichi Ohno. Ford addressed the supply shortage using mass production
assembly lines in product quantities. On the other hand, by creating the Toyota
manufacturing system, Ohno tackled multiple client interests in product variants (Yin
et al., 2018). Then, the digital revolution, the third industrial revolution, brought
computerization. Automation, computers, and electronics are introduced in this stage.
The third industrial revolution is the crossroads between Ford's move to higher
productivity and the smart procedures under Industry 4.0 stage. Not only were
procedures simplified as they were at Ford but also automation increased the
efficiency of essential components for the manufacturing process. Lastly, Industry
4.0 aimed to define Germany's research and development investments related to
production in the coming years (Almada-Lobo, 2016). Development and production
processes in Industry 4.0 are increasingly flexible, effective and customized. Using
the latest intelligent information and communication technologies, production,
logistics, and customers are intermeshed. Industry 4.0 includes a variety of
technologies (Riissmann et al., 2015). Some of these technologies are Big Data and
data analytics, digital automation with sensors, additive manufacturing, robotics and
cloud services (Dalenogare et al., 2018). In this thesis, the main focus is on the effects
of Big Data and real-time data analytics on the oil and gas sector from the perspective
of Industry 4.0. In this way, I focus on how to produce more valuable information
from data in process manufacturing companies having a pre-established sensor

infrastructure.



Low-cost production, minimum energy use, time-saving, high-speed operation,
higher yields, and better quality products are among the objectives of Industry 4.0
(Yin et al., 2018). Industry 4.0 technologies can facilitate the problematic parts of
industries such as faulty production, stock waste, and equipment failure by using the
power of Big Data and the Internet of Things (IoT) (Yin et al., 2018). Big Data and
Internet of Things concepts are among the main topics in Industry 4.0. Big Data
definition is generally associated with a very big amount of data to be analyzed. Big
Data is defined as high-volume, high-speed and high-variability data that requires
innovative solutions for processing (Jagadish, 2015). In order to transform the data
into information, it is necessary to record the data collected in accordance with a
certain order and systematic. Thus, data warehouses have gained importance,
especially with the concept of Big Data. Depending on the type of the data, different
techniques have come to the forefront, such as collecting, processing, presenting,
storing and analyzing the data. Figure 1 shows the journey of data within a firm
(Becker, 2016). Big Data starts with the acquisition of the data, then requires the
analysis of the data, verification of the data, storage of the data and finally usage of
the data. The users can be executives who make decisions using the data. To illustrate
the importance of Big Data, Airbus, a leading aircraft manufacturer, uses Big Data
analysis to accelerate its product testing processes. In fact, each test flight produces
terabytes of data showing the performance of the aircraft. Big Data analysis has
reduced testing time by 30 percent by accelerating data analysis processes for Airbus

analysts (Oracle 2016).

Big Data Value Chain
Data Acquisition | Data Analysis Data Curation Data Storage Data Usage
® Structured * Machine * Data * In-Memory |® Decision support
data Learning Quality Databases |e Prediction
e  Unstructured |® Cross- s Data s Cloud
data sectional Validation storage
data
analysis

Figure 1. Data usage in the Big Data value chain



The Internet of Things, on the other hand, includes adding digital sensors and network
technologies to the devices. It deals with the control of systems that can be monitored
by computers or smartphones. When we think about the manufacturing, we can
understand the importance of continuously monitoring and analyzing the data from
production lines monitored by the sensors. Industry 4.0 aims to bring the industrial
revolution to the business with the help of advanced information systems. Therefore,
digitalization for companies corresponds to the utilization of their Big Data and use
of the Internet of Things to make fast decisions. After the Internet of Things and Big
Data platforms are established, analysis can be performed with real-time data
analytics methods (Matt el al., 2015). In order to make decisions, manufacturing
companies need data from their production systems. With the decreasing costs of
bandwidth, storage and sensors, IT systems can support monitoring of industrial
machines. This means that industrial machinery can be monitored on enterprise-scale
thanks to the Big Data and Internet of Things. However, the smooth monitoring of
the machines is directly related to the quality of the incoming data. Thus, the quality
of the data is critical in order to create valuable information. As seen in Table 1, the
quality of data from the production line should be questioned by each institution in

order to provide useful information.

Table 1
Dimensions of data quality

Data Quality Description

Dimension

Accuracy Are the data free of errors?

Timeliness Are the data up-to-date?

Consistency Are the data presented in the same format?
Completeness Are required data missing?

Source: Hazen (2014).

Enterprise data warehousing and quality data processing have a crucial role in the

digitalization of companies and their transition to Industry 4.0 applications.



Incomplete or inaccurate data causes waste of time and loss of decision-making
opportunities. In recent years, companies in nearly all industries have taken a number
of initiatives to explore and benefit from new digital technologies. This often involves
changes in key business operations and affects products and processes, as well as
organizational structures and concepts of management. Companies can utilize new
technologies such as Big Data management software tools and get the maximum
benefit from productivity opportunities when they use them to solve problems they
did not foresee (Lee et al., 2013). These new technologies for manufacturing

companies are the Big Data and Internet of Things (Cecchinel et al., 2014).

The way to increase productivity in manufacturing is to have full control over the
processes such as the production and post-production phases. In these processes, if
there are neglected parts, there will be a loss of efficiency. In order to prevent this
loss, it would be wise to control every phase of the production process. For instance,
Smart Factories will be the next generation of production facilities, where machines
are communicating among themselves. Thus, efficiency will be controlled through
information extracted from Big Data at every stage of production. It is supposed that
digital transformation with Big Data and statistical learning methods will enable real-
time examination of industry processes with cheaper, more sustainable and efficient
production (Matt el al., 2015). For instance, in light of an overview of more than
4,000 information technology experts from 93 nations and 25 ventures, the IBM Tech
Trends Report (2011) distinguished Big Data analysis as one of the four noteworthy

innovations in the 2010s.

With the Internet of Things, the data produced by machines can communicate with
each other. In fact, these systems are currently in use. For example, there are
applications that collect data from the human body. These applications are aware of
the steps that people take in the day and tell them what needs to be done to be
healthier. These applications can exchange data between each other, make
suggestions to people and analyze the person in a better way. The places where people
travel, the energy they spend in the day and their physical movements are collected
with the help of sensors and mobile applications can make predictions for individuals

to lead a healthier life (Zubair et al., 2016). The same situation will now be observed
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in production systems. The machines will communicate with each other and set up
their own intelligent environments. In the oil and gas sector, the data obtained via
sensors can be used to improve operations, increase efficiency and prevent failure
mechanisms. As Big Data systems increase the speed of operation, they can be used
to work with suppliers under better conditions and to optimize the costly parts of
production (OECD, 2017). The expectation of the digital transformation in the
manufacturing industry is to increase the value-added by improving the
manufacturing processes in such a way that they can make maximum use of their
applications that increase the speed, efficiency, flexibility, and quality brought by
digital technologies. Fortunately, the use of Big Data to gain the advantages from
analytics to enhance operational processes seems a reachable target (Zikopoulos et
al., 2012). Predictive maintenance, for instance, is aimed at predicting when a failure
of the equipment can occur and preventing failure before the problem occurs by
analyzing Big Data gathered from manufacturing systems (Lee at al., 2013). Big Data
can be analyzed by using real-time data analytics techniques. Generally, the methods
in analytics are composed of finding parameters that best explains the relationship
between inputs and outputs. Computer Engineering and Statistics are the two most
important research areas used in analytical studies. In general, most of the industrial
companies directly target predictive maintenance by using Big Data as it yields the

fastest return on investment and results (Gilchrist, 2016).

Digitalization in the manufacturing industry has the potential to create value through
productivity increase at every stage of the value chain. While digitalization offers
significant opportunities for countries and businesses that have made progress in this
regard, they pose a major threat to the countries and enterprises that have not taken
steps in this area. In the digital transformation process of the manufacturing industry,
in order to be in a competitive position, digital technologies must be utilized

efficiently and effectively.



1.3. Data Analytics and Machine Learning

In order to reach Industry 4.0, I have indicated that manufacturing companies must
have large amounts of data and monitor them continuously. I also emphasized that
companies should be able to process and store their data in real-time with high-
processor-powered computers. The meaning extracted from the data produced by
sensors, which are in communication with each other, is the real valuable information
for the companies. These insights can be captured with data analytics and machine

learning methods which are the intersection of statistics and computer engineering.

Data Analytics is a field of study that aims to unleash the potential of information by
integrating statistical science and modern numerical calculation methods to create
business value from high volume data (Jagadish, 2015). Data analytics is a collection
of fundamental values that encourage and guide fundamental information extraction.
Data analytics may be the closest notion to information science which is the real
extraction of information by means of statistical techniques. In fact, there are
hundreds of algorithms and field methods in data analytics (Provost & Fawcett,
2013). Machine learning, on the other hand, aims to model a situation using historical
data so that when new data arrives, it can be labeled with the learned system. Machine
learning has become one of the most significant subjects in order to find creative
methods to use the information to assist the company to achieve a higher level of
knowledge. The machine learning models are continuously updated as data is
continually added. The value is that firms can have the opportunity to predict the
future since they use the best and ever-changing data sources in the context of their

real-time data with machine learning (Simeone, 2018).

1.4. Objectives and Scope of the Study

This study will investigate the contribution of Big Data and real-time data analytics
which are two major components of Industry 4.0 to the oil and gas sector. While there
exist studies on the concepts of Big Data and real-time data analytics in the literature,
there are key questions and notions that are still not discussed in the literature in terms

of cost reduction, equipment uptime, operations speed, product quality and workplace
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safety in the manufacturing sector. The aim of this thesis is to design technology
policies for companies in the oil and gas industry to make better use of Big Data and
data analytics technologies.The rest of this thesis is structured as follows. Chapter 2
starts with a literature review on Industry 4.0 applications in manufacturing. In
Chapter 3, the methodology conducted to investigate the Industry 4.0 effect in
manufacturing in terms of cost reduction, equipment uptime and availability,
operations speed, product quality, and safety is unveiled. In Chapter 4, findings from
the questionnaire and interviews are explained and the results are discussed. Finally,
in Chapter 5, the contributions of this thesis to the literature are outlined and

discussed.



CHAPTER 2

LITERATURE REVIEW

This section reviews the literature related to Industry 4.0 in manufacturing industry.
I discuss the academic literature about the importance of digitalization for the oil and
gas sector. The aim of this thesis is to understand how to optimize production
operations by implementing real-time data analytics in oil and gas industry and
propose technology policies for manufacturing sector to assist decision-makers to
achieve their business outcomes. Thus, this thesis addresses the importance of Big
Data and real-time data analytics for process manufacturing companies. In the
previous literature studies, the impact of data analytics and Big Data has been
assessed only to a very limited extent. However, this thesis examines the contribution

of data analytics and Big Data concepts to the production sector in more detail.

2.1. The Growing Significance of Big Data in the Industry

Big Data is different compared to previous data management systems. Increasing use
of the Internet and the decreasing cost of computer data storage made Big Data
distinct in terms of its volume, velocity, and variety (McAfee & Brynjolfsson, 2012).
Volume represents the amount of data generated by enterprise IT systems. Velocity
pertains to the speed at which data is produced. Variety alludes to all structured and
unstructured data that can be generated by computer systems (Zikopoulos et al.,
2012). A series of recent studies have indicated that the growth rate of data is
anticipated to increase twice every two years (Nagorny et al., 2016). This trend is also
valid in the field of manufacturing. The vision of Industry 4.0 aims to establish an
industrial infrastructure in which manufacturing processes can exchange information
through a network compatible with the architecture of enterprise information

technologies, and as a result, it will be easier to find significant implications for



manufacturing processes (Nagorny et al., 2016). Hence, Industry 4.0 requires
companies to gain instant insights with the help of real-time data analytics. By using
Industry 4.0 applications, manufacturing companies can improve their production
processes, product quality, and supply chain performance. In this way, they can
determine the inefficiencies in production and carry out preventive actions with real-
time data analytics (Almada-Lobo, 2016). Furthermore, it is estimated that the
potential benefits gained from the use of Big Data, as well as the challenges it will
pose, will differ from sector to sector. It is expected that manufacturing industries,
government organizations as well as finance and insurance sectors will benefit from
the use of Big Data (Yin & Kaynak, 2015). The analysis implies that the Internet of
Things can benefit global gross domestic product up to $ 15 trillion over the next

twenty years (Evans & Anninziata, 2012).

2.2. Expected Benefits of Transitioning to Industry 4.0

The terms “Industry 4.0” and “Big Data” are utilized to depict advances empowering
the collection, management, and analysis of datasets that are too large for
conventional database systems (Tambe, 2014). Industry 4.0 technologies are not only
billboards that show production data in real-time, but also a management module,
where stored data can be analyzed to find trends, carry out forecasts for operations in
manufacturing processes (Snatkin et al., 2013). With the transformation of Industry
4.0, improvements are expected in the area of productivity, growth, investment and
employment in industry (TUSIAD, 2016). Table 2 lists the ten types of technologies
commonly associated with the fourth industrial revolution. Some of these
technologies are Computer-Aided Design, Integrated engineering systems, flexible
manufacturing lines and Big Data analysis. In this thesis, analyses will be made on

the contribution of real-time data analytics methods from Big Data systems.
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Table 2
Technologies of the Industry 4.0

Technologies

Definition

Computer-Aided Design and

Manufacturing

Development of projects
manufacturing, based on computerized

systems (Scheer, 2012).

Integrated engineering systems

Integration of IT support systems for
information exchange in product
development and  manufacturing

(Kagermann et al., 2013).

Digital automation with sensors

Automation systems with embedded
sensor technology for monitoring
through data gathering (Saldivar et al.,
2015).

Flexible manufacturing lines

Digital automation with  sensor
technology in manufacturing processes
(e.g. radio frequency identification —
RFID — in product components and raw
material), to promote Reconfigurable
Manufacturing Systems (RMS) and to
enable the integration and
rearrangement of the product with the
industrial environment in a cost-

efficient way (Brettel et al., 2014).
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Table 2 (cont’d)

Manufacturing Execution Systems
(MES) and Supervisory control and
data acquisition (SCADA)

Real-time data collection using SCADA
and remote control of production,
transforming long-term scheduling in
short term  orders  considering
restrictions, with MES (Jeschke et al.,

2017).

Simulations/analysis of virtual models

Finite Elements and Computational
Fluid Dynamicsfor engineering projects
and model-based design of systems,
where synthesized models' simulate
properties of the implemented model?

(Saldivar et al., 2015).

Big Data collection and analysis

Correlation of great quantities of data
for applications in real-time data
analytics, data mining and statistical

analysis (Gilchrist, 2016).

Digital Product-Service Systems

Incorporation of digital services in
products based on IoT platforms,
embedded sensors, processors, and
software enabling new capabilities

(Porter and Heppelmann, 2014).

! Synthesized models are designed to automatically generate a large model that resembles a small

example model provided by the user.

2 Implemented models are true representation of the mathematical model.
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Table 2 (cont’d)

Additive manufacturing, fast Versatile manufacturing machines for
prototyping or 3D impression flexible manufacturing systems,
transforming digital 3D models into

physical products (Garrett, 2014).

Cloud services for products Application of cloud computing in
products, extending their capabilities
and related services (Porter and

Heppelmann, 2014).

Source: Dalenogare et al. (2018).

Current industrial revolution is guiding the industry toward maximum leverage from
the benefits of interconnected systems in Big Data environment. Companies with a
more futuristic vision that establish new methodologies in their culture will have the
opportunity of being significantly profitable in the recent future (Bagheri et al., 2014).
Many production systems are not ready to manage Big Data because of the lack of
analytical tools (Matt el al., 2015). Thus, embedded intelligent software systems
integrated into industrial systems can go even further with predictive technologies
and machine learning algorithms. These technologies can be used to anticipate
degradation in product performance. (Lee et al., 2014). To illustrate the benefits of
Big Data analysis, a case study was investigated for the company named SPEC which
is an integrated engineering, design, project management, and construction service
provider for various sectors. In their article, Tan et al. (2015) stated that a real-time
data analytics infrastructure is needed to help managers use their existing Big Data to
gain competitive advantage in the sector. It is pointed out in the article that the
greatest need is to interconnect the large datasets to create a consistent picture of a
particular manufacturing problem. The CEO of the company remarked that with the
Big Data and Internet of Things, the company SPEC has used their maximum
production capacity (Tan et al., 2015). Furthermore, IoT enables manufacturing
companies that collect data via sensors to better monitor the status of their products
and thus make better decisions using real-time operations data (OECD, 2017). One

of the world's biggest truck body producer uses Internet of Things to oversee the
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maintenance of their trailers (OECD, 2017). This helps its customers to minimize
downtimes (OECD, 2017). Moreover, 10T is used by power generation equipment
manufacturers to anticipate unexpected situations in their complex operations (Chick,
Netessine and Huchzermeier, 2014). In addition, estimates from Japan indicate that
the use of real-time data analytics in companies can cover maintenance costs by JPY
5 trillion (OECD, 2017). More than JPY 45 billion can be earned with cost savings
related to electricity by using Big Data and real-time data analytics (MIC, 2013).
Estimates for Germany show that improved IoT use in manufacturing can increase
productivity by 5% to 8% (OECD, 2017). Manufacturing companies
are anticipated to achieve the greatest productivity gains (Riissmann et al., 2015).
With Industry 4.0, it is predicted that up to 78 billion euros could be generated by
2025, particularly in the mechanical, automotive, chemical and IT sectors as potential

contributions in German Industry. (OECD, 2017).

In the manufacturing industry, business gains are achieved with reduced unplanned
downtimes (Gilchrist, 2016). To illustrate, Industrial Internet of Things (IloT)
provides a way to bring visibility into the company's operations and assets through
the integration of machine sensors, analytics and storage systems. Therefore, it
provides a method for transforming operational processes using advanced real-time
data analytics (Matt el al., 2015). IIoT focuses specifically on manufacturing industry
(McClelland, 2016). Manufacturers in every sector have an important opportunity not
only to monitor but also automate many complex manufacturing processes. Although
systems are able to monitor progress in the production plant, IIoT technology gives
the managers much more detailed information. According to the survey of Aberdeen
Group, it is stated that the most important benefit of IloT is cost reduction. Equipment
uptime, increased operations speed, improved product quality, and improved safety
are among the other benefits that can be reached via IIoT (Aberdeen Group, 2017).
Therefore, companies need to have well-designed IT infrastructure resources on their
digitalization path. Indeed, fast operational transactions, Big Data storage, and high-
performance analysis require significant IT investments (Gilchrist, 2016). Besides,
with the development of technology, manufacturing companies do not have to obtain
the infrastructure required for the transition to Industry 4.0 through their own

information systems. Cloud technologies can provide processing power and storage
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space for the manufacturing industry in order for them to store the combination of all

sensor data (Dillon et al., 2010).

Cloud computing provides access to computing resources on a flexible demand with
low management effort (OECD, 2014). To clarify, cloud computing provides access
to a pool of common computing resources, which can be quickly configured and
provided with low levels of management effort (Dillon et al., 2010). Lots of advanced
industrial applications, such as autonomous machines and systems, require
supercomputers (OECD, 2017). Cloud computing addresses remote data storage
problems, such as the cost of saving Big Data sets. Cloud providers also supply
analytical tools to process huge quantities of information. These technologies are
maturing and becoming increasingly available, and it seems that this is a major
development in order to bring firms to Industry 4.0 (Gilchrist, 2016). Cloud
computing has played an important role in expanding the availability and capacity of
highly scalable computing resources, especially for startups and SMEs (OECD,
2017). This is because cloud computing services can easily be scaled, used on-
demand and paid for per-user or capacity used (OECD, 2017). Thus, firms can have
cloud computing to sharpen their business agility and reduce IT investment costs

(OECD, 2017).

Cloud computing services can be a software (SaaS as a service) or can be extended
to platforms (PaaS as a service) or infrastructure (IaaS as a service), and can be
deployed for private use, public use or under a hybrid format of PaaS and SaaS
(OECD, 2017). In a SaaS service model, cloud consumers distribute their applications
into a hosting environment accessible by various clients. PaaS service model, on the
other hand, is the software lifecycle development platform that allows cloud users to
develop IT services directly on the PaaS cloud. Lastly, in the IaaS service model,
virtualized computing resources such as processing power and computer data storage
are provided over the Internet (Dillon et al., 2010). In order to understand the strategic
importance of cloud computing, a survey was conducted by cloud computing
technology provider VMware (2011). It was found that 57% of all respondents
consisting of 373 business leaders pointed out that speeding up the execution of

projects is one of the most common reasons for adopting cloud computing. In
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addition, 56% of the leaders prefer cloud computing because they can quickly adapt
to market opportunities and 55% of them choose cloud technologies because of its

ability to scale costs relative to revenue (OECD, 2017).

2.3. Oil and Gas Industry Outlook

The natural substances of crude oil and natural gas are found in earth's crust. Oil and
gas are biological substances produced through compression of sedimentary rock
remains of plants and animals, such as sandstone and calcite. The sedimentary rock
is a product of deposits in old oceans and other water systems. Crop layers and
sedimentation residues of ocean animals were included in the rock because the
sediment layers were deposited at the ocean floor. After exposure to certain
temperatures and pressures in the depths of the earth, the organic matter ultimately

turns into oil and gas (McClay, 2019).

Oil and gas industry can be divided into two parts according to their functions in the
supply chain. Upstream activities include natural resource development whose output
is a primary commodity through production which are crude oil and natural gas.
Downstream activities, on the other hand, create added value in products that
constitute a final commodity (Singer & Donoso, 2008). In comparison, the
downstream method includes processing the collected materials into a completed
item during the upstream phase. In addition, the downstream phase involves the sale

of items such as gas and diesel.

The oil and gas industry can also be defined more broadly. The main mechanisms
used in the oil and gas industry are exploration, upstream, midstream, refining and
petrochemical (Devold, 2006). Above all, the upstream industry includes raw
material exploration and production (E&P). The downstream sector focuses on oil
and gas refining, processing, transportation, marketing, and distribution. As shown in
Table 3, oil and gas industry operations mainly include locating, extracting,

processing, and refining crude oil.
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Table 3

An overview of the oil and gas industry production stream

Exploration

Includes prospecting and seismic activities beneath the ground.

Upstream

Usually refers to all oil and gas production and stabilization facilities. Includes
bringing the crude oil to the surface. The upstream stage can include petroeum
processing from the wellhead. Together, exploration and production are called

E&P.

Midstream

Oil and gas pipeline systems. It can include processing, storage and transportation

of crude oil and natural gas.

Refining

Where oil and gas are converted into commercial products with defined

specifications, such as gasoline, diesel or jet fuel.

Petrochemical

They are chemical products in which hydrocarbons are the main feedstock. Mainly

produces plastics and cosmetics.

Source: Devold (2006).

The oil and gas industry is a complex, data-driven business with exponentially
increasing data volumes (Baaziz & Quoniam, 2014). In terms of production
monitoring, large datasets generated by oil and gas companies are invaluable. Real-
time data analysis for the oil and gas industry contains all of the Big Data
terminologies which are volume velocity, variety, and veracity (Khodabakhsh et al.,
2017). Structured and unstructured data are being used simultaneously with oil and
gas operations. Oil and gas industry must analyze more data than ever before in order
to obtain meaningful information from Big Data (Baaziz and Quoniam, 2014). Under
these circumstances, traditional analytical methods such as basic statistical analysis
from small dataset may not be enough. Oil and gas sector can gain insights from their
operations data through the appropriate infrastructure and tools associated with Big

Data and IoT (Baaziz & Quoniam, 2014).
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Data-driven methods are therefore robust instruments for converting data into
knowledge in the oil and gas sector. Because of the lack of well-organized data, Big
Data was not effectively used in analyzing processes, where there is an enormous
potential to convert terabytes of data into knowledge. Thus, complex processes within
the oil and gas industry can only be revealed by using proper Big Data analytics

methods (Baaziz & Quoniam, 2014).

2.4. Digital Technologies to Optimize Operations in the Oil and Gas Industry

Previous studies have emphasized that with the help of digital technologies, firms can
reduce their costs and improve their equipment uptime by converting their Big Data
into knowledge. In their paper, Baaziz, and Quoniam (2014) state that "Big Data is
the oil of the new economy". Their study emphasized that Big Data is similar to crude
oil. To have a value, it has to be broken down and analyzed. The oil and gas
companies use tens of thousands of data collection sensors for the purpose of real-
time monitoring of their assets. Their findings remarked that the understanding and

use of Big Data allows oil and gas companies to remain competitive in the sector.

In the past, information technologies was used in oil and gas production, but
employees had limited ability to process the vast amounts of data produced by a
drilling plant because its storage was expensive and not feasible (Baaziz and
Quoniam, 2014). Industry 4.0 has changed this process. Now drilling plants are able
to return huge amounts of the raw data collected from production sensors for cloud
storage. In order to discover new reservoirs in upstream operations, the oil and gas
industry relies on the real-time data analytics technologies. In order to explore newly
discovered oil and gas resources, modern sensors, analytics and automation processes
are necessary (Baaziz & Quoniam, 2014). The oil and gas industry is furthermore
able to obtain data related to the status of the machinery and process condition. These
technological breakthroughs, such as high bandwidth communications, wireless
sensor technology, cloud data storage, and advanced analytical tools enable

production systems to be more understandable. Fortunately, Industry 4.0 technologies
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can provide the necessary computing, data storage, and industrial scalability to

deliver real-time data analysis for the oil and gas industry (Gilchrist, 2016).

It is important to understand that Big Data and the concepts of Industry 4.0 promise
to change what oil companies can do and how they can operate (Baaziz & Quoniam,
2014). The overall reason for the excitement created in relation to the Big Data has
long been something that manufacturing organizations desire: better decision-making
(Regalado, 2014). For many years, the petroleum and gas industry has confronted
massive data, yet Big Data is a relatively new concept that is capable of significantly
reforming the industry. In the past, a large proportion of the data collected in the oil
and gas sector tended to be discarded or ignored (Perrons & Jensen, 2015). Actually,
modern oil and gas companies could have data centers that contain up to 20 petabytes
of information that is roughly 926 times the size of the United States Congress
Bibliothéque. When this information was copied into papers in the bookshelf, it

would go roughly six times around the Earth equator (Beckwith, 2011).

Big Data differs from traditional databases in terms of volume, velocity, and variety
of data (McAfee & Brynjolfsson, 2012). Decreasing data collection and storage costs
have led to a fundamental change in the way data quality and volume are evaluated.
In the past, the collection of data was based on the sampling of a subset of the general
population. The shift towards Big Data, on the other hand, led to greater tolerance for
imprecision since companies can have a lot of information about their processes.
Greater numbers of data make firms become more comfortable with uncertainty

(Mayer-Schonberger & Cukier, 2013).

Contrary to popular belief, Big Data systems have been intensely used in the oil and
gas industry (Perrons & Jensen, 2015). However, the oil and gas sector is becoming
highly competitive and regulated. Thus, oil companies are striving to access hidden
information in their core assets by using their data (Holdaway, 2014). Oil and gas
companies must increase production, optimize cost and reduce the impact of
environmental hazards against fluctuating demands and price volatility (Baaziz &
Quoniam, 2014). Oil and gas industry, therefore, needs to synthesize diverse data

sources into a unified set in order to support real-time decisions (Holdaway, 2014).
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2.5. Manufacturing Problems and Industry 4.0

In oil and gas companies, as in other manufacturing companies, the operational
continuity and the functioning of the equipment are of great importance in terms of
costs. By monitoring data collected continuously from the equipment and making
predictions on the basis of these data, problems in production stage can be prevented
which may bring a big cost burden (Perrons & Jensen, 2015). After the initial
purchase, the lifetime costs of maintaining important equipment can be materially
shocking in the oil and gas sector (Perrons & Jensen, 2015). Refineries have routine
maintenance procedures, no matter how different their flowchart is. Planned closures
mean that production equipment are paused, so maintenance teams stop and inspect
the machine according to the manufacturer's recommended programs even if the
machines are in perfect working condition. Here, the importance of data is revealed
with the benefits of predicting planned maintenance to be done at the right time and
increasing production profitability or by avoiding uncontrolled maintenance.
However, the main issue is that the conditions affecting the equipment life are not the
same in every refinery, and thus the proper data analytics methods can extend the
service life of the equipment. The recommended maintenance programs included in
the equipment manuals are based on faulty statistics and do not take into account that

equipment in the real world cannot always fail at an average speed (Holdaway, 2014).

Corrosion and fouling are two of the important factors affecting the life of equipment
in refineries (Prabha, 2014). There are a variety of corrosive environments in the
petroleum sector. Corrosion problems can occur in the production, transportation and
refining process of oil and gas (Prabha, 2014). There are serious corrosion challenges
in oil and gas sector. In general water, carbon dioxide and hydrogen sulfide cause
internal corrosion in the oil and gas industry (Rahuma & Bobby, 2014). Similar to
corrosion, any undesired material is called fouling on equipment surfaces. The
thermal and mechanical performance of equipment may be significantly affected by
fouling. Thus, oil and gas companies are looking to extend the lifetime of their assets
beyond their original design life. This makes life extension an even more critical and
highly discussed subject in the petroleum and gas industry with the goal of improving
economic viability and increasing profitability (Rahuma & Bobby, 2014). The other
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situation can be the fouling of equipment. The preheating heat exchanger in the crude
oil distillation unit (CDU) is costly in terms of operation and is difficult to deal with
due to uncertainty in the fouling process (Mozdianfard and Behranvand, 2015).
Fouling in the preheating system for crude oil distillation has become one of the most
challenging issues in the refinery industry (Loyola-Fuentes et al., 2017). For a single
crude oil distillation unit, the pollution-related cost can reach millions of dollars a
year. Given a contamination pattern, the accumulation can be reduced by
manipulating the heat exchanger tube wall temperatures, the wall shear stress and the
cleanliness of the heat exchangers. Pollution models can be developed from
laboratory tests, but such experimental studies require significant amounts of time. In
addition, conditions controlled during a test can not be reliably calculated for field
operations. Modeling of contamination threshold also shows hazards. Each pollution
rate model is developed for a specific mechanism and every parameter in these
models can change significantly when the type of crude oil changes. To overcome
these problems, a new methodology for identifying pollution models is proposed
from on-line data and removes the need for laboratory experiments. When the heat
transfer coefficients are combined with the different contaminant mechanism models
for the individual heat exchangers, the resulting information is used to estimate the
foiling behavior in a heat exchanger network (Mozdianfard & Behranvand, 2015).
One of the key parameters for providing an effective distillation process is the thermal
efficiency of the preheating train, which can be influenced by the undesired
accumulation of solid heat transfer in the heat transfer surface of each heat exchanger.
The precipitation process (Epstein, 1983), known as pollution, is one of the most
challenging problems of researchers and industries. Different mechanisms and
dynamic behavior of pollution are not fully understood (Lemke, 1999). The cost of
losses can be as high as USD $ 1.5 million over a 3-month period (Bories &
Patureaux, 2003) in terms of total pollution costs in crude oil refining. Pollution can
be reduced by correcting or manipulating a certain process and design parameters
(Loyola-Fuentes et al., 2017). However, by using Big Data systems in refineries, an
analytical model can be developed that use machine learning methods which can
predict the rate of pollution in heat exchangers and achieve a decrease in heat transfer
efficiency. This can be calculated by using artificial intelligence algorithms on the

Big Data that comes from the moment when the expensive equipment needs for
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maintenance. This prediction model can then be integrated into a preventative
maintenance diagnostic tool to plan the cleaning of the heat exchanger to remove
contaminants and maximize the efficiency of the heat exchanger. Thus, oil and gas
companies can gain great profitability using Industry 4.0 technologies (Gadalla et al.

2003).

On the whole, predictive maintenance (PdM) can help oil and gas companies become
agile, flexible, faster and better equipped to adapt their operations. The dissemination
and exploitation of predictive maintenance estimates with Data Analytics methods
have the potential to save billions of dollars in the oil and gas industry every year. As
income can vary considerably in the oil and gas industry due to the changing crude
oil prices, it is extremely important to plan the maintenance budget and increase the
profitability by controlling the downtimes. Moreover, with the increase in efficiency
and safety, the prevalence of accidents and costs is reduced, which benefits business,
customers and the environment. In short, oil and gas companies have a huge
opportunity to improve efficiency and reduce operating costs through better asset

tracking and forecast maintenance (Gadalla et al. 2003).

2.6. A Wrap up of the Literature Review

In Chapter 2, I first tried to provide a review of what digitalization is. I studied the
meaning of digitalization and the importance of real-time Big Data analytics.
Secondly, I emphasized the benefits of Industry 4.0 for manufacturing firms. Thirdly,
I provided a review of how the oil and gas industry works. Fourthly, I focused on the
literature covering the motivations of using digital technologies to optimize
operations in the oil and gas industry. Lastly, I put forward the literature explaining
the problems in manufacturing that can be solved with Industry 4.0. On the whole, I
tried to underline the importance of manufacturing by examining its relation with
Industry 4.0 technologies. In the next chapter, I will describe the materials and
methods used to investigate the benefits of Industry 4.0 technologies to

manufacturing sector based on observations in the oil and gas industry.
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CHAPTER 3

METHODOLOGY

The main purpose of this thesis is to analyze the effects of Industry 4.0 technologies
on the manufacturing sector based on the oil and gas industry. In the previous
chapters, I discussed the concept of digitalization, common Industry 4.0 modules and
digital applications based on oil and gas industry. This chapter explains the research
methodology used in order to examine the contribution of Industry 4.0 applications

described in this study.

3.1. The Sequence of Work Carried Out

This thesis has been started by making literature reviews for Industry 4.0 and the oil
and gas industry. The concept of Industry 4.0, Big Data, data analytics, and machine
learning are examined extensively. Moreover, the expected benefits of moving to
Industry 4.0 were explored in depth. After investigating scenarios for the application
of Industry 4.0 technologies in the oil and gas industry, the use of digital technologies
in the production sector has been found to be significant. However, there are
deficiencies in the literature in terms of investigating the contribution of concepts
such as Big Data, data analytics, machine learning to the oil and gas industry.
Therefore, the contribution of real-time data analytics to the oil and gas sector is
explored in this thesis. In this context, qualitative and quantitative studies were
conducted. Statistical procedures were applied to test the validity of the findings.
Open source programming language R is used for the quantitative part of this thesis.
First, online survey questions were prepared and distributed to the participants who
are working in oil and gas industry in Turkey. In addition, interviews were conducted
with selected participants and in-depth analyses were carried out. In this way, it is

aimed to find deeper insights and confirm the results of qualitative and quantitative
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research. Detailed information about the survey and interviews will be mentioned in

Section 3.3.

3.2. Research Objective

Industry 4.0 has been considered as a new industrial stage in which integration and
product monitoring in processes can contribute to business performance for
manufacturing companies (Dalenogare et al., 2018). However, little is known about
potential contribution of Industry 4.0 in terms of cost reduction, equipment uptime,
operations speed, product quality and safety in the oil and gas industry. This study
aims to analyze the benefits of using Industry 4.0 technologies in the oil and gas
industry. In this context, the biggest industrial enterprise of Turkey operating four
refineries with a total capacity to handle an annual 28.1 million tons of crude oil, was

investigated.

In this thesis, a successful implementation model for real-time data analytics methods

for predictive manufacturing in the oil and gas industry is analyzed.

The objective of the thesis is to answer the following question;

e To what extent does the implementation of real-time data analytics
technologies to production systems in the oil and gas sector affect cost
reduction, equipment uptime, operations speed, product quality, and

workplace safety?

3.3. Research Design

It is essential to obtain accurate information in scientific research. Therefore, it is
necessary to reach the right information. To do this, generalizable analysis is required.
The more generalized the results of a research, the higher its value (Fuller, 2011). It
is important to try to obtain information that will be generalizable in a wide area of

research (Fuller, 2011). In this manner, a comprehensive online survey has been
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utilized as an information collection instrument for the questionnaire. With this way,
quantitative information about the research question is collected. The sampling
method used in the online questionnaire falls under the random sampling method.
This inspecting strategy is called probability sampling strategy where all members of
the populace contain an equal chance to take part. Using the entire population would
be superlative in every type of research, but it is not possible to include every subject
in most cases. Random sampling method was used in order to disseminate the results
of the questionnaire. Hence, random sampling is a method used to generalize the
findings to the population (Fuller, 2011). Participants in the target population were
ranked according to their registry numbers. Then, random numbers were generated
using the open source statistical analysis software R. According to these randomly
generated numbers, it was ensured that the people in the target population were
randomly selected through the listed registry number. In this way, the findings of the
survey are expected to reveal what needs to be done about Big Data and data analytics
in the oil and gas sector. 36 participants from 4 refineries were randomly selected to
represent the whole population and a questionnaire was sent to these people. All
participants responded to the online questionnaire. The target population of the
company is 700 people. The participants selected for the questionnaire consist of
white-collar people who have completed university education and who actively use
the data analytics systems or play a managerial role in their use. According to
formula, having this sample rate over the population, we can say that our confidence
level is 95% and margin of error is 16% (Fuller, 2011). With this information, we can
state that our findings will be within 16% points of the whole population value 95%
of the time. In statistical studies, it is preferred that margin of error is less than 20%
(Suresh & Chandrashekara, 2012). Thus, we can state that our findings after

quantitative survey analysis will be reliable and generalizable.

Qualitative information is typically descriptive. They are not less precious than
numerical data, but in fact, their wealth and their originality contribute to excellent
ideas (Walliman, 2017). Therefore, this thesis uses qualitative methods as another
research methodology. Face-to-face interviews are qualitative part of this thesis.
Thus, observations from quantitative research results will be interpreted with

qualitative research results. Purposeful sampling method was used to determine the
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participants before starting the interview procedure. For the qualitative study, 15
interview candidates were pre-determined. A semi-structured interview method is
used. In order to represent the whole population, purposive sampling was performed
with high diversity. The interview participants were selected from employees using
real-time data analytics systems in the field of engineering and management, and who
could provide the most relevant information on this topic. Interview questions can be

found in Appendix F.

3.4. Research Method

One of the most important ways to better understand the research topic is to use mixed
methods. In this way, the reasons behind the answer to the research question can be
better explored based on both qualitative and quantitative data (Creswell & Clark,
2017). It is argued that the mixed method approach is an important milestone in social
research. Especially since the early 1990s, mixed-method research has been seen as
a distinct field in the social sciences. Literature studies show that mixed methods are
referred to as the third methodological movement (Tashakkori & Teddlie, 2003).
Methodological studies on mixed-method research paradigm have been published in
various articles and books. The research question can be better answered with mixed
methods (Creswell & Clark, 2017). In this thesis, both qualitative and quantitative
research approaches are employed. Using these two approaches together is called

mixed methods research (Creswell & Clark, 2017).

This study has several major hypotheses.

HI1: “Real-Time Data Analytics Methods” has a significant and positive impact on

“Cost Reduction” in the oil and gas industry.

H2: “Real-Time Data Analytics Methods™ has a significant and positive impact on

“Equipment Uptime” in the oil and gas industry.
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H3: “Real-Time Data Analytics Methods” has a significant and positive impact on

“Operations Speed” in the oil and gas industry.

H4: “Real-Time Data Analytics Methods” has a significant and positive impact on

“Product Quality” in the oil and gas industry.

H5: “Real-Time Data Analytics Methods™ has a significant and positive impact on

“Workplace Safety” in the oil and gas industry.

3.5. The Questionnaire

The study items are provided in Appendix A and Appendix B. The online
questionnaire consists of 27 questions which are evaluated with distinct scales such
as 5-point Likert scale (varying from 1=strongly disagreeing to S=strongly agreeing),
dichotomous (yes / no), metric scale (e.g. working years and company positions) and
multiple-choice questions in which respondents are required to choose from a set of
answers. Likert scale values were averaged to create continuous variables. According
to the literature, if the questions with likert scale variables are grouped and averaged,
continuous variables can be obtained and thus parametric tests can be applied
(Norman, 2010). Therefore, it is appropriate to take the average of Likert scale
variables and analyze them using parametric tests (Carifio & Perla, 2008). Therefore,
if a series of Likert-type questions can be grouped using statistical procedures (e.g.,
calculating the mean), a Likert scale can be created. Means and standard deviations
can then be used to make analyses from this scale (Boone & Boone, 2012). In the
literature, there are similar studies that produce parametric tests and statistical
analyses by producing means from Likert-scale data set (Kroth & Peutz, 2011; Diker
etal., 2011; Elizer, 2011). The questionnaire focuses on the benefits of real-time data
analytics to the oil and gas industry. To ensure data validity and reliability of the
questionnaire, five knowledgeable individuals who are the thesis supervisor and four
company employees were involved in an iterative process of personal review before
the survey was distributed to the participants. Their remarks helped to enhance the

survey's quality. Big Data and real-time data analytics have been implemented in the
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company for almost five years when the survey was applied. Before the survey is
applied, each participant is notified of the research purpose and the survey filling
procedure. Thirty-six employees filled the survey which is distributed as an online
survey, and each informant completed the survey. In order to achieve the reliable
results, at least thirty observations are required, according to Hair et al. (2010).
Therefore, this research can said to be adequate for assessment. Moreover,
Cronbach’s alpha of the items in the survey is greater than 0.70 (see Appendix D,
Figure 37). Thus, we can say that all the variables have adequate reliability and

convergent validity (Hair et al., 2010).

3.6. Face-to-Face Interviews

It is important to learn the ideas of oil and gas employees in the firm about cost
reduction, equipment usage time, operational speed, product quality, and workplace
safety through data analytic systems. The findings of questionnaires allow us to
achieve statistical results but thorough interviews are still needed in order to examine
the details and learn from the interviewees' distinct views (Creswell & Clark, 2017).
Using interview methods, it is possible to reveal the real meaning of the ideas. In
addition, facial expressions, gestures, body language and tone of voice can provide
clues to the researcher in evaluating the answers to the questions. The researcher may
feel the sincerity of the participant's answers based on this information. In this case,
the researcher can concentrate on these points and ask other questions to reach more
realistic information. The interview method can be very useful in terms convenience
and short duration as well as obtaining the information clearly (Creswell & Clark,
2017). Therefore, another significant part of this thesis is face-to-face interviews.
Because of the limited availability of employees, face-to-face interviews are made
with 15 people. The time allocated to each interview varied between 20-40 minutes

depending on the availability of time for the employees.
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CHAPTER 4

FINDINGS

In this chapter of the thesis, the data obtained from the questionnaire and face-to-face
interviews will be analyzed. After the representation of these findings, some policy

suggestions are made.

4.1. Analysis of the Questionnaire Findings

A total of 36 people participated in the online questionnaire. Some demographic
characteristics of the questionnaire respondents are expressed as a percentage in

Figure 2 given below.

Gender Title Age
Gender C-Level Executive 19,44% 21-30 27.78%
Female 22.22% Chief Engineer 5.,56% 31-40 47.22%
Male 77.78% Coordinator 11,119% 41-50 25,00%
Engineer 5,56%
Manager 11.11%

’ Senior Engineer 30.56% ,
Education Specialist 16,67% Experience
Bachelor’'s 52 789 15 16,67%
Doctorate 2.78% 5-10 33,33%
Master’s 44,44% 10-15 13,89%

15-20 16,67%
20+ 19,44%

Figure 2. Demographic characteristics of the questionnaire respondents

As seen in Figure 6 above, the questionnaire involved demographic questions and all

of the participants answered these questions.
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After analyzing the results obtained from the questionnaire, it is found that 77.88
percent of the respondents were male and 22.22 percent were female. Moreover,
52.78 percent of the participants have a Bachelor’s degree while 44,44 percent have

a Master’s degree and 2.78 percent have a doctorate degree.

The questions in the questionnaire were grouped into 9 categories as defined in Table

4 given below. A specific variable name was assigned to each category of question.

Table 4

Question Categories and Assigned Variables Names

Question Category Variable Name
Industry 4.0 Overview Industry4.0
Data Analytics Decision Support DecisionMaking

System Criteria
Data Analytics Technical Competency TechnicalKnowledge
Criteria
Evaluating the Contribution of Real- RealTimeDataAnalytics
Time Data Analytics
Evaluating the Contribution of Real- CostReduction
Time Data Analytics on Cost
Reduction
Evaluating the Contribution of Real- EquipmentUptime
Time Data Analytics on Equipment
Uptime
Evaluating the Contribution of Real- OperationsSpeed
Time Data Analytics on Operations
Speed
Evaluating the Contribution of Real- ProductQuality
Time Data Analytics on Product
Quality
Evaluating the Contribution of Real- WorkplaceSafety
Time Data Analytics on Workplace
Safety

Source: Based on the results obtained from the questionnaire.

In order to measure the impact of real-time data analytics on the variables named
above, the questions in the questionnaire were grouped into categories. Respondents

are asked to answer the questions on a scale of 1-5. Afterward, the scores given were
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averaged and the evaluations were carried out according to these results. Descriptive

analysis of Industry 4.0 in the oil and gas industry can be found in Table 5.

Table 5

Participants' Perspectives on Industry 4.0 and Digitalization in the Oil and Gas
Industry

Question Answer Percentage
Did you take part in a data analytics or digitization Yes 72,22%
project in your company? No 27,78%

Do you think that real-time data analytics applications Yes 100%

have a positive impact on your business processes? No 0%

Can you describe the Oil and Gas industry as one of the ~ Yes 94,4%
Industry 4.0 sectors? No 5.6%

Do you think that Industry 4.0 and real-time data Yes 100%

analytics services can provide new opportunities for the

oil and gas industry?

Do you think it is necessary to allocate a specific budget  Yes 94,4

for the adoption and dissemination of digital technologies 5

used within Industry 4.0? No 3,6%
Source: Based on the results obtained from the questionnaire.

No 0%

4.1.1. Industry 4.0 Overview

In this part of the study, the answers given to the questions related to Industry 4.0 will
be examined. This section discusses how close the oil and gas sector is to Industry
4.0 in terms of data analytics applications. As seen in Figure 7, 58.3% of the
respondents strongly agreed that the oil and gas sector attaches importance to data
analytics and digitalization. 36.1% of the participants stated that they agreed with this

proposition.
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Oil and Gas Industry care about data analytics and digitalization.

20 21 (%58.3)

Figure 3. Assessment of the importance given to data analytics and digitalization
in the oil and gas industry according to respondents’ opinions

According to Figure 3, the level of importance given to digitalization and data
analytics in the oil and gas sector, which are very important constituents of Industry
4.0, 1s assessed as high with a total percentage of 94.4 when a scale of 4 to 5 is

considered as high.

In developing our business strategy, we consider Industry 4.0 concepts.

20

10 (%27.8)

5 6 (%18,7)

Figure 4. Assessment of the Industry 4.0 concept involvement in developing
business strategies

We discussed in previous chapters that a significant part of real-time data analytics
depends on the digitalization strategies of manufacturing companies. As seen in

Figure 4, 77.8% of the respondents voted that they considered Industry 4.0 concepts
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when forming their business strategies in the oil and gas industry. This highlights the
importance of real-time decision-making for the manufacturing sector. This high ratio
shows that the oil and gas industry is a digitally mature sector that follows up with

the recent technological developments.

We set performance targets for indivudals / departments to achieve
the expected benefits from digitalization projects.

4 (%611,1)

L

L
B

i

Figure 5. Assessment of performance target setting at the individual and
department level regarding digitalization

Looking at Figure 5, we see that the oil and gas sector aims to increase the level of
digitization in their business by setting performance targets in related projects to some
extent. Although approximately 36% of the participants did not agree that
performance targets are set regarding digitization projects, the remaining 64% were
encouraged to be involved in digitalization projects and awarded according to their

SuccCess.

Figure 6 shows how important is to perform instant monitoring on production
processes in the oil and gas sector by using digital technologies. 98% of the
participants emphasized the importance of instant data monitoring in the oil and gas
sector as very high. Therefore, automatic decision-making mechanisms should be

incorporated in order to support instant monitoring.

33



The use of digital technologies that provide instant monitoring of
production processes are accessible by multiple users is important
for the o1l and gas industry.

10 1 (%20.6)

Figure 6. Assessment of the significance level of instant monitoring by digital
technology use and accessibility in the oil and gas industry

As mentioned in the introductory part of the thesis, one of the main reasons to perform
instant monitoring of production may be to increase the speed of operation and reduce
the production costs. To be able to make quick decisions here can provide a huge
benefit to the oil and gas industry. Further research is made through interview

questions regarding this matter and findings are shared in section 4.2.

Having a vision regarding the use of digital technologies is very crucial in the
production sector (OECD, 2017). 75% of participants strongly agreed that there is a
need to obtain a vision in terms of digital technologies in order to survive in the
competitive environment in the oil and gas sector. 25% of them also agreed to some

extent with this proposal. Figure 7 shows the corresponding graph.
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In order to gain competitiveness in the Qil and Gas sector, a digital
vision must be obtained.

30

20

Figure 7. Assessment of the importance of having a vision regarding digital
technology use in the oil and gas sector

The participants' perspectives on real-time data analytics on a sectoral basis were also
evaluated through the online questionnaire. The perspective on real-time data
analytics will be explored in detail in the interview section. As seen in Figure 8§,
participants expressed their trust in the contribution of data analytics applications to
the oil and gas sector with a high rate of 72.2%. We can understand that the oil and
gas sector has begun to see the benefits of using real-time data analytics in their

business operations.

| think the impact of real-time data analytics on the il and gas sector is
important.

30
26 (%72.2)
20

10 (%27.8)

0 (%0} 0 (360} 0 (%60

Figure 8. Assessment of the importance given by the participants to real-time
data analytics use in the oil and gas sector
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The questionnaire findings also show that the oil and gas industry is a sector in which
digital technologies are extensively used. Employees say that the requirements of
Industry 4.0 are widely acknowledged and its impact on business processes is seen as
significant. Based on what the participants specified, we can conclude that real-time
data can be processed and analyzed automatically in the oil and gas sector. It has been
confirmed by the questionnaire responses that having a vision regarding digital
technologies is important for remaining competitive and gaining an advantage in the
sector. In order to state the findings of the research as clear as possible, we created
detailed graphs using statistical analyses based on the questionnaire responses and
face to face interviews. Numerical research techniques such as factor analysis,
variance analysis and dimension reduction analysis were performed. In the dataset,
nonlinear relationship was not detected between variables. Thus, the relationship
between the variables is assumed to be linear. Also, no outlier values were detected
in the observations. Statistical assumptions were also tested for each statistical test
used. First, the differences among the respondents in terms of their demographic
characteristics were examined and the results were given by the boxplot method. A
boxplot is a way of showing the distribution of the data. It can inform us about
outliers, symmetry and skewness of the data. Boxplot shows minimum value, first
quartile (the middle number between the smallest number and the median of the
dataset), median (the middle value of the dataset), third quartile (the middle value
between the median and the highest value of the dataset) and maximum value of the
dataset. As seen in Figure 9, the opinions of the respondents about the contribution
of Industry 4.0 to the oil and gas sector varies by gender, age, educational
background, and title. Findings represented by descriptive visuals and subjected to

statistical tests will be further examined in detail by using interview methods.

When we look at Figure 9, while there are no significant differences in terms of
gender, age and title, scoring that evaluates the contribution of Industry 4.0
applications differs according to the education level of the employees. One-way
ANOVA was used to test this assumption. According to the results of the variance
analysis, which can be seen from Table 7 (see Appendix D), there is a difference only
according to the education category regarding the contribution of Industry 4.0 to oil

and gas sector. This is due to the fact that the p.value is 0.0938. At the statistical
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significance level of 0.10, the hypothesis that the educational level of the employees
does not change their opinions about Industry 4.0 in the oil and gas sector is disproved
according to the results of statistical analysis. Differences in the opinions of the
employees based on their gender, age, and title could not be determined statistically
(see Appendix D, Table 7). When Figure 9 is examined in detail, the contribution of

Industry 4.0 to the sector is scored as 4.5 out of 5 on average.

Gender B3 Fensle £3 Mo Age B 10 B3 110 £ i

| .
I

35 35

Female Male 2% 3140 ny

Edu E3 Bachus £ Masies 5 Doctorm

‘ . .
| ] =1l

35 ‘ 35

Bachelors Masiers Doctorate Specaist Engreer  SenoEgneer ChefEngneer  Cooxdnalr  Manager  ClevelExecune
Educaton Tite

Figure 9. Representation of the scoring made by the respondents regarding the
contribution of Industry 4.0 to the oil and gas sector based on the respondents’
demographic characteristics

The normality assumption of ANOVA states that the residuals should follow a normal
distribution. In order to satisty this requirement, the Shapiro-Wilk Normality test is
used. As we can see it from Table 9 (see Appendix D), we find the corresponding
p.value as 0.3316. At the 0,10 level of significance, we can say that errors are

normally distributed. Furthermore, Levene’s test for homogeneity of variance is
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found to be 0.3512 (see Appendix D, Table 9). As a result, we can conclude that the
assumption of the equality of variances cannot be rejected. Thus, we can state that
ANOVA results are reliable based on the significance levels. In addition, according
to Table 8 (see Appendix D), we find that most deviances in the level of education
variable due to the difference between the number of Master’s and Bachelor’s degree
owners. Therefore, we may conclude that there may be differences in the individuals’
perspectives regarding Industry 4.0 in the oil and gas sector based on whether they

have a Master’s or Bachelor’s degree.

4.1.2. Decision Support Systems Overview

Big Data systems are mainly used for decision support systems in the manufacturing
sector (Lee et al., 2013). In this part of the thesis, it will be examined how real-time
data analytics applications help the decision-making processes in the oil and gas

sector.

Digital technologies are used in the oil and gas industry to stay in touch
with internal and external customers and solve the challenges they face.

20

5 B8 (%18.7)

Figure 10. Assessment of digital technology use in solving the customers’
problems

As seen in Figure 10, all the participants of the questionnaire stated that they use
digital technologies to solve the customers’ problems. 33.3% of the employees that

fill in the questionnaire strongly agreed that digital technologies solve the problems
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they face. 50% said that they agree. 16.7% answered the question as they neither

agree nor disagree.

Systems to receive data from production equipment are installed and
there is real-time data available for decision-making.

20

5 (%132,9)

Figure 11. Assessment of real-time data use in decision support systems

Providing real-time data for the automated decision-making process in the
manufacturing sector is one of the most important steps of production (Lee et al.,
2014). When we look at the oil and gas sector, as we can see from Figure 11, the
responses to the use of real-time data in decision-making seem highly positive.
Approximately 86% of the respondents indicated that real-time data can be used in
decision-making in the oil and gas sector. Moreover, approximately 92% of
respondents strongly agreed that real-time data analytics can be used to improve
processes (Figure 12). As can be seen in Figure 12, real-time data analytics methods
are used in the improvement of production processes. Thus, we can state that findings
found in the survey are similar to the studies in the literature. This result also shows
that process-based manufacturing companies should use real-time data analytics

methods and establish decision support mechanisms.
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Real-time data from o1l processing should be used
continuously to improve the services provided

Figure 12. Assessment of the necessity of real-time data use in oil processing in
order to improve the services provided

As can be seen in Figure 13, participants’ views on the contribution of real-time data
analytics applications to oil and gas sector in the decision support phase vary
according to gender, age, educational status, and title. When we look at Figure 13,
although there is no significant difference in terms of age, education, and title, it is
seen that the perception of the respondents differs according to gender classes. One-
way ANOVA was used to test this assumption. According to the variance analysis
results which can be seen from Table 10 (see Appendix D), a difference occurs only
according to gender classes. This is because the p.value is 0.0524. At the statistical
significance level of 0.10, the assumption that gender differences of employees do
not change their opinion regarding decision support systems in the oil and gas sector
can be rejected according to the results of statistical analysis. Effect of the differences
in age, education, and title could not be determined statistically (see Appendix D,
Table 10). Therefore, it can be concluded that there is no difference in terms of age,

education and title variables in decision support phase.
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Figure 13. Representation of the scoring made by the respondents regarding the
contribution of real-time data analytics applications to the oil and gas sector in
the decision support phase based on the respondents’ demographic
characteristics

The normality assumption made while using ANOVA can be checked from Table 11
(see Appendix D). The corresponding p.value is 0.05092. At the 0,01 level of
significance, we can say that errors are normally distributed. In addition, according
to Table 11, we find that variances are equal among groups with a p.value of 0.9917.
Based on this information, there seems to be a statistically significant difference
among the respondents’ assessments of decision support systems used in the oil and

gas sector based on gender.
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4.1.3. Technical Competence Overview

Technical competence can be defined as the ability of an enterprise to have the
necessary applications for the successful execution of a business and to use them at
the desired level with the required knowledge and skills (Epstein, 2003). In this part
of the thesis, the technical adequacy of real-time data analytics applications in the oil
and gas industry will be examined. The aim is to explore how the necessary
technological infrastructure should be developed to better meet the needs of

employees.

In the oil and gas sector, it is possible to analyze product information
based on real-time data flow.

20

Figure 14. Assessment of data analytics use in product information analysis in
the oil and gas sector

When we examine Figure 14, we see that 98% of the respondents stated that it is
possible to analyze the product information by using real-time data. 3% of the
participants said that they do not agree or disagree with this statement. In the oil and
gas sector, another criterion used in evaluating the technical competence was whether
the effect of real-time data analyses was observable or not. A brief representation of
the answers given to the corresponding question is provided through Figure 15. As it
is seen in the figure, 25% of the employees stated that they neither agreed nor

disagreed with this proposal. The remaining 75% stated that the effects of the
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analytical studies using real-time data can be observed better compared to the ones

using past data.

In the oil and gas sector, | observe the effects of analytical studies with real-time
data that have come up with Industry 4.0 instead of retrospective analysis

14 (®38.8)

0 (%0 0(%0)

Figure 15. Assessment of the effectiveness of analytical studies that employ real-
time data as compared to the ones based on past data

There are studies suggesting the necessity of having technically competent employees
that would be able to use digital technologies, to ensure these technologies are
extensively used within the organization and to handle data analytics through these
technologies (Viktor and Arndt, 2000). In Figure 16, we see that 66.7% of the
respondents strongly agreed with the proposal that technical experts should be
employed in order to carry out data analytics studies in the oil and gas sector. 25% of
the participants also agreed with this proposal and the remaining 8.3% said that they
neither agree nor disagree. As can be seen from this point, competent data analysts
are required to be involved in the transformation of Industry 4.0 in process

manufacturing companies.

43



Technical experts working in the field of data analytics should be
employed to ensure digital transformation in the oil and gas sector.

30

20

Figure 16. Assessment of the requirement for technical experts in data analytics
in the oil and gas sector

Information related to the question that assesses the use of technologically sufficient
systems in the oil and gas sector to process real-time data analytics can be examined

in Figure 17.

In the oil and gas sector, technological tools are used in order to enable
employees to work in the field of data analytics.

20

12 (%33.3)

5 (%612.9)

Figure 17. Assessment of adequate technology use to enable employees to
perform data analytics studies

According to Figure 17, 83.3% of the participants stated that the technology used in
the oil and gas sector is sufficient to perform data analysis. In order to do further

research about these subjects, more detailed questions will be asked during the
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interviews and the requirements of the real-time data analytics and Big Data use will

be examined from the perspective of the employees.

Gender E3 Fomae 3 Mae A B3 210 B3 1t 3 a0

50 ‘ | 50 ‘

-
o

-
o

-
=3
-
=3

Technical Knowledge

Technical Knowledge

o
o
o
o

30 30

Female Male 2% 314 ]
Genger Age
Edu B3 Buchwons E Mostens £ Doctoate meEWEWEZEW
B9 Engoewr 3 OwEngons 3 Mg
50
| * | \
1
u = ‘ |
n —
3 5 —
] { | |
S10 |
3 :w
i ;
" §
35 "35 N
30 30
Bachelors Masters Dodorale Specalst Engneer  SemorEngneer ChiefEngineer  Coordinalor Manager  ClevelExecutve
Educabon Tite

Figure 18. Representation of the scoring made by the respondents regarding the
technical adequacy in the oil and gas sector based on the respondents’
demographic characteristics

As seen in Figure 18, the status of technical competence in the oil and gas sector
varies according to gender, age, educational background, and title. When we look at
Figure 18, although there is no significant difference in terms of age, education, and
title, we see that the gender of the employees makes a difference. One-way ANOVA
was used to test this assumption. According to the results of the analysis of variance,
which can be seen from Table 12 (see Appendix D), there is a difference only
according to the gender category. This is because the p.value is 0.0737. At the
statistical significance level of 0,10, the assumption that gender differences in

employees do not change the views of the respondents regarding the technical
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adequacy criteria in the oil and gas sector can be rejected according to the results of
statistical analysis. Differences that may occur due to age, education, and title could
not be determined statistically (Table 12). For the ANOVA normality assumption,
we found the corresponding value 0.0186. Shapiro-Wilk Normality test results can
be seen in Table 13 (see Appendix D). At the 0.01 significance level, we can say that
the errors are normally distributed. Levene’s variance homogeneity test was also
found to be 0.1275% (Table 13). From these results, we can conclude that the
assumption of variance equality cannot be rejected. Thus, we can say that ANOVA

results are reliable based on the level of significance.

4.1.4. Real-Time Data Analytics Overview

In the previous chapters of the thesis, we stated that real-time data analytics means to
perform the analysis of data as soon as it becomes available for use. In other words,
real-time data analytics is to build systems so that the data can be collected
immediately after data enter the system. In the oil and gas sector, to perform real-
time data analysis through Big Data collection methods incorporating sensors placed
in the production equipment reduces production costs, extends the life expectancy of
the machines and equipment, increases operational speed, improves product quality
and enhances workplace safety, which can be inferred from Figure 19. The figure
shows that 52.78% of the questionnaire participants stated that the most important
area where real-time data analytics systems will contribute to the oil and gas sector is
reducing costs. 16.67% of the participants think that product quality is the most
important problem that can be solved with real-time data analytics. The other
percentages are as follows: 11.11% for equipment life, 13.89% for operating speed

and 5.56% for workplace safety.
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In which field do you think real-time data analytics using Big Data and
Industry 4.0 applications contribute most to the oil and gas sector?

16,67%
13,89%
11 11%

5,56%
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Figure 19. Assessment of the fields where Big Data and Industry 4.0 applications
can be the most beneficial to the oil and gas sector

Figure 20 shows whether the opinions of the respondents regarding the contribution
of real-time data analytics to the oil and gas sector vary according to their
demographic characteristics. Although there were differences in the submitted
opinions based on the demographic characteristics of the respondents when graphs
are considered, no difference was found in that aspect according to the one-way
ANOVA test results (see Appendix D, Table 14). Since p.value was higher than the
significance level of 0.10 for each demographic variable, we could not reject the
hypothesis that the average scoring did not vary among the different demographic

groups.
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Figure 20. Representation of the assessment made by the respondents regarding
the contribution of real-time data analytics based on the respondents’
demographic characteristics

When we interpret the graphs in Figure 20 one by one, it is seen that the average score
is higher in males than in females on a scale ranging from 1 to 5. The average for the
ages between 21-30 seems to be over 4. The results of the questionnaire showed a
more stable distribution among the employees between the ages of 41-50 and the
average is around 4. For employees between the ages of 31-40, the average seems to
be above 4 points. When we look at the results that are provided based on the level
of education of the respondents, it is seen that the when the respondents have a
bachelor's degree, a more stable distribution is achieved and a score above 4 is
observed. On the other hand, it is seen that a more scattered pattern occurs for the

respondents who have a master's degree.
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4.1.5. Cost Reduction Overview

In the oil and gas sector, evaluate the contribution of
real-time data analytics and Industry 4.0 applications to
cost reduction using big data
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Figure 21. Assessment of the real-time data analytics’ and Industry 4.0’s
contribution to cost reduction in the oil and gas sector

When we look at the scoring made in consideration of the real-time data analytics’
contribution to cost reduction in oil and gas sector, it is seen that 18 people gave 5
points, 11 people gave 4 points, 4 people gave 3 points, 2 people gave 2 points and 1
person gave 1 point (Figure 21), which means the majority of the respondents gave
high points. From the results, it is inferred that the effect of real-time data analytics
on cost reduction is high. It is seen that the information technology systems
employing real-time data analytics have an impact on the reduction of production cost

in the oil and gas sector.
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Figure 22. Representation of the scoring made by the respondents regarding the
real-time data analytics’ contribution to cost reduction based on the
respondents’ demographic characteristics

When we look at Figure 22, it is observed that there are some differences among
variables based on demographic characteristics. However, no difference was found
in the results according to the one-way ANOVA test (see Appendix D, Table 15).
The p.value for each variable was higher than the statistical significance level of 0.10.
Based on this information, we can say that there is no statistically significant
difference between the participants’ opinions regarding the cost reduction based on

their demographic characteristics.
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4.1.6. Equipment Uptime Overview

Preventing equipment failures is one of the benefits offered by Big Data systems
(Becker, 2016). By ensuring the long-lasting operation of the equipment, more
production can be achieved in the oil and gas sector along with further cost reduction
(Becker, 2016). When we look at Figure 23, it is observed that the majority of the
participants gave 5 and 4 points to the question evaluating the contribution of real-
time data analytics and Industry 4.0 applications to the life expectancy of the
machinery and equipment in oil and gas industry. According to the results of the
online questionnaire conducted on 36 people, 15 people gave 5 points. The number
of people giving 4 points is 14 while 5 people gave 3 points and 2 people gave 2
points. Thus, we can deduce that real-time data analytics contributes to profitability

by directly reducing the equipment costs.

In the oil and gas sector, evaluate the contribution of
real-time data analytics and Industry 4.0 applications to
equipment life using big data
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Figure 23. Representation of the points given by the respondents to the question
evaluating the contribution of real-time data analytics and Industry 4.0 to the
oil and gas sector in terms of increasing the life expectancy of equipment

Figure 23 indicates that real-time data analytics applications have competencies to

help improve asset reliability and predict equipment performance. We see that the
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performance of the equipment can be improved by analyzing and interpreting Big
Data. Thus, management of the equipment life is important for the new industrial
revolution. Applying digital technologies used in the oil and gas industry to
equipment can help production machines to do their job better. This can maximize

the service life of the equipment (Matt el al., 2015).
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Figure 24. Representation of the points given by the respondents regarding the
contribution of Big Data use to the life expectancy of the equipment according
to respondents’ demographic characteristics

Figure 24 shows whether the demographic characteristics of the employees have an
effect on their opinions about the extension of equipment life by the use of real-time
data analytics. The biggest differences appear in consideration of titles. C-Level
managers' faith in the contribution of Big Data use to equipment life was relatively
high compared to other titles. When we look at the age groups, it is seen that the
participants who are between the ages of 21-30 assess the contribution to the

equipment life as lower than the other age groups. When the statistical results were
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analyzed, no significant difference was found at the level of 0.10 (see Appendix D,

Table 16).

4.1.7. Operations Speed Overview

In the oil and gas sector, improving operational speed is expected to make a high
contribution in terms of transaction volume (Perrons & Jensen, 2015). In this context,
as can be seen in Figure 25, questionnaire participants evaluated the contribution of
real-time data analytics and Industry 4.0 applications to the sector. As a conclusion
that can be drawn from this evaluation, it was seen that a majority of 75% evaluated

the contribution of the real-time data use between 4 and 5 points.

In the oil and gas sector, evaluate the contribution of
real-time data analytics and Industry 4.0 applications to
operations speed using big data
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Figure 25. Representation of the points given by the respondents to the question

evaluating the contribution of real-time data analytics and Industry 4.0 to the
oil and gas sector in terms of operation speed
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Figure 26. Representation of the points given by the respondents regarding the
contribution of Big Data use to operation speed according to respondents’
demographic characteristics

We can see the scoring for the effect of real-time data analytics on operation speed
based on demographic characteristics in Figure 26. As seen in the figure, the
participants with the title of engineer evaluated the contribution to the operation speed
below 3 points on average. As the expertise level increases and it comes close to the
management level, scoring gets higher. When the differences were analyzed
statistically by ANOVA method, no statistically significant difference was found at
the level of 0,10 (see Appendix D, Table 17).

4.1.8. Product Quality Overview

Product quality is of great importance for the oil and gas sector in terms of
profitability (Riissmann et al., 2015). If the specs of petroleum products can be

accurately predicted, it is easier to produce products with higher profitability and that
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are consistent with production planning (Riissmann et al., 2015). Referring to Figure
27, we observe that the online questionnaire responses confirm this information
regarding product quality. Approximately 86% of the respondents considered the

contribution of real-time data use to product quality in the petroleum sector as high.

In the oil and gas sector, evaluate the contribution of
real-time data analytics and Industry 4.0 applications to
product quality using big data
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Figure 27. Representation of the points given by the respondents to the question
evaluating the contribution of real-time data analytics and Industry 4.0 to the
oil and gas sector in terms of product quality

When we examine Figure 28 in detail, it is observed that there are several differences
in the evaluation of the contribution of real-time data analytics use to product quality
based on demographic characteristics. In particular, these differences appear as the
age groups and titles change. In the 41-50 age group, the improvement of product
quality with data analytics use was assessed as much lower. On the other hand, when
we examine the answers in terms of titles, it is seen that the people at the level of

engineers and coordinators give lower points compared to other title groups.
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Figure 28. Representation of the points given by the respondents regarding the
contribution of Big Data use to product quality according to respondents’
demographic characteristics

When the data were analyzed, statistically significant differences were determined
for the age groups and title groups with a significance level of 0.05 (see Appendix D,
Table 18). When we look at the differences between age groups, it is seen that the
biggest difference is between 41-50 and 31-40 age groups (see Appendix D, Table
19). In order to test the accuracy of this inference, first of all, the assumption of
normality was tested. However, according to the Shapiro-Wilk test, errors at the 0.01
significance level did not appear to be normally distributed. Therefore, it would not
be right to use ANOVA analysis here. In the absence of ANOVA, the non-parametric
statistical test is the Kruskal-Wallis rank test. In this case, the Kruskal-Wallis rank-
sum test was used as an alternative. The resulting p.value is 0.02882 (see Appendix
D, Table 20). At the 0.05 significance level, the hypothesis of equality between age
groups was statistically rejected. When we examine the differences between the title

groups statistically, it is seen that the biggest difference is between specialist and
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engineer roles (see Appendix D, Table 21). When we test the normality assumption
for ANOVA, it is concluded that the normality assumption cannot be rejected at a
significance level of 0.01 (see Appendix D, Table 22). When we test the homogeneity
of the variances, p.value is calculated as 0.59. Based on this information, we can
assume that the variances are not different between the groups and we can, therefore,

rely on the results of the ANOVA statistical test (see Appendix D, Table 22).

These differences regarding the evaluation of the contribution to product quality will
be examined in detail in the interview section of the thesis and the fields that need to
be improved regarding the oil and gas sector will be investigated. Findings of the
interviews will be combined with the results of the questionnaire analyzes and they

will be evaluated in order to make policy recommendations.

4.1.9. Workplace Safety Overview

Workplace safety is very critical for the oil and gas sector (Aveva, 2018). If predictive
measures can be identified to meet the needs of the oil and gas sector, safety gains
are expected to be significant (Aveva, 2018). Therefore, using real-time data analytics

to increase workplace safety is a potential gain for the oil and gas industry.

The scoring made by the respondents regarding the contribution of Big Data use and
the production of analytical results in real-time to workplace safety is represented in
Figure 29. Out of 36 participants, 16 people scored 4 points on a scale of 1-5. 9 people
gave 5 points. It can be understood that, workplace security can be improved by real-
time data analytics methods in the oil and gas industry. Therefore, we can state that

statistical analyses and literature findings match each other.
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In the oil and gas sector, evaluate the contribution of
real-time data analytics and Industry 4.0 applications to
workplace safety using big data
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Figure 29. Representation of the points given by the respondents to the question
evaluating the contribution of real-time data analytics and Industry 4.0 to the
oil and gas sector in terms of workplace safety

In terms of workplace safety, the difference between the opinions of the questionnaire
participants can be examined in detail in Figure 30 based on their demographic
characteristics. When we look at the gender variable, male participants voted higher
on average. In addition, participants between the ages of 21-30 considered data
analytics use as more important in terms of workplace safety than other age groups.
When the differences were analyzed statistically by ANOVA method, no significant
difference was found at the 0.10 significance level (see Appendix D, Table 23).
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Figure 30. Representation of the points given by the respondents regarding the
contribution of Big Data use to workplace safety according to respondents’
demographic characteristics

4.1.10. Multivariate Association and Dimension Reduction Analysis

Correlation shows the direction and strength of the linear relationship between two
or more random variables in statistics. We can say that there is a positive correlation
between two variables if one of the variables increases when the other one increases.
Correlation shows the linear relationship between two or more variables. By looking
at the relations between the variables, we can determine the variables that are
correlated with each other and we can design technology policies based on the

information that would be derived from these correlations.

The Pearson correlation analysis of the variables used in the questionnaire can be

seen in Figure 31. Dark colors represent a higher correlation. When we look at the
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overall figure, we do not see any inverse correlation among any of the variables.
When we look at the correlations with a high value, it is seen that the variables coded
as “RealTimeDataAnalytics” and “CostReduction” have the highest level of
correlation between each other. Therefore, it is concluded that the employees
indicated real-time data analytics use and cost reduction as highly correlated. In
addition, real-time data analytics was found 70% correlated with both equipment
uptime and operation speed. Correlation between real-time data analysis and other

variables was found to be around 60%.
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Figure 31. Correlation analysis of the variables assessed in the online

Industry4.0

questionnaire

When we focus on the lowest values of correlation represented in Figure 31, we see
a value of 10% correlation which represents the level of association between technical
competence and workplace safety. At the same time, an association value around 0.10

was also observed between extending equipment life and improving workplace
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safety. Similarly, an association value close to 0.10 has been identified between
Industry 4.0 and product quality. On the other hand, a low association value about
0.20 has been observed between reducing costs and increasing operational speed. In
addition, a low correlation of 0.20 was found between workplace safety and cost
reduction. When we test the hypotheses established for the thesis with correlation
method, we can see that the hypotheses H1, H2, H3, H4 and H5 mentioned in Section
3.4 cannot be rejected (see Appendix D, Figure 38). Therefore, in the 95% confidence
interval, we can state that real-time data analytics has a significant and positive effect
with cost reduction, equipment uptime, operations speed, product quality and

workplace safety.

The main purpose of the principal components analysis is to extract the maximum
variance from the data set based on each component. The principal component
analysis i1s a solution for the researcher who wants to briefly represent the result
derived from a large number of variables by using a smaller number of components.
PCA is a mathematical technique of explaining information that a multivariate dataset
yields with fewer variables and minimum information loss. In another definition,
PCA is a transformation technique that allows the size of the dataset containing a
plurality of interrelated variables to be reduced to a smaller size while preserving the
data in the dataset. PCA reduces dimensionality in large data datasets. The variables
obtained after the transformation are called the basic components of the first
variables. Statistical assumptions of PCA are checked and verified before starting

PCA analyses.

Figure 32 shows how we can reduce the data set to less than nine variables according
to the results of the principal component analysis. Moreover, we can see in the figure
that 47.6% of the total variance is achieved through the reduction of only one
component. It reaches a total value of 66.2% with two components and 77% with
three components. One of the most important characteristics of the basic components
is that the correlation between these components is zero. This prevents the loss of
data and makes the maximization of the available information possible with the

minimum variable.
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Figure 32. Reduction in the number of variables for the online questionnaire

results after PCA is performed

When we examine Figure 33, we can see which variables are used to collect the most
information. Accordingly, the first component is most affected by the reduction of
costs. Numerically, the first component is affected by the reduction of costs with a
value of 28.31%, by extending equipment life with a value of 15.6%, by real-time
data analytics with a value of 14.16% and by operating speed with a value of 13.91%.
When we look at the second component numerically, we see that the rate
corresponding to operation speed is 38.14% and to workplace safety is 31.09%.
Therefore, the most intense data-related variables appear to be cost reduction,

operational speed, equipment uptime, real-time data analytics, and workplace safety.
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Dim.l | Dim.2 | Dim3 | Dim4 |Dim.5 |Dim6 |Dim.7 | Dim.8 | Dim.9
Industry 4.0 1604 | 007 |157 |722 19.631 | 8.97 32159 | 2875 |0
Decision Making 4218 | 0.3 005 |595 1873 | 1494 | 5561 |017 |0
Technical 5215 1075 |35 0 3 1272 | 10.67 | 6340 |0
Knowledge
Real Time Data | 14.16 | 046 |0215 |0.1 0.11 |152 001 |007 |833
Analytics
Cost Reduction 2831 | 1828 | 806 | 128 24483 | 1254 |0.15 353 333
Equipment Uptime | 15.6 | 10.05 | 15.61 | 19.94 |0.01 35227 1004 013 |3.33
Operations Speed 13.91 | 3814 |2801 |975 |3.80 |0.788 |0.802 |1451 |3.33
Product Quality 9497 | 0.812 |7.802 |37.335 | 29459 | 11.661 | 0.05 | 0.048 |3.33
Workplace Safety | 7471 | 31.09 | 3517 | 18.40 |0.045 | 1556 |0492 |2420 | 333

Figure 33. PCA contribution analysis of the online questionnaire variables

After identifying highly meaningful data among the components, we can review our

PCA graph from Fig. 34, showing data that tends to coexist in the same direction.

Accordingly, when we examine the relationship between the two most important

components (66.2%), we observe that the equipment uptime has a strong relationship

with the cost reduction. Similarly, operational speed and workplace safety seem to

have a strong relationship in the same direction. The conclusion to be drawn from

this information seems to be that the equipment uptime is directly related to cost

reduction. In addition, the figure shows that providing a better operational speed will

help to enhance workplace safety. Real-time data analytics and product quality also

reflect a similar and strong relationship. Accordingly, we can state that the real-time

data collection has a significant impact on the preservation of product quality.
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Figure 34. PCA association analysis of the online questionnaire variables

It is possible to utilize certain techniques to determine the size of a scale developed
to use in research. Factor analysis is one of these techniques. The main purpose of
the factor analysis is to reduce the number of basic dimensions to facilitate the
interpretation of the relationships between many variables considered to be related.
Factor analysis is a technique used to derive fewer independent variables and new
independent variables (factors) by using covariance or correlation matrix of data.
Factor analysis differs from most other techniques. It is not designed to test
hypotheses or to show that one group is significantly different from another. Factor
analysis is used as a data reduction technique. It receives a large data set and looks
for a way to reduce or summarize that data using a smaller set of factors or
components. This is done by searching for stacks or groups between the correlations
of a set of variables. Such a process is not possible to handle with the naked eye.
Factor analysis can also be used to reduce a large number of related variables to a
more manageable number before using them in other analyses, such as multiple
regression or multivariate analysis of variance. Statistical assumptions of Factor

analysis are checked and verified before starting Factor analyses.The results of the
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factor analysis applied to the online questionnaire variables can be seen in Table 24
(see Appendix D). In the principal component analysis, we found that approximately
66.2% of the data could be derived from two components. For this reason, the number
of factors was considered as two and the analysis of these factors was performed. The
hypothesis that two factors were sufficient to explain hidden factors behind the data
obtained could not be rejected at the 0.05 significance level. Since the p.value is
0.0648, the hypothesis could not be rejected. Factor analysis is generally used to find
hidden factors behind the variables. When we look at cumulative variance, it shows
that two factors yield approximately 50% of the information. We see that real-time
data analytics, operational speed, cost reduction, and product quality have a high
impact on Factorl, which we can call profitability factor. These variables, which
generally affect profitability, seem to be effective on the same hidden factor as they
represent profitable transactions according to questionnaire participants. Therefore,
it can be assumed that the employees take the profitability of the variables into
consideration and fill in the answers in this direction. Factors such as Industry 4.0,
decision support systems and technical competence are mostly influenced by Factor2.
According to this information, we can call the second factor as the technical depth
factor. While the employees are responding to the questions regarding decision-
making systems, the implementation of Industry 4.0, and infrastructure adequacy,

they mostly consider the technical depth, difficulty, and applicability of the process.

4.2. Analysis of the Findings from the Interviews

Some demographic characteristics of the 15 interviewees (EMPs: Employees
interviewed for the thesis) are given in Table 6. Employees generally believe that
Industry 4.0 applications and data analytics make it possible to access process data
more easily, to obtain supply chain visibility, to monitor production and to make
reasonable decisions in the company. Moreover, they think that these applications are
beneficial for increasing operational speed, improving workplace safety and reducing

costs.
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Table 6

Demographic characteristics of the 15 EMPs who have been interviewed

EMP # Gender Education Title Age Experience
EMP1 Male Bachelor’s Specialist 21-30 1-5
EMP2 Male Master’s Chief Engineer 31-40 10-15
EMP3 Female Doctorate Senior Engineer 31-40 5-10
EMP4 Male Master’s C-Level Executive 41-50 20+
EMP5 Male Bachelor’s Engineer 21-30 1-5
EMP6 Male Bachelor’s Specialist 21-30 1-5
EMP7 Male Master’s Senior Engineer 31-40 5-10
EMPS Female Doctorate Coordinator 31-40 10-15
EMP9 Male Bachelor’s Senior Engineer 31-40 10-15
EMP10 Male Bachelor’s Specialist 21-30 1-5
EMP11 Male Master’s Senior Engineer 31-40 5-10
EMP12 Male Master’s C-Level Executive 41-50 20+
EMP13 Male Master’s Manager 31-40 10-15
EMP14 Male Bachelor’s Specialist 31-40 1-5
EMP15 Male Bachelor’s Senior Engineer 31-40 5-10

Source: Based on the results obtained from the questionnaire.

4.2.1. Industry 4.0 Overview

Most participants stated that real-time data analytics applications had a positive effect
on business processes and that they observed this positive effect more on the flexible
production processes. Most of the participants stated that they have a significant
amount of knowledge about Big Data, data analytics, and real-time data analysis and
that the company gives strategic importance to this issue. On the other hand, it was
also reported that there were some deficiencies in the adoption and dissemination of
digital technologies within the organization. In this context, they stated that more

training should be provided to employees on these issues.

The interviewees stated that senior management adopts a positive approach
supporting the use of Big Data and data analytics. Except for EMP1 and EMP3, all
participants stated that their managers attach importance to data analytics and
digitalization. EMP8, EMP10, and EMP11 stated that they do not pay much regard

to Industry 4.0 concepts while forming their business strategies since their
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departments are already functioning properly and they do not need new methods to
employ. EMP7 and EMP2 stated that real-time data analytics have a great impact on
the profitability of the company and they also attached great importance to it since it
makes data-based transactions possible and affects the operations. They also stated
that, while preparing their daily business plans, they make use of the results of real-

time data analytics and make their decisions according to these results.

EMP4 and EMP11 indicated that the biggest contribution of Industry 4.0 applications
is the continuous monitoring of production data. EMP15, on the other hand, stated
that the data collected previously at certain times were processed faster with data
analysis methods and mentioned that it accelerated the operation processes. He stated
that the effect of operational speed on the oil and gas industry is very important and
if the actions are taken quickly in the units, it can help to make a daily profit of
millions of dollars. In addition, EMP6 stated that real-time data analytics are also
used to estimate sales. He stated that they can plan the supply chain more details
accurately thanks to a system that can predict the number of future sales using real-
time data. In this way, they emphasized that they can reduce costs and increase

operational efficiency.

According to EMP7 and EMPS8, the oil and gas industry is a capital-intensive
industry. However, the construction phase of the projects is long and requires big
investments. On the other hand, digital technologies are developing rapidly and the
opportunities they bring should not be missed. In addition, the oil and gas industry is
in the midst of digital transformation, and the steps it will take at this point are crucial
to keeping up with Industry 4.0 (EMP1, EMP2, EMP10, EMP11, and EMP14). In
this respect, there are many who think that the oil and gas industry should be quick
to take the required steps. Most of the participants stated that the acquisition of new
digital equipment was requiring long-term senior management approval due to the
high costs. Participants say that the importance of IT teams during the transition to
Industry 4.0 applications is increasing for companies since the technological
applications here are directly related to a well-designed IT infrastructure, talented

workforce and decision-makers' vision. At this point, there are many who think that
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the roles of Chief Digital Officer on the IT side should stand out. They said that IT
should represent the company at a higher level and accelerate the acquisition of digital
technologies in this way. According to EMP10, the major advantage of the oil and
gas industry was that there were sensors and an infrastructure already to collect data
since it was always important for technicians to examine the status of operations.
Based on this, EMP10 means that the oil and gas industry has already met the
hardware requirements and has already established the necessary IT infrastructure in
most fields. Therefore, the most important step is to adapt to automatic decision-

making systems. Analytical studies are now proceeding in this direction (EMP10).

Oil and gas industry employees have also addressed some points that need to be
improved for the sake of Industry 4.0 applications using Big Data systems. For
example, the participants mentioned that the needs regarding the use of applications
are constantly changing (EMP3, EMP4, EMP13, EMP14). Therefore, they stated that
it would be more beneficial to analyze these continuously changing needs and solve
the problems step by step. According to EMP13, the problems defined in terms of
adapting to Industry 4.0 applications may change in time. Therefore, the applications
should be developed step by step and transformed accordingly by the technical
experts. It is stated that applications developed by processing real-time data will be
able to respond to changing needs faster in this way. In addition, EMP12 stated that
it is important for the manufacturing sector to obtain tax incentives for investments
in goods and technologies that link physical and digital systems to make complex
analysis in real time. He noted that the technology used in transition to Industry 4.0
applications is expensive. Thus, state support will make a significant contribution to
companies (EMP12). According to EMP4, academy and industry cooperation plays
an important role in the correct implementation of Industry 4.0 processes to
companies. If secure data sharing environments can be provided between companies
and universities, up-to-date information in the literature can be applied more easily
in industrial companies. This will make the transition to Industry 4.0 easier (EMP4).
He also stated that one of the most important factors in the spread of Industry 4.0
applications in the company is the negotiations with other technology companies. In
this way, we have added the lessons learned by other companies to our knowledge

and we have easily overcome the difficulties in the implementation phase (EMP4).
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4.2.2. Decision Support Systems Overview

A positive approach to decision support systems that came with Industry 4.0
applications was also observed during the interviews. All participants stated that real-
time data analytics results, which are monitored instantly from Big Data systems,
help them in the decision-making process as they show the current state of business
processes. According to EMP1, EMP2, and EMP9, with the real-time data collection,
accident frequency rates and more detailed information about the accidents can be
managed in refinery units. In this way, managers anticipate the occurrence of an

accident and take preventive measures.

According to the results of the questionnaire, 33.3% of the participants strongly
agreed, 50% of them agreed, and 16.7% of them neither agreed nor disagreed with
the use of real-time data analytics in decision support systems to solve the problems
experienced by the customers. 15 interviewees were asked to elaborate on this matter.
In response, they stated that they use decision support systems in different works by
making use of real-time data collected. For example, EMP9, EMP10 and EMP 12
stated that they could continuously monitor the petroleum products in the units during
the production planning stages, thus they are able to make stock and supply chain
plans accordingly. Similarly, EMP2 and EMP3 mentioned that the ability to monitor
critical operations live (such as temperature, pressure, and oil flow values) in oil units
helped them properly make the critical decisions that would greatly affect
profitability. According to EMPS, due to the instant monitoring of production and oil
processing stages, the actions are taken quickly which leads to great profitability
considering the size of the oil and gas industry. For example, the instantaneous
variables that can be predicted accurately such as the temperature and pressure values
seriously change the quality of the oil production and thus it affects the profitability
of the end product.

All of the participants stated that important product specifications of processed oil
products such as temperature and pressure can be estimated by using artificial neural
networks, machine learning, and statistical learning methods and these properties can

be used in decision support system stage. They stated that complex processes in
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refineries were made more understandable by establishing dynamic simulation
models, statistical modeling and mathematical equation systems thanks to Industry

4.0 applications using real-time data analytics methods (EMP2, EMP6, and EMP9).

4.2.3. Technical Competence Overview

We stated before that it is not easy to set up and implement Big Data analytics systems
in companies and it is only possible with employees who can provide adequate
technical support. We stated that real-time data acquisition with the help of sensors
from the field, designing screens, running data analytics applications through these
data requires high software knowledge and technical effort. Moreover, during the
interviews, the participants stated that it is highly required to understand the real
needs of the sector and Big Data applications. In this part of the thesis, the technical

adequacy of real-time data analytics systems in the oil and gas industry is questioned.

52.8% of the employees stated that it was possible to analyze the products via real-
time data analytics systems. During the interview, EMP1 and EMP4 stressed the
importance of ensuring that the technical infrastructure needs to be robust and
flawless. They said that the slightest data delay in these systems would change the
way the operation proceeds, and that Big Data systems in the oil and gas industry and
expert analytics software developers in the field must work to solve these challenges.
According to EMPY, the fact that Big Data systems are working properly in the
company is due to the fact that the company has employees with high technical
competence. This is achieved through successful human resources practices and
employment of the proper technologies (EMP9). According to EMPIS5, the
performance of Big Data systems severely affects the way they do business. If the
systems do not function properly, the possibility of making the wrong decision
increases. Therefore, the correct selection of systems and having sufficient

technological infrastructure affect the operational speed in the company.
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4.2.4. Real-Time Data Analytics Overview

One of the areas where Industry 4.0 applications contribute to the manufacturing
sector is to minimize the margin of error by combining digital decision-making
methods such as machine learning and data analytics with real-time data, rather than
identifying where deficiencies exist by looking at the reported past data. In this way,
manufacturing companies can be one step ahead of their rivals in terms of making
automatic decisions, reducing costs, extending equipment life, increasing operational
speed, improving product quality and increasing workplace safety. In these complex
systems, the importance of real-time data flow is undeniably high (Baaziz &

Quoniam, 2014).

According to EMPS5, the company was using previously recorded data to make
analysis and proceed with strategic decisions in the past. Thanks to technology
developing in parallel with the sector’s needs, it is now possible to use instant data to
make decisions simultaneously. Real-time data use helps to improve business and
staff productivity within the company and optimize operational costs. It also allows
the company to identify business opportunities, plan data-driven services, identify
operational cost inefficiencies, and improve customer relationships. According to
EMP11, rapidly improving performance thanks to real-time data analysis will
contribute to the competitive position of the company through innovation and make
the company flexible and able to quickly make strategic decisions. According to
EMP6, the most important step in the transition to real-time data analytics use was to
perform the strategic planning for the business. For this purpose, the human resources
policies have been determined and employees that are capable of managing Big Data
technologies have been selected. In addition, other technology companies were
contacted to obtain information about the recruitment process. Open-source
alternatives were considered and decisions were made based on previously applied

examples.
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4.2.5. Cost Reduction Overview

The respondents were asked to give examples of experience in reducing production
costs and the applications of Industry 4.0 in production and also asked what these
experiences meant for them. The employees gave their own business examples
according to their departments. For example, employees working at the departments
related to refinery said that they could reduce costs by anticipating the specs of
valuable products such as gasoline and diesel with automatic quality estimators. By
looking at the process data, they stated that they can achieve a high-quality end
product and make the products more profitable without any extra expense thanks to
the systems that can predict the specs for the end product beforehand. They stated
that data analytics and machine learning applications make quality test automation
possible by limiting the number of errors to generate. EMP4 and EMPS stated that
this leads to a reduction in scrapped products by ensuring better control over the

production.

As another example, the participants explained that the planned maintenance of
rotating equipment was carried out with real-time data analytics applications. They
mentioned that rotating equipment is a critical part of the production in refineries.
They predicted the probability of failure for this equipment and stated that they
substantially reduced the production, sales and equipment costs (EMP2, EMP7,
EMP8, EMP9, EMP10, and EMP11). In the oil and gas sector, the cost of equipment
and machinery are quite high and possible breakdowns can lead to serious economic
losses according to EMP2’s opinion. Furthermore, not only the economic loss is
important here, but also a breakdown in machinery can lead to loss of lives as EMP2
mentioned. EMPS, on the other hand, provides an example of how equipment can
reduce costs by looking at it from a different aspect. According to EMPS, the
equipment needs to run enduringly and properly so that the supply chain operations
do not get interrupted. He said that real-time data analytics, which makes it possible
to predict the condition of the equipment and machinery, can provide solutions. It can
also help to make recommendations for maintenance planning and to reduce costs in

this manner. According to EMPS8, with the help of automated systems warning the
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employees about the maintenance and service requirements of the machinery, the best

time to replace spare parts can be predicted, which would also help to cost reduction.

4.2.6. Equipment Uptime Overview

Employees stated that the equipment is a critical subject for refineries. It is underlined
by each employee that each equipment is checked and operated with planned
maintenance and that the oil and gas industry requires 24/7 maintenance. The
participants, who thinks extending the life of the equipment through Industry 4.0
applications is possible, embraced a common opinion and stated the importance of
predictive maintenance works. The equipment in each unit operates at high
profitability rates. Since all the product is sold continuously, it is revealed that the
systems that can learn from the data by estimating the state of the equipment and form

an intelligent maintenance plan are very important according to participants.

Since machines can learn from past production cycles and make use of these data in
the future, 24-hour production cycles that increase productivity are possible with less
manual intervention. EMP11 and EMP12 mentioned that human errors can be
eliminated by the complex process controls, thus it must be applied in product
manufacturing. According to EMPI, the process generally proceeds as follows; data
is continuously received from critical equipment and stored in Big Data systems. At
the same time, data as about the past behavior of the equipment is collected, such as
the behavior of malfunctioning or yielding abnormal values. Then, real-time data
analytics applications using machine learning methods check for the equipment's
temperature and pressure, recording meaningful relationships about past
contradictions. Therefore, an action plan is formed suggesting the steps to take in
order to bring back the equipment to its proper functioning condition. For example,
the action can be in the purpose of optimizing the temperature and pressure values
and prevent the equipment from malfunctioning. In this way, it provides the necessary
information to engineers and technicians to extend the life of the equipment.

Furthermore, it can make the necessary changes in the production lines by playing
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with the valve systems or other automated components where there is a need for

instant decision-making.

4.2.7. Operations Speed Overview

While explaining how to improve the operational speed, EMP3, EMP11, EMP14, and
EMP15 started with the supply chain examples. The production planning and sales
departments said that by combining up-to-date data from production with market
sales forecast data from analytical applications, the supply of the end product to the

buyer can be handled in a much planned manner.

According to EMP4, which says that operational speed is directly related to non-stop
and progressive production, the biggest advantage of real-time data analytics is the
optimization of logistics operations. Considering that oil transportation is made with
ships, real-time ship tracking data received from the satellite can be compared

instantly with current refinery productions (EMP4, EMPS5, EMPS, and EMP15).

According to EMP7, the company's production without interruption in the operational
sense is very important for the profitability of the company. Because refineries work
24 hours a day, the slightest pause affects sales and can reduce the turnover rate.
Therefore, improving operational speed through real-time data analytics was an
important step for the company. For all these to be implemented correctly, the
transition process had to be well managed. The company was able to keep up with
the changes in the sector in terms of technology (EMP7). For this purpose, project
management software has been designed to be more flexible and adaptable to
changing needs. According to EMP1, the company has frequently reviewed project
time plans and always made its employees feel the support of top management.
According to EMP9, the company decided to invest in R & D and technology centers
to maximize real-time data analytics applications. R & D and technology teams were
formed to conduct research on real-time data analytics use. It was aimed to be close
to universities by opening offices in different technopark campuses. In this way, it

was aimed to get better academic support for the research studies.
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4.2.8. Product Quality Overview

For nearly 15 years, manufacturers have significantly reduced errors using lean and
six sigma programs. They also have been able to improve product quality by
significantly reducing waste and deviations in the production process. But the process
here was not automated. In industries where the consequences of the slightest changes
in products, such as the pharmaceutical industry, are important, significant impacts
can be achieved even through small improvements in product quality. For this reason,
automatic analysis based on Big Data will contribute to the production sector in terms

of product quality (McKinsey & Company, 2014).

In the previous chapters, we showed that in the oil and gas industry, data collected
from production can be processed through intelligent software. According to EMP10,
EMP11, EMP13, and EMP15, petroleum products are subjected to certain laboratory
tests during production. Measurements were made on a daily or shift basis. According
to the measurements here, chemicals that would affect the quality of the product in
the production process were observed. However, due to the time lag, there were not
enough precautions taken to make a positive impact on product quality. This is where
Industry 4.0 applications that learn and decide together with Big Data come into play.
According to EMP11, all data can be analyzed instantly and the effects of the past
behaviors can be examined. Then the laboratory measurements can be made instantly
according to the statistical correlations. Thus, product quality can be observed
instantly. It makes taking precautions at the early stages of production possible and
helps to increase the profitability of products. According to EMP4, the company has
been working for many years to improve product quality. He pointed out that data
security is the most important issue in the transition to real-time data analytics use to
improve product quality. He stated that they are constructing data analytics systems
with secure network infrastructure in order to produce accurate predictions.
According to EMP12, the company organized awareness training in this respect. He
stated that workshops are organized to raise awareness about real-time data analytics

use in increasing product quality.
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4.2.9. Workplace Safety Overview

Oil and gas sector is a key industry whose products have a wide area of usage and it
operates under high volume manufacturing conditions. Using alarm systems is an
indispensable part of security operations. Alarm systems are essential for the safety
of the workplace and the smooth running of the production process (Srinivasan et al.,
2004). Hence, alarms play an important role in the working life of operators and
engineers. Alarm systems send alerts to give warnings about an unwanted event is
about to occur or is occurring at the moment. Therefore, it has an important place in
workplace safety. Moreover, workplace safety can be improved further thanks to
systems that can combine past data and real-time data. For example, with the anomaly
detection systems as a part of Industry 4.0 applications, we can learn why alarms

occur and how to prevent them from occurring again in the future (Aveva, 2018).

According to EMP3 and EMP9, workplace safety is very important for the refinery
sector, but it is implemented considering life safety in the first place rather than in
consideration of profitability. For this purpose, alarms are set to give early warning
signals as soon as critical process variables reach the predetermined extreme values
so that technicians can take immediate action. According to statements of EMP13
and EMP14, the data collected from refinery operations are converted into reports at
the end of the month and analyzed to ensure a trouble-free operation of the units.
According to EMP10, the alarm reports help to predict the probability of errors to
occur in the future operations and thus the continuity of the operations in the
refineries is ensured and situations that may create weaknesses in terms of workplace
safety are prevented. According to EMP11, they have always felt the support of the
senior management in collecting the data from the production line in the purpose of
increasing the workplace safety and its support provided them with the necessary
motivation. He also stated that workplace safety is compatible with the company's
digital strategy and it is decided that the problems related to the security of the units

in the refinery can be solved analytically.
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4.3. Policy Recommendations for Process Manufacturing Companies in

Transition to Industry 4.0

During this study, real-time data analytics applications in the manufacturing sector

are investigated. Based on the oil and gas sector, policy recommendations were made

for the production sector. Policy-makers are becoming more worried about

understanding the impact of policies that support production-based economic growth

and technologies that affect the future of production (O’Sullivan et al., 2013). In this

thesis, types of policies that should be adopted by production companies to get

prepared for the digital world has been investigated through several methods. In light

of research findings, policy recommendations will be made for manufacturing

companies. Firstly, recommendations that would be beneficial to companies in the

digital transformation process in terms of Industry 4.0 are considered.

One of the primary findings is that companies need to have more skilled
workforce to effectively manage systems that will be part of digital
transformation. Given the time taken to train new recruits and retraining
existing employees, strategic and long-term planning to create a proactive
workforce will help to form comprehensive human resources policies.
Manufacturing companies should direct their investments according to their
production objectives, define their digital strategies and shape the digital
transformation roadmap in the sector.

Companies should invest in easily accessible technologies such as open-
source ones that can be adapted quickly and have a significant impact on profit
margin. The additional profit generated by the digital transformation should
lead to a strong cycle of innovation within the company. With more
automation and real-time data analysis, it would be possible to provide a better
customer experience. Therefore, companies should invest in new technologies
to enhance their internal processes. Since most of the industrial equipment
that is currently in use is outdated and it may not have properties like product
detection or digital product service capabilities. Companies which update
their equipment and invest in future technologies can be one step ahead of

their rivals by meeting the requirements of the digitalization process.
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e We can conclude from the results of interviews and questionnaire that the
needs of companies keep changing in time. Therefore, companies should
embark on an active management style that keeps itself constantly updated
according to always changing sectoral needs. The company's needs for
digitalization must be identified and reviewed at regular intervals. These
needs should be prioritized by the top management and project plans should
be made in a shorter notice.

e Companies wishing to enhance their communication technologies and the
collection of key information should consider making R&D investments that
will enable the use of Big Data analytics, cloud technologies, high-
performance computing, and applications of IoT, as well as technologies
aiming to ensure security and privacy. They should establish technopark
structures supporting R&D activities. Because they will be able to reach more
technology and be closer to talented human resources. They should also take
the power of the academy behind them by receiving support from the relevant
departments of the universities. Investments in IoT applications, cloud
computing, cybersecurity, and Big Data analytics should be supported by
national policies. For this purpose, consultancy companies should be
established with the support of the government, and product-oriented policies
should be formed in order to meet the needs of production companies. In this
way, dissemination of know-how within the company and throughout the
other companies in the sector will be accomplished. One of the best examples
of this method is the reciprocal visits of companies in order to realize their
shortcomings and enhance their products and operations to meet the needs of

the sector.

4.4. Policy Recommendations Mitigating the Effects of Challenges that Occur
During the Process of Transition to Industry 4.0

It is often not easy for manufacturing companies to switch from classic systems to
systems that make decisions automatically and perform automated transactions. In

this part of the thesis, policy recommendations will be made for companies that make
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policies related to data analytics use and who are in the stage of benefiting from the
financial advantages of Industry 4.0, or who have passed these stages and have

difficulties in the process.

e Companies should start awareness-raising activities. This can be done through
activities such as awareness-raising campaigns, training, and guidance
studies. Companies should aim to increase their fund of knowledge with these
activities and shape their organizational structure accordingly. Policies
supporting industrial R&D investments related to industrial IT applications
should be applied along with demand-side policies such as awareness-raising
campaigns and training.

e Companies should develop a comprehensive innovation policy that promotes
secure data sharing and encourages this approach throughout the related
sectors. This policy should also include data sharing with the academics and
their involvement in the projects. In this way, academicians can be more
supportive regarding the sectoral studies.

e In a world where more and more companies are digitized, it is important to
have a well-planned digital transformation strategy. Innovative business
models that do not act quickly to develop a comprehensive 10T strategy fail
companies and let them fall behind their competitors. Manufacturing
companies should aim to provide their customers with the uninterrupted
customer experience and neat solutions by using a strategy of digital
transformation.

e The government should increase tax incentives related to Industry 4.0
applications for the private sector and public institutions. It should encourage
the R&D activities of the companies that carry out studies on Big Data
analytics, especially in the production sector.

e Mechanisms and programs to accelerate the transition process should be
established in order to support the production companies on the digital
transformation journey. To this end, the government should also encourage
them to receive guidance and consultancy services that will be needed in the

transformation.
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4.5. A Brief Summary of the Research Findings

In this thesis, which explores the maturity of Industry 4.0 concept in the oil and gas
sector, the concept of real-time data analytics and the contribution of Big Data
applications to manufacturing companies in terms of costs, equipment, operations,
products, and workplace safety are specifically emphasized. According to the
findings of the study, the percentage of people involved in the data analytics
applications and digitalization process in the oil and gas sector was 72.2%.
Employees in the industry believe that real-time data analytics applications are
beneficial to business processes. Employees also define the oil and gas sector as one
of the most suited sectors for the adaptation of Industry 4.0 applications. It is
concluded that real-time data analytics provide new opportunities for the
manufacturing industry through the online questionnaire and interviews. The
importance of having a vision in terms of increasing the added value through
digitalization is demonstrated. It appears that these technologies should be used
together with stakeholders in the sector to address the exact challenges. It is stated
that the data obtained from the production equipment should be continuously
processed together with a strong IT infrastructure and used in the decision-making
process. In this way, the data obtained from the production processes can be used
continuously to improve the operations. As a result of conducted interviews and the
online questionnaire, it is found that the concept of data analytics is still not fully
understood. Therefore, it can be concluded that companies should increase awareness
training on data analytics. In addition, maintaining data quality and difficult user
acceptance tests are among the biggest challenges for employees. By providing a
secure data environment, it can be expected to increase the interaction between
academia and industrial companies. Furthermore, according to the information
obtained from the participants of the surveys and interviews, R&D investments in the
field of data analytics should be made. With the support of top management,
resources should be allocated to the studies in the field of data analytics. On the other
hand, it is important for the continuity of Industry 4.0 applications that the data
analytics algorithms running in live systems are reviewed regularly and made
understandable to everyone in the company. The summary of technology policies can

be found in Figure 35 and Figure 36.
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Becommendations for the manufacturing companies in terms of
Industry 4.0 adaptation process
Skilled »  Estsblishment of a proactive workforce that is competent on big
Workforce data amalytics through comprehensive humean resource policies
Eoadmap o  Identifying the strategies that will increase production profitability
through digitalization
* Defining the exact role of Chief Digital Officer and proceed to
gain the support of senior management
Technology » Giving priority to make nvestments to ezsily accessible
technologies such as open-source ones that can be maplemented to
production systems gquickly and have a2 sigmificant impact oo
profit
* Updating the exizting technologies in purpoze of meeting the
demeand of digitalization m order to be one step shead of the mvals
Management = Embarlang on an active management style designed to meet the
always-changing sectoral requirements
*  Beviewing the requirements of digitalization regularly
= Prontization of the requrements of digitalization by the top
management and making project plans applicable in a shorter time
#  Establishment of a team working on data anslytics and provision
of support by the zenior management.
R&D Sindies »  Supporting R&D investments in technologies enabling the use of
on Big Data Big Diata analytics, high-performance cloud computing, and IoT
and Data zpplications
Analytics »  Establishing technopark structures to support R&D activities on
real-time data analytics
= Receiving academic support from the relevant departments of the
universities
s  Establishment of consultancy companies that will werk: on real-
time data amalytics with the support of the government Focusing
on the data analytics products that will cope with the problems m
production

Figure 35. Reccomendations for the manufacturing companies in terms

Industry 4.0 adoption process
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Recommendations for manufacturing companies to mitigate the effects of

challenges faced during the transition process to Industry 4.0

Awareness- *  Starting awareness-raizing activities. This can be done through activities
raising zuch as training and guidance studies in the company
¢  Understanding the requirements of digitalization clearly
o Ifdata cannot be collected from the production lines where the problems
need to be solved imwmediately, the company should invest in
techniologie: that can collect data directly from the equipment and
facilitate the process for collecting data from relevant points

Data security ¢ Developing a comprehensive innovation policy that will promote secure
data sharing and encourages this approach throughout the related sectors

o Increasing the use of data analytics within the company in the most
zecure way possible

»  Ensuring data security by applying reliable machine learning algorithrms

* Establishment of data management policy and mapping the locations of
sensors transmitting data from the production area

Strategy for »  Since more and more analytical models are used in live systems as time

digitalization paszes by, the performance of past models should be continuously
monitored with a well-planned digital transformation strategy

o  When data analytics models are applied to live systems, reports should
be created in a format determined by the company, making them
understandable by everyone, and making it possible for people to make
cotrections when required

Tax # The government should increase tax incentives related to Industry 4.0
applications for the private sector and public institotions. It should
encourage B&D activities of the companies that carry out studies on big
data analytics, especially in the production sector

Process  Production companies should establish mechanizmsz and programs to
accelerate their transition process in their digital transformation journey

o  Tax relief should be provided in cooperation with Data Analytics
consulting companies

Figure 36. Reccomendations for the manufacturing companies to mitigate the

effects of challenges faced during the transition process to Industry 4.0
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CHAPTER 5

CONCLUSION

5.1. Summary

According to the findings provided in the thesis, cost minimization requires the
employment of sensor systems for process equipment and increasing the budget
allocated to R&D studies conducted in the oil and gas industry. By performing real-
time data analytics on Big Data, oil and gas production processes are expected to
become more intelligent systems. With Industry 4.0 systems, data-driven software
will be able to handle oil and gas processes by making predictions. Otherwise,
handling the production in the oil and gas sector based on the previously collected
data instead of real-time data will not be enough for companies to remain competitive
in the sector. As the volume of the data generated by production systems increase,
the use of real-time data analytics will become more widespread (Lee et al., 2014).
With Big Data and real-time data analytics, manufacturing process data can be
collected, analyzed and transformed into meaningful information, so that valuable
insights will be gained about production processes. The findings of the thesis confirm
that the most important components of Industry 4.0 are real-time data analytics and
Big Data systems. It is found that data analytics technologies can solve the problems
in the production stage. Moreover, these technologies can make many contributions
to the manufacturing sector from cost reduction to product quality improvement.
Interview and survey findings show that process manufacturing companies trying to
remain competitive in the oil and gas sector should further increase their activities in
data analytics and digitalization in order to catch up with the recent developments
related to Industry 4.0. Companies that store their data in good quality and analyze
them to solve production problems can take a step forward and get ahead of their

rivals in the sector. Manufacturing companies that make an investment in

83



technologies that will help them manage their operations better can take their business

to the next level and make more accurate decisions (Evans and Anninziata, 2012).

In this thesis, it is explained that industrial revolutions have led to drastic changes in
the production processes and profoundly influenced firms. However, the most
important feature of the industrial revolution is its continuous development (Almada-
Lobo, 2016). The factors that determined the second industrial revolution emerged
after the first industrial revolution. In this period, the facilitation of transportation
networks, especially railways, played an important role. On the one hand, raw
materials and the end products reached new markets. In the third industrial revolution
period, scientists were able to combine the inventions in physics and chemistry with
technology and make mechanical equipment much more useful. In this period, the
use of electricity became widespread (Yin et al., 2018). In addition, the concept of
mass production was developed under the leadership of Ford Motor Company. The
USA and Germany made the biggest breakthrough in this process and became the
world leaders in the manufacturing industry. After the Second World War, the third
technological revolution broke out and fields such as computer science,
microelectronics, and genetics developed. The most prominent feature of the third
industrial revolution was the rapid development of information technologies.
Moreover, Industry 4.0 is a period in which huge profits are obtained with the proper
use of data. Real-time data analytics, Big Data, automation, empowered sensors, and
[oT are the exciting highlights of this era. Because of these recent developments,
production patterns have changed and supply chains have gradually expanded
(Almada-Lobo, 2016). With the development of computer programs, design activities
have become diversified. Computer-aided design, production with advanced
technology, the increase and spread of automation in production have led to a new
era. This rapid development shows that the manufacturing sector has entered the

fourth stage of industrialization (Almada-Lobo, 2016).

The reasons why Industry 4.0 is important for the process manufacturing industry are
explained based on its benefits in this study. Industry 4.0 helps manufacturers to cope
with the challenges faced by making production processes more traceable. By using

real-time data analytics, process manufacturing companies can become more
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consumer-oriented. In section 4, it is demonstrated that manufacturing companies
should use real-time data analytics to make more informed strategic decisions. To
show a strong analytical approach is rapidly becoming crucial for manufacturing
companies in terms of maintaining their competitiveness. According to the findings,
however, showing an analytical approach is not enough for the manufacturing
companies. For this reason, technology policy suggestions were made in order to
ensure that the production companies do not experience any failures and make
maximum use of data analytics. Policy recommendations are summarized in Section
4.5. Based on the results of the questionnaire and interviews conducted in the oil and
gas sector, policy recommendations were made for the production sector in general.
The technology policies produced within the scope of the thesis have been prepared
to address two groups in the process manufacturing sector: those who are preparing

to move towards industry 4.0 and those who are experiencing difficulties in transition.

5.2. Implications on Industry 4.0 and the Qil and Gas Industry

The main conclusion that can be drawn is that real-time data analytics and Big Data
technologies need to be used to speed up the operations in the oil and gas industry
(Khodabakhsh et al., 2017). Petrochemical industry yields a sufficient amount of data
to perform real-time data analysis. Sensors are widely used in the processes in the oil
and gas industry since these processes can be defined as mission-critical systems
(Perrons and Jensen, 2015). In the oil and gas companies, raw data are continuously
collected from the equipment such as drills, turbines, boilers, pumps, compressors,
and injectors through computer systems, which measure important process
parameters such as temperature, pressure, flow rate, vibration and depth
(Khodabakhsh et al., 2017). More generally, the findings in this thesis are consistent
with the literature showing that manufacturing companies should develop technology

policies regarding Industry 4.0.

Oil is an important source of energy that affects both the world economy and
international political relations. Since it is consumed at a higher rate compared to

other nonrenewable resources, the contribution of oil to the economic development
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of the countries is enormous (Holdaway, 2014). The importance of real-time data
analytics for the oil and gas sector is crucial as confirmed by survey results and face-
to-face interviews. Overall, findings provided in the thesis demonstrate the strong
effect of operation management based on the insights derived from real-time data

analytics.

5.3. Concluding Remarks

Industry 4.0, real-time data analytics and technological transformation process of
manufacturing sector present some challenges (Jagadish, 2015). The new era that
comes with these developments has affected every aspect of daily life from
production to trade and from health to entertainment. This period does not resemble
any of mankind’s previous experiences in terms of scope and complexity. The speed
and the extent of this new revolution have not yet been fully grasped (Jeschke et al.,
2017). The findings in this thesis confirm that there are opportunities and challenges
in the transition to Industry 4.0. In the physical and digital worlds, new technological
developments reinforce each other and lead to new leaps. This allows drawing the
conclusion that developments in real-time data analytics can create new business
models. Companies are undergoing change and their production, consumption, and
logistics systems are being reshaped (Kagermann et al., 2013). Governments and
institutions are also reshaping many systems, such as education, health, and
transportation. These changes and transformations are of historical importance. We
are heading towards a period in which traditional ways of doing business are rapidly
transforming. This brings new opportunities and challenges for manufacturing
companies. An intelligent manufacturing enterprise means a strong industrial
enterprise with the highest level of data access. On this basis, we conclude that
enterprises that use intelligent production systems are also flexible and efficient. It
would appear that factories in which all production processes are controlled by smart
systems will become important. Smart factories that increase productivity and enable
flexible production can increase their profitability. In addition to these advantages,
the findings in this thesis provide additional information about immediate access to
the right information, effective planning of production and cost advantages. Industry

4.0 is a journey that has begun. Just like the transition in which information
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technologies are used in many areas, this process will likely to continue. The role of
individuals, firms and even governments is to make the most of the opportunities of
the new revolution, to take measures to minimize threats and risks and to act

proactively.

On the whole, Industry 4.0 applications will process information at huge scales and
increase the value of oil and gas production process by enabling the information
infrastructure to be integrated into the means of production. The oil and gas sector,
which has internalized the technology, is on the verge of creating a major
transformation that will change its role in the global economy if this sector can

understand the true value behind the Big Data and real-time data analytics.

5.4. Future Work

In this thesis, the research topic covers Big Data systems and real-time data analytics.
However, concepts related to digital transformation, such as 3D printing, cloud
computing, augmented reality and industrial robots, have not been emphasized in this
study. The biggest shortcoming of this thesis is the limited number of interviewees
and respondents to the online questionnaire. Findings of the study may remain limited
and only apply to the oil and gas industry since the sample size was small. However,
the results from both the questionnaire and interviews show consistency with each
other and. When the sample size can be larger, we think the results will again
converge to the findings in this thesis. Future research should consider the potential
effects of real-time data analytics more carefully. For example, all production
companies in the oil and gas sector can be taken into consideration. Thus, companies
with differences between their production processes can have more specific solutions
and policies. Our findings on Industry 4.0 applications reveal that real-time data
analytics are crucial for the manufacturing sector. In making inferences for the oil
and gas sector, we focus only on five main areas. These include reducing costs,
extending equipment life, increasing operational speed, improving product quality
and improving workplace safety. Therefore, this thesis may not include all the areas

in the production sector. We can adapt this research to other sectors where it is often
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critical to producing meaningful results from the data collected through digital
components. In addition to the five main areas included in the study listed above, we
may identify different areas that the real-time data analytics can contribute to. In this
thesis, an in-depth analysis that can help to solve all production problems is not
discussed. Again, the relatively small sample size, which led to a lack of
comprehensive statistical analysis that would yield statistically significant results,
prevented us from constructing and testing comprehensive hypotheses. Thus, it will
be important for future studies to conduct online questionnaires including more

respondents and interviews with more participants.
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APPENDICES

APPENDIX A: ONLINE QUESTIONNAIRE CONTENT (TURKISH)

PETROL VE GAZ SEKTORUNDE TAHMINE DAYALI
URETIM IiCIN GERCEK ZAMANLI VER| ANALITIGI
YONTEMLERININ UYGULANMASI: ENDUSTRI 4.0
PERSPEKTIFI

¥IGIT YELDAN - 0DTU BiLiM VE TEKNOLOJI POLITIKASI GALISMALAR YUKSEK LISANS TEZ
AMKETI SORULAR

" Gerekd

Betimleyici Bilgiler

Tez analizi igin beimleyici sondan igerir

1. Cinsiyetiniz? *

Erkek
Kadm

2 Yagimz? *

21-30
31-20
£1-50

B0 we dzer
2 Egitim dursmunuz nedir? *

Mk oo

Lise

Lisans

Yiksek Lisans
Diokbora we Jzen

4. Toplam is tecriibeniz hangi arahktadir? *

1-5w

510
10-15w
15-20

20 yidan fazla

5. Dnvanimz Nedir? *

Bilgisayar Operatini
Uzrman

Mihendis

Gef

Koordinatdr
Bagmihendis
Miipciiar

Ust Diizey Yonatic

Digper
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& Hangi departmanda gahismaktasinez? *
Yainrzea bir grida igaredeyin.
() Bilgi Teknolojileri

isletme Giverdrigi

) Ao

() Kalite Sisterrleri
() Uretim Planiama
;’l Proses Otomasyon
) Bakim

() Uretim

) Teknik Emniyet
(") insan Kaynaklan

(") Finans ve Mali igler
) Genel Midirlik Ydnetim
() Rafinesi Yanetim

I
() Diger
SOruya gegin.

Endiistri 4.0'a Genel Bakis
Endiistri 4.0 kavrams hakkinda sorular igerir.

7. Sirkefinizde bir veri analitigi veya dijitallegme projesinde rol aldiniz i ? *
Yainrzea bir srdo izaredeyin.
() Ewet
() Hayr
& Gergek zamanh veri analitigi uygulamalannin i siireglerinize olumiu bir etkisi oldugunu

diiguniiyor musunuz? *

Yainrzea bir srida Garet

) B
(") Hayr

2. Endiistri 4.0'm ortaya gibig amac: maliyeti digirmek, daha verimli Gretim siregleri geligtirmek,
daha hizl ve esnek bir Gretim saglamaktir. Petrol ve Gaz endiistrisini Endistri 4.0 sekiarlerinden
biri olarak armlar mesinez? *

Yainrzea bir grido igaredeyin.

) Ewet
(" Hayir
10. Endiistri 4.0 ve gergek zamanh veri analitigi hizmetierinin petrol ve gaz endiistrisine yeni
olanaklar saflayabilecefini diistinilyor musunuz? *
Yainizea bir gido Garedieyin.
) Bwet
() Hayr
11. Endiistri 4.0 kapsaminda kullamilan dijital teknolojilerin benimsenmesi ve kurum iginde
yaynlaghnlmas: igin biitge aynimas: gerektigini dilgiiniyor musunuz? *

Yainrzea bir grida igarede

() Ewet
(") Hayr

12 Yoneticilerim veri analitigine ve dijitallesmeye dnem verir. *

Yainrzea bir grida igaredeyin.

T o T . T

Kesinlide Katimiyorum T O 0D _J Kesinlikle Katihyorum
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12 lg stratejimizi olugtururken Endiistri 4.0 konseptlerini goz dniinde bulundururue. *
Yainizea bir kdo Esarefieyin.

1 2 3 4 5

Kesiniide Katimyorum () () () () () Kesinlikle Kablyorum

14. Dijitallegme projelerinden beklenen faydalan gergeklegtirecek sekilde bireyler/departmanlar igin
performans hedefler belirliyoruz. *
Yainizea bir gikdo igarefeyin

- - — —

Kesniide Katimyorum () (" 0 () (3 () Kesinlikle Kablyorum

15. Uretim siiregleri hakkinda ankhik izZleme saglayan ve birden fazla kullanici tarafindan erigilebilen
dijital teknolojilerin kullanim petrol ve gaz sektdrd igin Gnemlidir. *
Yainizea bir kdo Esarefieyin.

!

Kesiniide Katimyorum () () () () () Kesinlikle Kablyorum

16. Petrol ve Gaz sektbriinde rekabet glici kazanmak igin dijital bir vizyona sahip olunmaldir. *
Yainizea bir kdo Esarefieyin.

Kesinlide Katimiyorum () |

g
=
L
o

"

+

) 3 () FKesinlike Kathyorum

i

17. Gergek zamanh veri analitifiinin, petrol ve gaz sektériine etkisinin Snemli oldugunu
diliginiiyorm. *
Yainizea bir kdo Esarefieyin.

h

. o,

Kesmiide Katimyoum () (3 () () () FKesinlide Katihyorum

\,
s

18, sonuya gegin

Veri Analitigi Karar Destek Sistemi Olgiitleri
Petrol ve Gaz sekiorl dzelinds veri analitigi karar destek sistemlen hakkinda sorular igerir.
18. Dijital teknolojiler. petrol ve gaz sekibrinde ig ve dig migterlere iletizimde kalmak ve
karsilagtiklan zorluklan gizmek igin kullanilr. *
Yainizea bir kdo Esarefieyin.

1 2 3 4 5

Kesiniide Katimyorum () () () () () Kesinlikle Kablyorum

12. Uretim ekipmanlanndan veri alacak sistemler kuruludur ve karar verme agamasinda
kullanilabilecek gergek zamanl weriler meveuttur. *

Yainizea bir gkl igarefeyin.

Kesniide Katimyorum () (" 0 () () ) Kesinlikle Kablyorum
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20. Petrod igleme siireglerinden elde edilen gergek zamanl veriler sadlanan hizmetleri gelistimek
igin devamh olarak kullamimahdir. *

Yainizca bir grida Earefieyin.

Kesinfide Katbmyorum (0 () (3 () () Kesinlikle Kablyorum

21. soruya gegin

Veri Analitigi Teknik Yeterlilik Olgiitleri

Petrol ve Gaz sekidr dzelinde veri analitiji gereksinimier hakkinda sonlar igerr.

21. Petrod ve gaz sektdriinde. driin bil gilerini gergek zamanh veri akisina dayanarak analiz etmek
miimbkLindir. *
Yainizca bir grida Earefieyin.

Kesinfide Katibmiyorum () () () () () Hesinlide Kablyorum

22 Petrod ve gaz sektiriinde gegmise dayah analizler yerine, Endiistri 4.0 ile giindeme gelen ve
gergek zamanh veriler ile yapilan analitik galismialann etkilerini gizlemlemekteyim. *

Yainizea bir grida iarafieyin.
1 2 ] 4 ]

Kesinfide Katimyorum (0 (0 0 ()

!
LT . W S S

Kesinlikle Katiliyorum

23, Petrol ve gaz sektorinde, gergek zamanh veri analitiginin uygulanmasinda en gok hangi zorlukla

kargilagildiim diigiiniyorsunuz? *

Yainizca bir grida Earefieyin.

| Veri Kalitesinin Konmmasi

() Biiyiik Veri Performansinin Sajlanmas:
| Veri Analitii Kawraminin Anlagilmasi
) Kullamlan Teknolgjilerin Kalitesi
) Maliyetlerin ¥ iksek Olmas:

7} Kullanics Kabul Testlerinin Zor Olmasi

P
f

) Diger:

b
L.
-
b
I

b

24. Petrod we gaz sektriinde dijital déniisimii saglamak igin veri analitigi alaninda galisan teknik
uzmanlar girevlendirilmelidir. *
Yalnrzoa bir gikda igarebeyin.
Kesmiide Katbmiyorum () () () () () Kesinlide Kablyorum

25. Petrol ve gaz sektiriinde, galiganlann veri analitigi alaninda galisma yapabilmeleri igin gerekli
yetkinlikte teknolojik araglar kullamimaktadir *
Yainizea bir grida iarafieyin.

Kesifide Katimiyorum (3 (3 (3 () () Hesinlike Kabliyorum

26. sonuys gegin
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Gergek Zamanh Veri Analitiginin Katkilarinin Degerlendirilmesi
Degerendirme Skalasi: 1-En Az, 5-EnFazla

26. Bilyiik weri kullanilarak yapilan zamanl veri analitigi ve Endiistri 4.0 uygulamalan petrol
we gaz sektonine kathilanm degerlendiriniz. *

Her satwds yainizca bir gk igaretieyin.

Maliyet azaltma 4 )
Ekipman Kullamim Siresi{
Operasyon Hiz 4 ),
Uriin Kalites: [
Isyeri Givenligi 4 )

27 Biryiik veri kullanilarak yapilan gergek zamanh veri malitiﬁi we Endiistri 4.0 uygulamalannin
petrol ve gaz sektiirine en gok hangi alanda katki safladigin digiiniiyorsunuz ? *
Yainrzea bir gikdo igaredeyin.

(D Maliyet Azaitma

() Exipman Kullanem Sresi

() Cperasyon Hizi

~ ) Ui Kaltesi
() lsyen Givenigi

71 Diger

Fowened by

ﬁ Google Forms
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APPENDIX B: ONLINE QUESTIONNAIRE CONTENT (ENGLISH)

IMPLEMENTING REAL TIME DATA ANALYTICS
METHODS FOR PREDICTIVE MANUFACTURING IN OIL
AND GAS INDUSTRY: AN INDUSTRY 4.0 PERSPECTIVE

YiGIT YELDAM - METU SCIENCE AMD TECHMOLOGY POLICY STUDIES QUESTION THESIS SURVEY
QUESTIONS

* Required

Descriptive Information

1. What is your gender ?

Male

Female
2 What is your age ?

21-30
3140
41-50
60 and above

3. What is your educational level 7

Primary school
High school
Bachelor's Degres
Master's Degree

Doctorate degree

4_What is your total work experience?

1-5 years

5-10 years

10-15 years

15-20 years

More than 20 years

5. What is your title ?

Specialist
Enginesr
Senior Engineer
Coordinator
Chief Engineer
Manager

C-Level Executive
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6. In which department do you work?
Mark only cne oval.
_" Information Technaologies

| Operational Reliability

() R&D

) Quality Systems

“ Production Planning
' Process Automation
() Maintenance
Production
Technical Safety
Human Resources

Finance

-
L N

e

\
4

| General Dirsctorate
Refinery Directorate

N
LN S S

Other:

Industry 4.0 Overview
Includes guestions about the concept of Industry 4.0,

7. Have you taken part in a data analytics or digitalization project in your company?
Mark only one oval.
) Yes

(. | No

8. Do you think that real-time data analytics applications have a positive effect compared to your
previous business processes?
Mark only one oval.

Y
) Yes

() Ne

9. The goal of Industry 4.0 is to reduce costs, develop more efficient production processes and
provide a faster and more flexible production. Can you describe the oil and gas industry as an
industry 4.0 sector?

Mark only cne oval.

"
[ ) Yes
) Ne

10. Do you think that Industry 4.0 and digital technology services can provide new opportunities for
the oil and gas industry?

Mark only cne oval.
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11

12

13

14.

15

16.

17

Do you think it is necessary to allocate a budget for the adoption and dissemination of digital
technologies used within Industry 4.07

Mark only one oval.

! Yes

I

[ _\" Mo

My first manager is committed to real-time data analytics and digitalization.

Mark only one oval.

| strongly disagree :':_'.. VO O :':_-/: Absolutely | agree
We review the Industry 4.0 concepts when creating our business strategy.
Mark only one oval.

| strongly disagree ” JoC ) _\ Absolutely | agree

We set performance targets for individuals ! departments to realize the expected benefits of
digitization projects.
Mark only one oval.

| strongly disagree :;: P \ , i: :Zl _, Absolutely | agree

The use of digital technologies that provide visibility into manufacturing processes and can be
accessed by multiple users is important for the oil and gas industry.

Mark only one oval.

g . . - - w

Istonglydisagree () () () () () Absolutely|agree
The oil and gas sector must have a digital vision for transformation due to new market needs.
Mark only one oval.
| strongly disagree C oy C ) C )y () () Absolutely | agree
| think the impact of real-time data analytics on the oil and gas sector is important.

Mark only one oval.

| strongly disagree () [ (_ i ) ‘ Absolutely | agree

L L
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Data Analytics Decision Support System Criteria
Includes guestions about data analytics decision support systems specific to the Oil and Gas sector.

15. Digital technologies are used to keep in touch with internal and external customers in the oil
and gas sector and to solve the challenges they face.

Mark only one oval.

| strongly disagree \ ) i _'J- Absolutely | agree

19. Systems for obtaining data from production equipment are installed and there are real-time data
to be used in the decision-making process.

Mark only one oval.
Istronglydisagree () ( ) ( ) ( ) () Absolutelylagres

20. Real-time data from oil processing processes should be used continuously to improve
solutions, solutions and services.

Mark only one oval.

Istronglydisagree () ( ) ( ) () () Absolutelylagres

Data Analytics Technical Competency Criteria
Includes guestions about data analytics requirements specific to the Oil and Gas sector.

21. It is possible to analyze the produced product information based on real-time data flow.

Mark only one oval.

Istronglydisagree () () () () () Absolutely|agres

22 In the oil and gas sector, | ocbserve the effects of analytical studies with real-time data that have
come up with Industry 4.0, rather than past-based analysis.

Mark only one oval.

Istronglydisagree () ( ) () () () Absolutelylagres
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23. In the oil and gas sector, what challenges do you think are most likely to apply realtime data
analytics? *
Mark only one aval.

() Data Quality Protection

| Ensuring Big Data Performance

Py

'_: Understanding the Concept of Data Analytics
() Quality of Technologies Used

“

| High Costs

b,

[ Difficult User Acceptance Tests

L) Other

24 Digital experts working in the digital field should be employed to ensure digital transformation
in the oil and gas sector.

Mark only one aval.

| strongly disagree ' )

O () () Absolutely | agree

25. In the oil and gas sector, technological tools are used in order to enable employees to work in
the field of data analytics. *

Mark only one oval.

Istrenglydisagree (3 3 () () () Absolutely | agree

Evaluating the Contribution of Real-Time Data Analytics

Rating Scale: 1-Minimum, 5-Maximum

26. Evaluate the contribution of realtime data analytics and Industry 4.0 applications to the oil and
gas sector using big data. *

Mark only one oval per row

Cost Reduction ([ J(
Equipment Uptime )
Operations Speed ()
Product Quality :_:_
Workplace Safety ()

27. In which field do you think real-time data analytics using Big Data and Industry 4.0 applications
contribute most to the oil and gas sector? *

Mark only one oval.

) Cost Reduction
() Eqguipment Uptime
.} Operations Speed

7| Product Quality

() Workplace Safety

(") Other
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APPENDIX C: APPLIED ETHICS RESEARCH CENTER APPROVAL
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Sayin Prof.Dr, Teoman PAMUKCU
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Politikalarinin  Olusturulmasi igin Gergek Zamanl Veri Analitifi Yontemlerinin Uygulanmasina
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APPENDIX D: STATISTICAL TABLES AND FIGURES

Table 7

ANOVA for Industry 4.0 related questions

Gender
Residuals

Age
Residuals

Edu
Residuals

Title
Residuals

Df Sum Sq Mean Sq F value
0.
7.

1
34

Signif. codes:

047
795

.091
.751

.048
.795

.864
.979

0.
0.

AR 4

04744
22927

.04565
.23489

0.5239
0.2059

0.1440
0.2407

0.001

0.207

0.194

2.544 0

0.598

Nk x/

0.01

Pr (>F)

0.652

0.824

.0938

0.729

AR 4

0.05

\

4

0.1 v 1

Source: Based on the results obtained from the questionnaire.

Table 8

Tukey HSD Test for Industry 4.0 related questions

Tukey multiple comparisons of means
95% family-wise confidence level

Fit: aov(formula

$Edu

Masters-Bachelors
Doctorate-Bachelors
Doctorate-Masters

Industry4.0 ~ Edu, data

diff
-0.2846382 -0.6624470 0.09317071
0.4647368 -0.6776498 1.60712347
0.7493750 -0.3983541 1.89710407

lwr

data)

upr

p adj
0.1698160
0.5831557
0.2589663

Source: Based on the results obtained from the questionnaire.
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Table 9

Industry 4.0 Assumption Check for ANOVA

Levene’s Test for Shapiro-Wilk
Homogeneity of Normality Test
Variance
p.value 0.3512 0.3316

Source: Based on the results obtained from the questionnaire.

Table 10

ANOVA for Decision Support

Df Sum Sq Mean Sq F value Pr (>F)
Gender 1 1.074 1.0744 4.041 0.0524
Residuals 34 9.041 0.2659

Age 2 0.098 0.04901 0.161 0.852
Residuals 33 10.017 0.30355

Edu 2 0.973 0.4864 1.756 0.189
Residuals 33 9.142 0.2770

Title 6 1.203 0.2005 0.652 0.688
Residuals 29 8.912 0.3073

Signif. codes: 0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.7 0.1 " 1

Source: Based on the results obtained from the questionnaire.

Table 11.

Decision Support Assumption Check for ANOVA

Levene’s Test for Shapiro-Wilk
Homogeneity of Normality Test
Variance
p.value 0.9917 0.05092

Source: Based on the results obtained from the questionnaire.
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Table 12

ANOVA for Technical Competence

Df Sum Sq Mean Sq F value Pr (>F)
Gender 1 0.814 0.8136 3.405 0.0737
Residuals 34 8.124 0.2389

Age 2 0.139 0.0693 0.26 0.773
Residuals 33 8.799 0.2666

Edu 2 0.118 0.05921 0.222 0.802
Residuals 33 8.819 0.26724

Title 6 1.332 0.2220 0.846 0.545
Residuals 29 7.606 0.2623

Signif. codes: 0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.” 0.1 '’ 1

Source: Based on the results obtained from the questionnaire.

Table 13

Technical Competency assumption check for ANOVA

Levene’s Test for Shapiro-Wilk
Homogeneity of Normality Test
Variance
p-value 0.1275 0.0186

Source: Based on the results obtained from the questionnaire.
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Table 14

ANOVA for Real-Time Data Analytics

Df Sum Sq Mean Sq F value Pr (>F)
Gender 1 0.731 0.7314 2.016 0.165
Residuals 34 12.339 0.3629

Age 2 0.548 0.2738 0.722 0.493
Residuals 33 12.522 0.3795

Edu 2 0.569 0.2845 0.751 0.48
Residuals 33 12.501 0.3788

Title 6 3.128 0.5213 1.52 0.207
Residuals 29 9.942 0.3428

Signif. codes: 0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.7 0.1 * " 1

Source: Based on the results obtained from the questionnaire.

Table 15

ANOVA for Cost Reduction

Df Sum Sq Mean Sq F value Pr (>F)
Gender 1 2.03 2.032 1.94 0.173
Residuals 34 35.61 1.047

Age 2 1.52 0.7600 0.695 0.500
Residuals 33 36.12 1.0945
Edu 2 0.04 0.0217 0.019 0.981
Residuals 33 37.60 1.1393
Title 6 6.114 1.019 0.937 0.484

Residuals 29 31.525 1.087

Signif. codes: 0 ‘***’/ 0,001 ‘**’ 0.01 ‘*’ 0.05 ‘.” 0.1 '’ 1

Source: Based on the results obtained from the questionnaire.
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Table 16

ANOVA for Equipment Uptime

Df Sum Sq Mean Sq F value Pr (>F)
Gender 1 0.286 0.2857 0.364 0.55
Residuals 34 26.714 0.7857

Age 2 1.041 0.5206 0.662 0.523
Residuals 33 25.959 0.7866

Edu 2 0.092 0.0461 0.056 0.945
Residuals 33 26.908 0.8154

Title 6 4.157 0.6928 0.88 0.522
Residuals 29 22.843 0.7877

Signif. codes: 0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.” 0.1 '’ 1

Source: Based on the results obtained from the questionnaire.

Table 17

ANOVA for Operations Speed

Df Sum Sq Mean Sq F value Pr (>F)
Gender 1 0.96 0.9603 0.992 0.326
Residuals 34 32.93 0.9685

Age 2 2.26 1.1297 1.179 0.32
Residuals 33 31.63 0.9585

Edu 2 1.77 0.8836 0.908 0.413
Residuals 33 32.12 0.9734

Title 6 6.562 1.0937 1.161 0.354
Residuals 29 27.327 0.9423

Signif. codes: 0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.” 0.1 '’ 1

Source: Based on the results obtained from the questionnaire.
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Table 18

ANOVA for Product Quality

Df Sum Sq Mean Sq F value Pr (>F)
Gender 1 0.335 0.3353 0.535 0.469
Residuals 34 21.304 0.6266

Age 2 3.866 1.9328 3.589 0.0389 *
Residuals 33 17.773 0.5386

Edu 2 0.218 0.1089 0.168 0.846
Residuals 33 21.421 0.6491

Title 6 7.843 1.3072 2.748 0.0308 ~*
Residuals 29 13.795 0.4757

Signif. codes: 0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.7 0.1 * " 1

Source: Based on the results obtained from the questionnaire.

Table 19

Tukey HSD test on Product Quality in terms of age variable

Tukey multiple comparisons of means
95% family-wise confidence level

Fit: aov(formula = ProductQuality ~ Age, data = data)

$Age

diff lwr upr p adj
31-40-21-30 0.2882353 -0.4294292 1.00589984 0.5910294
41-50-21-30 -0.5222222 -1.3496300 0.30518558 0.2819117
41-50-31-40 -0.8104575 -1.5528012 -0.06811382 0.0299390

Source: Based on the results obtained from the questionnaire.

Table 20

Product Quality assumption check for ANOVA in terms of age variable

Kruskal-Wallis rank Shapiro-Wilk
sum test Normality Test
p.value 0.02882 0.001374

Source: Based on the results obtained from the questionnaire.
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Table 21

Tukey HSD test on Product Quality in terms of title variable

Tukey multiple comparisons of means
95% family-wise confidence level

Fit: aov(formula =

$Title

p adj

Engineer-Specialist -1
0.1441760
SeniorEngineer-Specialist 1.
0.9996771

ChiefEngineer-Specialist 5.
0.9715853

Coordinator-Specialist -7
0.6310615

Manager-Specialist 1.
1.0000000
ClevelExecutive-Specialist -5
0.8449937

SeniorEngineer-Engineer 1.
0.0595183

ChiefEngineer-Engineer 2.
0.0891976

Coordinator-Engineer 7.
0.8659622

Manager-Engineer 1.
0.1923434

ClevelExecutive-Engineer 1.
0.5533120
ChiefEngineer-SeniorEngineer 3.
0.9924178
Coordinator-SeniorEngineer -8.
0.3256435

Manager-SeniorEngineer -1.
0.9998568
ClevelExecutive-SeniorEngineer -6.
0.4911801
Coordinator-ChiefEngineer -1.
0.3830894

Manager-ChiefEngineer -5.
0.9787701
ClevelExecutive-ChiefEngineer -1.
0.5533120

Manager-Coordinator 7.
0.7205566
ClevelExecutive-Coordinator 2.
0.9969883

ClevelExecutive-Manager -5
0.9044095

diff

.500000e+00

363636e-01

000000e-01

.500000e-01

776357e-15

.000000e-01

636364e+00

000000e+00

500000e-01

500000e+00

000000e+00

636364e-01

863636e-01

363636e-01

363636e-01

250000e+00

000000e-01

000000e+00

500000e-01

500000e-01

.000000e-01

ProductQuality ~ Title, data

= data)

lwr
.28186721
.97121217
.28186721
.15868972
.40868972
.71413785
.04120888
.18233273
.13995558
.38995558
.74975887
.31393615
.16057143
.41057143
.69150793
.13995558
.38995558
.74975887
.79314227
.11784943

.86784943

upr

.2818672

.2439394

.2818672

.6586897

.4086897

.7141378

.3139361

.1823327

.6399556

.3899556

.7497589

.0412089

.3878442

.1378442

.4187807

.6399556

.3899556

. 7497589

.2931423

.6178494

.8678494

Source: Based on the results obtained from the questionnaire.
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Table 22

Product Quality assumption check for ANOVA in terms of title variable

Levene's Test for Shapiro-Wilk
Homogeneity of Normality Test
Variance
p-value 0.59 0.01939

Source: Based on the results obtained from the questionnaire.

Table 23

ANOVA for Workplace Safety

Df Sum Sq Mean Sq F value Pr (>F)
Gender 1 0.573 0.5734 0.703 0.408
Residuals 34 27.732 0.8157

Age 2 0.987 0.4936 0.596 0.557
Residuals 33 27.318 0.8278

Edu 2 2.766 1.3830 1.787 0.183
Residuals 33 25.539 0.7739

Title 6 7.948 1.325 1.887 0.117
Residuals 29 20.357 0.702

Signif. codes: 0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 '.” 0.1 "

14

1

Source: Based on the results obtained from the questionnaire.

Table 24

Factor Analysis Test Results

Uniquenesses:
Industry4.0 DecisionMaking TechnicalKnowledge RealTimeDataAnalytics
0.617 0.439 0.543 0.005
CostReduction EquipmentUptime OperationsSpeed ProductQuality
0.458 0.455 0.608 0.629
WorkplaceSafety
0.758
Loadings:
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Table 24 (cont’d)

Factorl Factor?2
DecisionMaking 0.744

TechnicalKnowledge 0.350 0.578
RealTimeDataAnalytics 0.894 0.442
CostReduction 0.602 0.425
EquipmentUptime 0.353 0.649
OperationsSpeed 0.621

ProductQuality 0.584 0.174
WorkplaceSafety 0.487

Factorl Factor2
SS loadings 2.386 2.103
Proportion Var 0.265 0.234
Cumulative Var 0.265 0.499

Test of the hypothesis that 2 factors are sufficient.
The chi square statistic is 29.08 on 19 degrees of freedom.
The p-value is 0.0648

Source: Based on the results obtained from the questionnaire.

[Reliability analysis
Call: alpha{x = datareltest)

raw_alpha std.alpha G6(smc) average_r S/N ase mean sd median_r
0.81 0.83 0.88 0.35 4.8 0.046 4.2 0.5 0.39

lower alpha upper 95% confidence boundaries
0.72 0.81 0.9

Reliability 4if an item is dropped:
raw_alpha std.alpha G6{smc) average_r S/N alpha se var.r med.r

Industry4.0 0.81 0.83 0.87 0.38 4.9 0.047 0.032 0.40
DecisionMaking 0.80 0.81 0.87 0.35 4.3 0.050 0.039 0.37
TechnicalKnowledge 0.79 0.80 0.87 0.34 4.1 0.052 0.037 0.31
RealTimeDataAnalytics 0.75 0.77 0.81 0.30 3.4 0.0€60 0.027 0.27
CcostReduction 0.78 0.80 0.85 0.34 4.1 0.055 0.031 0.37
EquipmentUptime 0.78 0.80 0.87 0.34 4.1 0.054 0.036 0.37
OperationssSpeed 0.81 0.82 0.87 0.37 4.6 0.047 0.037 0.39
ProductQuality 0.80 0.82 0.88 0.36 4.5 0.050 0.035 0.39
WorkplaceSafety 0.82 0.83 0.88 0.39 5.0 0.044 0.033 0.39

Figure 37. Cronbach’s alpha test for the online questionnaire

Independent Variable Dependent Correlation P.value
Variables
RealTimeDataAnalytics CostReduction 0.7747315 2.933e-08

RealTimeDataAnalytics EquipmentUptime | 0.6654116 9.514e-06
RealTimeDataAnalytics  OperationsSpeed 0.6541274 1.512e-05
RealTimeDataAnalytics  ProductQuality 0.6491346 1.846e-05
RealTimeDataAnalytics  WorkplaceSafety 0.5710321 0.0002757

Figure 38. Correlation test for hypotheses
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APPENDIX E: INTERVIEW QUESTIONS (TURKISH)

1. Endiistri 4.0 wygulamalanmmn getirdifi kazanglar nelerdir? Hangi alanda Biiviik
Veri ve Endiistri 4.0 uygulamalaring kullanan gercek zamanli veri analizinin petrol
ve gaz sektdrine daha fazla katla sagladifin dilsindvorsunuz?

2. Gergek zamanh veri analizi wygulamalanmin i siirecleriniz Gizerindeld etkisi
nedir?

3. Endiistri 4.0 ve gercek zamanli veri analizi uygulamalarinin petrol ve gaz
endiistrising saglayabilecegi veni olasiliklar nelerdir?

4. Petrol ve gaz sektdriinde, gercek zamanlh veri analitifi agismdan en muhtemel
zorluklarn neler oldugunu dilgindvorsunuz?

5. Gergek zamanl veri analizi sirecinde karsilastifiiz zorluklar nelerdir? Bunlan
kategorize etmek istiyorsamz hangi kategoriler olugturulabilir?

6. Endiistri 4.0 uvgulamalaring istenen dizeyde gerceklestirmek icin daha fazla ne
geligtirilmelidir?

7. Simdi bilyik bir veri projesine baglrvor olsamz, projenin hangi sfireglerim
degistirmek istersiniz? Ogrendiginiz dersler neler?

8. Malivetleri azaltmak igin Fndiistri 4 0 uygulamalan acisindan daha ivi yvapilmasi
gerekenler nelerdir?

0. Ekipman ¢aligma siiresini artirmak igin Endiistra 4.0 uygulamalar agisindan daha
1vi vapilmas: gerekenler nelerdir?

10. Ia]etim hizim artirmak igin Endiistri 4.0 uvgolamalan acisindan daha 1y
vapilmasi gerekenler nelerdir?

11. Uriin kalitesini artymak igin Endiistri 4.0 uygulamalan agisindan daha ivi
vapilmas: gerekenler nelerdir?

12. Igveri giivenlifini arttrmak igin Endistri 4.0 uygulamalan agisindan daha ivi
vapilmas: gerekenler nelerdir?
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10.

11.

12.

APPENDIX F: INTERVIEW QUESTIONS (ENGLISH)

. What are the gains brought by the Industry 4.0 applications? In which field do vou

think real-time data analytics using Big Data and Industry 4.0 applications
contribute most to the oil and gas sector?

. What mmpact do real-time data analvtics applications have on vour business

processes?

. What new possibilities do vou think Industry 4.0 and real-time data analytics

applications can provide to the oil and gas industry?

. In the o1l and gas sector, what challenges do vou think are most likely to occur in

terms of real-time data analyties?

. What are the challenges vou face during the real-time data analvtics process? What

categories can be created if vou want to categorize them?

. What needs to be developed forther to perform Industry 4.0 applications at the

desired level?

. If vou want to start a big data project now, which processes of the project would vou

like to change? What are your learned lessons?

. What needs to be done better in terms of Industry 4.0 applications to reduce costs?

. What needs to be done better in terms of Industry 4.0 applications o increase

equipment uptime?

What needs to be done better in terms of Industty 4.0 applications to increase
operational speed?

What needs to be done better in terms of Industry 4.0 applications to increase
product quality?

What needs to be done better in terms of Industry 4.0 applications to increase
workplace safetv?
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APPENDIX G: TURKISH SUMMARY / TURKCE OZET

PETROL VE GAZ SEKTORUNDE TAHMINE DAYALI URETIM ICIN
GERCEK ZAMANLI VERI ANALITIGI YONTEMLERININ UYGULANMASI:
ENDUSTRI 4.0 PERSPEKTIFI

Sirketler, ge¢mis sanayi devrimlerinin getirdigi gelismeler 1s18inda sanayinin
dontistimiini gerceklestirememeleri nedeniyle 6nemli firsatlar1 kagirdilar (Stock ve
Seliger, 2016). Bu tezde, iiretim sektoriinde gergek zamanli veri analitiginin ve biiyiik
veri sistemlerinin etkileri arastirilmaktadir. Endiistri 4.0 kavrami igin gerekli
yatirimlar ve teknoloji politikalar: ile firmalarin performanslar: tizerindeki etkileri,

Tirkiye'deki petrol ve gaz endiistrisi 6rnegine dayali olarak incelenecektir.

Dijitallesme, iiretim yontemlerinden miisteri beklentilerine ve dagitim kanallarina
kadar sirketlerin is siireclerini biiyiik 6l¢iide degistirmektedir (Almada-Lobo, 2016).
Dijitallesme sayesinde sirketler, bilginin iiretimi ve islenmesinden karar alma
siireglerine ve yeni pazarlara erisime kadar bircok alanda 6nemli kazanimlar elde
etme potansiyeline sahipler (Gilchrist, 2016). Bu avantajlar, sirket performansinin
arttirllmasinda ve sirket hedeflerine ulasilmasinda ve en Onemlisi rekabet
edebilirligin arttirilmasinda kritik bir rol oynamaktadir. Tiim bu gelismeler sanayiyi
yeni bir asamaya getirmektedir ve iilkelerin dijital donilisiim yarisina girmesine yol
acmaktadir (Kagermann et al., 2013). Dijitallesme, itici gii¢ gorevini iistlenerek
sektordeki doniistimiin merkezindedir. Dijital teknolojiler sirketler tarafindan degisen
miisteri taleplerinin yani sira operasyonel gelismelere cevap vermek igin de
kullanilabilmektedir. Biiylik Veri analizi, sirketlerin miisteri taleplerini daha
kapsamli bir sekilde anlamalarini saglar ve ilave iiretim gibi teknolojiler sirketlerin
toplu olarak ozellestirilmis iirlinler liretmesini saglamaktadir (Lee et al., 2014).
Uretim sirketleri, verimliligi artirmak igin hizli karar verme siirecindeki yiiksek
hacimli verilerle miicadele ederken zorluklarla kars1 karsiya kalmaktadir. Bu siirecin

1yl yonetilmesi liretim sirketleri agisindan kritik 6nem tasimaktadir. Endiistri 4.0 ve
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Biiyiik Veri terimleri, geleneksel veri tabani sistemleri i¢in ¢ok biiyiik olan veri
kiimelerinin toplanmasi, yOnetimi ve analizini yOnetebilen sistemler igin
kullanilmaktadir (Tambe, 2014). Endiistri 4.0 teknolojileri sadece ger¢ek zamanli
olarak iiretim verilerini gosteren ekranlar degil ayni1 zamanda trendleri bulmak, analiz
etmek, Uretimin gelecegini ongdrebilmek ve bilgi temelli karar vermek ig¢in
kurgulanan yapilardir. Uretim siireglerinin gelecegini dngdrebilmek ve bu dogrultuda
aksiyon alabilmek i¢in depolanan verilerin analiz edilebildigi bir raporlama ve

yonetim modiiliidiir (Snatkin ve arkadaglari, 2013).

Ik sanayi devrimi mekanik yeniliklerle su ve buhar giiciine dayanirken, bunu ikinci
sanayi devrimi, fabrikalarin elektrifikasyonu ve seri liretim izlemistir. Endiistri 2.0'da
Frederick Taylor, bilimsel yonetim prensibini yayinlamistir. Endiistri 2.0'da talep iki
boyutta gerceklesmistir: hacim ve degisim. Bu talep ortamina istikrarli bir pazar
denilebilir. Taylor Teorisi, 1ki yenilik¢i kisi, Henry Ford ve Taiichi Ohno tarafindan
takip edildi. Ford, iirlin miktarlarinda seri iiretim montaj hatlar1 kullanarak tedarik
kithgin1 giderdi. Ardindan, igilincii sanayi devrimi olan dijital devrim,
bilgisayarlagtirmay1 getirdi (Dalenogare ve digerleri, 2018). Otomasyon, bilgisayar
ve elektronik bu asamada tanitildi. Ugiincii sanayi devrimi, Ford'un daha yiiksek
iiretkenlige gecisi ile Endiistri 4.0 asamasindaki akilli prosediirler arasindaki gecis
noktasidir. Ford'da oldugu gibi islemler basitlestirilmekle kalmadi, ayn1 zamanda
otomasyon tiretim siireci i¢in gerekli bilesenlerin verimliligini arttirdi (Yin ve
digerleri, 2018). Son olarak, Endiistri 4.0, Almanya'nin {iretimle ilgili arastirma ve
gelistirme yatirnmlarim1 tanimlamayir amagladi (Almada-Lobo, 2016). Endiistri
4.0'daki gelistirme ve liretim siirecleri giderek daha esnek, etkili ve kisisel bir hal
almistir. Endiistri 4.0, Biiyilk Veri ve Nesnelerin Interneti'min (IoT) giiciinii
kullanarak hatali liretim, stok atik ve ekipman arizasi gibi endiistrilerin sorunlu
kisimlarini ¢6zmeyi amaglamaktadir (Gilchrist, 2016). Endiistri 4.0 uygulmalarinda,
akilli dgeler gomiilii donanim ve yazilimla birbirine baglamir. Ornegin, diisiik
maliyetle iiretim, minimum enerji kullanimi, zaman tasarrufu, yliksek hizda ¢alisma,
daha yiiksek verim ve daha kaliteli iirtinler Endiistri 4.0'in hedefleri arasindadir

(Stock ve Seliger, 2016).
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Biiyiik veri ve gergek zamanli veri analitigi kavramlari, Endistri 4.0'daki ana
basliklar arasindadir. Biiylik Veri tanimi genellikle analiz edilecek ¢ok biiyiik
miktarda veri ile iliskilidir. Bilyiik Veri, islemek i¢in yenilik¢i ¢oziimler gerektiren
yiiksek hacimli, yiiksek hizli ve yiiksek degiskenlikli veriler olarak tanimlanir
(Jagadish, 2015). Verilerin iliskilendirilip bilgiye doniistiirtilebilmesi icin, toplanan
verilerin belirli bir diizen ve sistematik icerisinde kaydedilmesi gerekmektedir. Veri
ambarlari, 6zellikle Biiyiik Veri kavrami ile 6nem kazanmistir. Verilerin degerinin
anlagilmasinin bir sonucu olarak, verilerin toplanmasi, islenmesi, sunulmasi,
saklanmasi ve analiz edilmesi gibi birgok farkli teknik 6n plana ¢ikmistir (Tan ve
digerleri, 2015). Biiyiik Veri, verilerin elde edilmesiyle baglar, daha sonra verilerin
analizini, verilerin dogrulanmasini, verilerin depolanmasini ve nihayetinde verilerin

kullanilmasini gerektirir (Tambe, 2014).

Endiistri 4.0 uygulamalarindan 6rnek vermek gerekirse, onemli bir ugak iireticisi olan
Airbus, {irtin test siireclerini hizlandirmak i¢in Biiylik Veri analizi kullanmistir
(Oracle, 2016). Aslinda, her test ugusu ugagin performansini gosteren terabaytlarca
veri liretmektedir. Biiylik Veri analizi, Airbus analistleri i¢in veri toplama ve analiz
islemlerini hizlandirarak test stliresini yiizde 30 azaltmistir. Artik sirket her
zamankinden daha hizli ugak teslim edebilir hale gelmistir (Oracle, 2016). Ote
yandan, Nesnelerin Interneti, cihazlara dijital sensérler ve ag teknolojileri eklemeyi
de icermektedir. Bilgisayarlar veya akilli telefonlar tarafindan izlenebilecek
sistemlerin kontrolii ile ilgilenir. Uretim firmalarinin kompleks operasyon siireglerini
diisiindiigiimiizde, sensorler tarafindan izlenen iiretim hatlarindan gelen verileri
stirekli izlemenin ve analiz etmenin 6nemini anlayabiliriz (Hazen ve digerleri, 2014).
Endiistri 4.0, endiistriyel devrimi bilgi sistemleri yardimu ile isletmelere getirmeyi
amaclamaktadir. Bu nedenle, sirketler i¢in dijitallestirme, verilerin anlik olarak
kullanilmasmma ve hizli kararlar almak i¢in ger¢cek zamanli veri analitiginin
kullanimina karsilik gelir (Gilchrist, 2016). Ger¢ek zamanli toplanan verilerin, biiytlik
veri sistemlerinde depolanmasi ve ileri veri analitigi yontemleri ile analiz edilmesi
sayesinde Uretim sirketleri maliyetlerin azaltilmasinda, operasyon hizlariin
artmasinda ve {iriin kalitelerinde 1yi yonlii iyilesmeler saglayabilir (Tambe, 2014). Bu

tezin ana aragtirma konusu da Endiistri 4.0 teknolojilerinin petrol ve gaz sektoriindeki
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gergek zamanli liretim sistemlerine uygulanmasi maliyet azaltma, ekipman ¢alisma

siiresi, islem hizi, liriin kalitesi ve isyeri giivenligini nasil etkiledigini saptamaktir.

Operasyon siireclerine dair dogru kararlar vermek i¢in, imalat¢1 firmalarin {iretim
sistemlerinden verilere ihtiyact vardir. Bant genisligi, depolama ve sensor
maliyetlerinin diismesiyle birlikte BT sistemleri endiistriyel makinelerin izlenmesini
daha kolay desteklemektedir (Beckwith, 2011). Bu, Biiyiikk Veri ve Nesnelerin
Interneti sayesinde endiistriyel makinelerin isletme 6lceginde izlenebilecegi
anlamina gelir. Bununla birlikte, makinelerin sorunsuz izlenmesi, gelen verilerin
kalitesiyle dogrudan ilgilidir (Tan ve digerleri, 2015). Bu nedenle, degerli bilgilerin
yaratilmasi i¢in verilerin kalitesi ¢cok dnemlidir. Kurumsal veri depolama ve kaliteli
veri isleme, sirketlerin dijitallesmesinde ve Endiistri 4.0 uygulamalarina gegislerinde
kritik rol oynamaktadir. Eksik veya yanlis veri, zaman kaybina ve karar alma
firsatlarinin kaybina neden olur (Tan ve digerleri, 2015). Tezin igerisindeki ana
bulgular da veri kalitesinin iiretim sirketleri icin 6nemini destekler niteliktedir. Son
yillarda, hemen hemen tiim endistrilerdeki sirketler, yeni dijital teknolojileri
kesfetmek ve bunlardan yararlanmak i¢in bir¢ok girisimde bulundu. Dijital
teknolojiler iriinleri, siirecleri, ayrica organizasyonel yapilart ve yonetim
kavramlarini etkilemektedir. Imalat sirketleri i¢in bu yeni teknolojiler, Biiyiik Veri
ve gercek zamanli veri analitigidir (Cecchinel ve digerleri, 2014). Uretimde
verimliligi artirmanin yolu, iiretim ve {iretim sonrast asamalar gibi siirecler lizerinde
tam kontrol sahibi olmaktir (Dalenogare ve digerleri, 2018). Urettim hattindaki
problemler verimlilik kaybina yol agabilir. Bu kaybi Onlemek igin siirecin her
asamasini kontrol etmek akillica olacaktir (Jagadish, 2015). Verimlilik, iiretimin her
asamasinda Biiylik Veriden elde edilen bilgilerle artirilabilmektedir. Dijital devrimin
gelecegini tam olarak tahmin etmek miimkiin olmamakla birlikte, bu calismada
biiyiik veri ve gergek zamanli veri analitiginin iiretim sektoriine nasil katki sagladigi
aragtirtlmistir. Bliylik veri ve gercek zamanli veri analitigi yontemleriyle dijital
doniisiimiin, daha ucuz, daha siirdiiriilebilir ve daha verimli iiretime olanak taniyan
endiistri islemlerinin gercek zamanli incelenmesine olanak sagladig: goriilmektedir
(Matt el al., 2015). Ornegin, 93 iilkeden ve 25 girisimin 4.000'den fazla bilgi
teknolojisi uzmani ile yaptig1 arastirmalarin 1518inda, IBM Tech Trends Report
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(2011), Biiyiik Veri analizini 2010’larda goze ¢arpan dort yenilikten biri olarak

ayirmistir.

Petrol ve gaz sektoriinde, sensorler aracilifiyla elde edilen veriler operasyonlari
tyilestirmek, verimliligi artirmak ve ariza mekanizmalarini Onlemek i¢in
kullanilabilir (Perrons ve Jensen, 2015). Biiyiik veri sistemleri isletme hizim
arttirdikca, daha iyi kosullarda tedarik¢ilerle calismak ve maliyetli {iretim parcalarini
optimize etmek icin kullanilabilirler (OECD, 2017). Imalat endiistrisinde dijital
dontisiimiin  beklentisi, tretim siireclerini, dijital teknolojilerin getirdigi hiz,
verimlilik, esneklik ve kaliteyi artiran uygulamalarindan azami sekilde
yararlanabilecekleri sekilde gelistirerek katma degeri artirmaktir. Geleneksel olarak,
¢ogu uygulayicinin Endiistri 4.0'dan ne gibi biiyiik avantajlar istedigi soruldugunda,
sirketler kar1 artirmak, operasyon siireclerini iyilestirmek ve isletme maliyetlerini
diisiirmek istediklerini sdylemektedirler (Lee ve digerleri, 2013). Tezdeki bulgulara
gore, Bliylik Veri’den analitik yaklagimlar ile operasyonel siirecleri gelistirmek i¢in
avantajlar elde edilmesinin ulasilabilir bir hedef oldugu goziikmektedir. Ornegin,
kestirimci bakim ekipman arizasinin ne zaman ortaya ¢ikabilecegini tahmin etmeyi
ve tretim sistemlerinden gelen Biiyiik Verileri analiz ederek sorun olugsmadan 6nce
arizayl Onlemeyi amaglar (Mozdianfard ve Behranvand 2015). Genel olarak,
analitikteki yontemler girdi ve ¢ikt1 arasindaki iligkiyi en iyi agiklayan parametreleri
bulmaktan olusur. Bilgisayar Miihendisligi ve Istatistik analitik ¢alismalarda
kullanilan en 6nemli iki arastirma alamidir. Sanayi sirketlerinin ¢ogu, yatirim ve
sonuclarin en hizli geri doniisiinii sagladig1 i¢in Biiyilik Veri'yi kullanarak dogrudan
ongoriicti bakimi hedefler (Gilchrist, 2016). Bu tezdeki bulgular da gostermektedir
ki, gergek zamanli veri analitigini kullanarak tiretim sirketleri operasyonlarint daha

1yi kontrol edebilmekte ve karliliklarini arttirabilmektedir.

Uretim endiistrisinde dijitallesme, deger zincirinin her asamasinda verimlilik
artiglariyla deger yaratma potansiyeline sahiptir (McKinsey, 2014). Dijitallesme, bu
konuda ilerleme kaydeden iilkeler ve isletmeler i¢in 6nemli firsatlar sunarken, bu
alanda adim atmamuis iilkeler ve isletmeler i¢in biiylik bir tehdit olusturmaktadir
(Gilchrist, 2016). Tezdeki bulgularin da destekledigi gibi, imalat sanayinin dijital

doniisiim siirecinde, rekabet¢i bir pozisyonda olabilmesi i¢in dijital teknolojileri

125



verimli ve etkin bir sekilde kullanmasi gerekmektedir. Endiistri 4.0'a ulagsmak igin
imalat firmalarinin biiylik miktarda veriye sahip olmasi ve {iretimi siirekli izlemesi
gerektigi ortaya c¢ikmistir. Ayrica sirketlerin yiliksek islemcili bilgisayarlarla
verilerini gergek zamanli olarak isleyebilmeleri ve depolayabilmeleri gerektigi
vurgulanmustir. Literatiir ve tezdeki bulgular 1s18inda goriilmiistiir ki, birbirleriyle
iletisim halinde olan sensorler tarafindan iiretilen verilerden elde edilen anlam, tiretim
sirketleri i¢in degerli bilgilerdir. Bu goriisler, istatistik ve bilgisayar miithendisligi ile
kesisen veri analizi ve makine 6grenmesi ile ulasilabilir oldugu tezdeki bulgular
dahilinde de gézlemlenebilmistir. Veri analitigi, yiiksek hacimli verilerden is degeri
olusturmak icin istatistiksel bilimi ve modern sayisal hesaplama yontemlerini
birlestirerek bilgi potansiyelini ortaya ¢ikarmayi amaglayan bir caligma alanidir
(Simeone, 2018). Ger¢ek zamanli veri analizi, istatistiki teknikler yoluyla veri
yiginlar1 arasindan gozle goriilemeyen bilgileri ortaya ¢ikartabilir. Veri analizinde
yaklasik yiizlerce algoritma ve saha metodu vardir (Provost ve Fawcett, 2013).
Makine 6grenmesi, gecmis ve devamli olarak gelen verileri kullanarak bir durumu
modellemeyi amaclamaktadir, boylece yeni veriler geldiginde, 6grenilen sistem ile
iretim icin Onemli olan bilgiler tahmin edilebilmektedir. Tezdeki bulgularinda
gosterdigi gibi, makine 6grenmesi, sirketin daha yiiksek diizeyde bilgi edinmesine
yardimec1 olacak bilgileri kullanmak i¢in yaratict yontemler bulmak amaciyla
kullanilabilir gelmistir. Makine 0Ogrenim modelleri siirekli veri eklendikge
giincellenmektedir. Buradaki deger, firmalarin ger¢ek zamanli verileri baglaminda
makine 6grenmesiyle en iyi ve siirekli degisen veri kaynaklarin1 kullandiklar1 i¢in
gelecegi tahmin etme firsatina sahip olmalaridir (Simeone, 2018). Tezdeki bulgularin
da destekledigi gibi, iiretim sirketleri bu sayede maliyetlerini azaltma, ekipman
omiirlerini uzatma, operasyon hizlarini artirma, {iriin kalitesini iyilestirme ve igyeri

giivenligini artirma konularinda kendilerine ve ekonomiye fayda saglamaktadir.

Verilerden anlam ¢ikarmak sirketler icin her zaman 6nemliydi (Regalado, 2014).
Ancak, Biiyiik Veri onceki veri ydnetim sistemlerine gore farkhidir. Internet
kullaniminin artmas1 ve depolama maliyetinin diismesi Biiyiik veriyi hacmi, hiz1 ve
cesitliligi agisindan farkli kilmistir (McAfee ve Brynjolfsson, 2012). Hacim,
kurumsal sistemler tarafindan iiretilen veri miktarimi temsil eder. Hiz, verilerin

iiretildigi hiz ile ilgilidir. Cesitlilik, sirket sistemleri tarafindan iiretilebilecek tiim
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yapilandirilmig ve yapilandirilmamis verileri temsil eder (Zikopoulos ve digerleri,
2012). Dijital dontistimiin gerekliligi tiim endiistrilerde inovasyon oraninda ¢arpici
bir artisa yol acmistir (Matt ve digerleri, 2015). Bir dizi yeni c¢alisma, verilerin
biiylime hizinin iki yilda bir iki kat artmasinin beklendigini gostermistir (Regalado,
2014). Bu egilim imalat alaninda da gegerlidir. Endiistri 4.0'in vizyonu, {iretim
siireclerinin, kurumsal bilgi teknolojilerinin mimarisiyle uyumlu bir ag iizerinden
bilgi aligverisinde bulunabilecegi ve bunun sonucunda iiretim siirecleri i¢in énemli
etkileri bulmanin daha kolay olacagi bir endiistriyel altyapt olusturmay1
amaclamaktadir (Nagorny ve digerleri, 2016). Dolayisiyla, Endiistri 4.0, sirketlerin
gelismis analitik metotlarin yardimiyla aninda fikir sahibi olmalarina yardimer olur
ve lretim siireglerini, Urlin kalitesini ve tedarik zinciri optimizasyonunun
performansin1 dogru bir sekilde anlayabilmelerini saglar. Bu sayede iiretimdeki
verimsizlikleri tespit etmelerine ve bu analizler sonucunda diizeltici veya dnleyici
faaliyetlerde bulunmalarina yardimci olmaktadir (Almada-Lobo, 2016). Ayrica,
Biiylik Veri kullanimindan elde edilecek potansiyel faydalarin ve ortaya koyacagi
zorluklarin dogal olarak sektorden sektore farklilik gdsterecegi tahmin edilmektedir.
Imalat sanayilerinin, bilgi teknolojisi sektorlerinin, devlet kuruluslarnin yam sira
finans ve sigorta sektorlerinin de Biiyiik Veri kullanimindan biiyiik dl¢lide fayda
saglamasi beklenmektedir (Yin ve Kaynak, 2015). Analizler, biiyiik veri ve gercek
zamanl veri analitiginin 6nlimiizdeki yirmi yilda kiiresel gayri safi yurtigi hasiladan
15 trilyon dolara kadar fayda saglayabilecegini gostermektedir (Evans ve Anninziata,

2012).

Mevcut endiistriyel devrim, iiretim sektoriinii Biiyiik Veri ortaminda birbirine bagl
sistemlerden fayda {iretmeye dogru yonlendirmektedir. Kiiltiirlerinde yeni
metodolojiler ortaya koyan daha fiitiiristik vizyona sahip iiretim sirketleri, yakin
gelecekte onemli 6l¢iide basarili ve karli olma firsatina sahip olacaklardir (Bagheri
ve ark., 2014). Biiyiik Veri analizinin olas1 faydalarin1 daha net bir sekilde gostermek
icin, ¢esitli sektorler i¢in entegre miihendislik, tasarim, proje yonetimi, tedarik ve
imalat hizmeti saglayicis1 olan SPEC adli sirket i¢in bir durum arastirmasi
yapilmistir. Makalelerinde, Tan ve arkadaglar1 (2015), ilgili sirketin yOneticilerinin
rekabet avantaji elde etmek i¢in mevcut Biiyiikk Veriyi kullanmalarinda analitik

altyapiin gerekli oldugunu belirtmistir. Makalede, yoneticilerin ihtiya¢ duyduklari,
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problemleri ¢ozecek analitik yaklasimlarin tutarl bir resmini olugturmak i¢in ¢esitli
veri akiglarini yapilandirmak ve birbirine baglamak oldugu belirtilmektedir. Sirketin
CEO'su, Biiyiik Veri ve Nesnelerin Interneti ile SPEC sirketinin, sistemlerindeki
faydali bilgiler sayesinde maksimum kapasite liretim sartlarina ulasabildiklerini

belirtmistir (Tan ve digerleri, 2015, 5.230).

Son zamanlarda, IoT, sensorlerin verilerini toplayan tiretim sirketlerinin iiriinlerinin
durumunu daha iyi izlemelerini ve bdylece gercek zamanli islem verilerini kullanarak
daha iyi kararlar almalarim saglamaktadir (OECD, 2017). Ornegin Rolls-Royce,
1980'lerde tek basina jet motorlar1 satmay1 birakti ve bir siire boyunca sabit maliyetli
bir hizmet paketi olan saat basina gii¢ satmaya basladiginda bu yaklagimin onciisii
oldu (OECD, 2017, s.75). Diinyanin en biiyiik kamyon karoseri {ireticilerinden biri,
romorklarinin bakimmi denetlemek igin Biiyilk Veri ve Nesnelerin Interneti'ni
kullanmaktadir (OECD, 2017). Dahasi, veri analitigi islemleri gii¢c {iretimi
ekipmanlar1 Ureticileri tarafindan karmasik islemlerinde beklenmeyen durumlar
ongérmek i¢in kullanilmaktadir (Chick, Netessine ve Huchzermeier, 2014).
Japonya'dan yapilan tahminler, sirketlerdeki gercek zamanli veri analizlerinin
kullanilmasimnin bakim maliyetlerini 5 trilyon JPY kadar karsilayabilecegini
gostermektedir (OECD, 2017). Ek olarak, elektrikle ilgili maliyet tasarrufuyla 45
milyar JPY'den fazla kazanilabilecegi ongoriilmektedir (MIC, 2013). Almanya i¢in
yapilan tahminler iiretimde IoT sayesinde veri analitigi kullantminin artmasinin,
verimliligi %35 ila %8 artirabildigini gostermektedir (OECD, 2017). Mekanik ve
endiistriyel parga iireticilerinin ve otomotiv sirketlerinin ise en yiiksek verimlilik
artislarini elde etmeleri beklenmektedir (Riissmann vd., 2015). Almanya’da Endiistri
4.0 ile, 2025 yilina kadar, 6zellikle mekanik, otomotiv, kimya ve bilisim sektorlerinde
potansiyel katkilar olarak, 2025 yilina kadar 78 milyar avroya ulasilabilecegi tahmin

ediliyor (OECD, 2017).

Bu tezde, Boliim 2 igerisinde genis bir literatiir taramas1 kapsaminda, Endiistri 4.0’ 1n
tanimu, dijital siireclerin kilit bilesenleri olarak veri analitigi ve makine 6grenmesi,
Biiytik Veri sistemlerinin endiistrideki kullanimlari, Endiistri 4.0’a olan gegisin
ongoriilen faydalari, petrol ve gaz endiistrisinin temel isleyis yapisi, dijital

teknolojilerin petrol ve gaz endiistrisindeki kullanimi1 ve iiretim sektoriiniin Endiistri
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4.0’a olan ihtiyacin1 incelemis olan yayinlarin bir derlemesi yapilmistir. Bu boliimde
sunulan bilgilerin, sadece bu tezde elde edilen bulgular ve bu baglamda sunulan kritik
degerlendirmeler arasindaki baglantiy1 kurmasi degil, ayn1 zamanda tezde elde edilen
bulgularin, daha genis kapsamda diinyada yapilan aragtirmalarla nasil ortligtiigiinii
ortaya koymasi beklenmektedir. Boliim 3, tez kapsamindaki arastirmalarim sirasinda
kullanmis oldugum yontemleri agiklamaktadir. Bolim 4’te gercek zamanli veri
analitigi yontemlerinin uygulanmasinin petrol ve gaz sektoriinde maliyetler, ekipman
omrii, tirtin kalitesi, operasyon hizi ve igyeri giivenligi yoniinden nasil katki sagladigi
konularinda elde edilen arastirma sonuglar1 incelenmistir ve hangilerinin petrol ve
gaz sektorii icin daha 6nemli oldugu ortaya konulmaktadir. Son olarak sonug
boliimiinii olusturan Boliim 5°te, elde edilen bulgular1 gozden gecirilmekte, devlet,
tiretim sektorii ve rafineri sektorii aktorlerine doniik bir dizi politika Onerisinde
bulunulmakta, ¢alismanin kisitlar1 {izerinde durulmakta ve gelecekte bu konuda

yapilabilecek ¢alismalara yonelik temel olusturulmaktadir.

Diinyada petrol ve gaz sektorii iizerine yapilan ¢caligmalar az sayidadir. Bu az sayidaki
calismalar da, bu tezde incelenen konulardan bir¢ok yonden ayrilmaktadir. Bildigim
kadariyla, bu tezin ana arastirma konusunu olusturan husus hakkinda, yani petrol ve
gaz endiistrisinde dijital donlisim ve veri analitigi uygulamalarinin nasil katki
sagladigina dair yapilmis bir diger calisma mevcut degildir. Ayrica, anket sirasinda
sorulan sorular ve sorulara verilen cevaplar daha once Tiirkiye’de benzer bir
calismada kullanilmamistir. Petrol ve gaz sektorii ile ilgili olarak olusturulmus olan
politika Onerileri daha onceki ¢alismalarda olusturulan 6neri veya hipotezlerden
farklidir. Tim bu 6zellikler, benim fikrime gore, tezin 6zgilinliik gereksinimini
karsilayabilecek niteliktedir. Bu tez, yukarida bahsedilen konu hakkinda literatiire
katki yapmay1 amaclamakta ve politika belirlemeden sorumlu otoritelere uygun

politika ¢oziimleri olusturmada yardimci olmay1 hedeflemektedir.

Anket ve miilakatlar sonucunda edinilen bilgiler, bu tezin 6ne siirdiigii teknoloji
politikalarina 6zgiinliik katmistir. Hem nitel hem de nicel bigimde edinilen bilgiler
sayesinde, gercek zamanli veri analitigine gecis siirecinde yer almis ve su an bu
sistemleri aktif kullanan firma 6rnegi 6zellikle secilmistir. Bu sayede, hem Endiistri

4.0 uygulamalarina geg¢is asamasinda yasanilan zorluklar 6grenilmis hem de bu
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siirece yeni baglamak isteyen sirketlerin neleri bagsarmasi gerektigi konusunda somut
veriler elde edilmistir. Toplanan verilerden elde edilen bulgular, tiretim sirketlerinin
bu alanda yapacaklar1 ¢aligmalara yol gostermesi beklenmektedir. Anket ve miilakat
asamalarinda Ozellikle Endiistri 4.0 uygulamalarina gecis asamalarinda yasanan
zorluklara ve daha 1yi yapilmasi gereken siireclere dikkat ¢ekilmistir. Ayrica, gercek
zamanlt veri analitigi ile yonetilen uygulamalar ile eski sistemlerin arasindaki

farkliliklar incelenmis ve potansiyel katkilarin neler oldugu arastirtlmigtir.

Bu tez, petrol ve gaz sektoriindeki bulgulardan yola ¢ikip iiretim sektorii i¢in gercek
zamanli veri analitigi ve bliylik veri sistemlerinin nasil katkilar yaptigini arastirmakta
ve bu dogrultuda politika 6nerileri sunmaktadir. Politika yapicilar arasinda, tiretime
dayali ekonomik biiylimeyi destekleyen politikalarin ve bu politikalarin iiretimin
gelecegini etkileyen teknolojiler {izerindeki etkisini daha iyi anlama ihtiyaci
konusunda artan bir egilim oldugu goziikkmektedir (O’Sullivan ve digerleri, 2013).
Bu tezde, iiretim sirketlerinin kendilerini dijital diinyaya hazirlayabilmek icin ne tiir
politikalar benimsemeleri gerektigi arastirilmis ve karma yontemlerle cesitli
bulgulara ulasilmistir. Bu bulgular 1s1g1inda imalat¢1 firmalar i¢in politika Onerileri
yapilacaktir. Ilk olarak, Endiistri 4.0 yolculugunun baslangicindaki sirketler igin

dijital doniisiim ve politika tasarimi géz 6niinde bulundurulmustur.

e Bagslica bulgulardan biri, sirketlerin dijital doniisiimii gergeklestirecek
sistemleri etkin bir sekilde yonetmek i¢in daha yetenekli bir isgiicline sahip
olmalar1 gerektigidir. Biiyiik veri yonetimi ve veri analitigi alaninda ¢alisanlar
yetistirmek ve mevcut ¢alisanlar1 yeniden egitmek i¢in harcanan zaman goz
oniine alindiginda, proaktif bir isgiiciiniin stratejik ve uzun vadeli planlanmasi
kapsamli insan kaynaklar1 politikalar1 olugturulmasina yardimer olacaktir.

e Imalat sirketleri yatirimlarini iiretim hedeflerine gore yonlendirmeli, dijital
stratejilerini  tamimlamali ve sektordeki dijital doniisim yol haritasini
sekillendirmelidir. Ayrica, BT birimi iist diizey yonetimden desteklenecek
sekilde konumlandirilmali ve buna uygun organizasyon yapisi

olusturulmalidir.
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Uygulanilabilirligi sektdrde kanitlanmig ve kar iizerinde en yiiksek etkiye
sahip olan ac¢ik kaynakli teknolojilerin kullanimina o6ncelik verilmelidir.
Dijital doniisiimiin yarattigi ek kar, sirket i¢inde giicli bir inovasyon
dongiisiinii beslemeleli ve sirketler bu yazilimlarin kullanimini1 yaymalidir.
Ayrica, eski yapiya sahip teknolojik sensorler, veri alinmaya uygun hale
gelecek sekilde giincellenmeli ve yeni ekipmanlar bu dogrultuda temin
edilmelidir.

Sirketlerin ihtiyaclarinin zaman i¢inde degistigini miilakat ve anket
sonuglarindan gézlemledik. Bundan dolayi, imalat¢1 firmalarin ¢evik proje
yonetimi tasarimina ge¢meleri gerekmektedir. Sirketin dijital ihtiyaglar
diizenli araliklarla belirlenmeli ve gozden gecirilmelidir. Bu ihtiyaglar {ist
yonetim tarafindan onceliklendirilmeli ve bu dnceliklendirmeye gore proje
planlar1 yinelemeli olarak yapilmalidir.

Uretim sirketleri, Biiyiik Veri analitigi, bulut ve yiiksek performansh bilgi
islem ve IoT gibi teknolojilerini saglayan Ar-Ge yatirimlarimi desteklemeyi
distinmelidir. Ar-Ge faaliyetlerini destekleyen teknopark yapilar
kurmalidirlar. Ciinkii bu sayede daha fazla teknolojiye ulasabilecekler ve
yetenekli insan kaynaklarina daha yakin olacaklardir. Ayrica liniversitelerin
ilgili boliimlerinden destek alarak akademinin giiciinii de almalari
gerekmektedir. Bu amag ile kurulan sirketlere devlet destek vermeli ve iirlin
odakli caligmalar ile {iretim sirketlerinin ihtiyaclarini karsilayacak {irlinlere
odaklanmalidir. Bu sekilde, sirketler arasi bilgi birikimi dogrusal olmayan bir
sekilde yayilacak ve ekosisteme katkida bulunacaktir. Bunun en 1yi
orneklerinden biri, sirketlerin eksikliklerini anlamak ve bu ihtiyaglar
karsilamak icin teknoloji sirketleri ile iiriinler gelistirmek i¢in birbirlerini

ziyaret etmeleridir.

Uretim sirketlerinin verilerden karar veren ve otomatik islem yapan sistemlerden
veriye ge¢meleri genellikle kolay degildir. Petrol ve gaz endiistrisinde bile, gerekli
donanim yetkinliklerine ragmen, teknik zorluklar yasandig1 gézlemlenmistir. Tezin

bulgular bolimiinde veriye dayali karar veren ve otomasyonun finansal
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avantajlarindan yararlanma asamasinda olan veya bu agamalar1 gecen ve bu slirecte

zorluk c¢eken sirketler i¢in politika onerileri yapilacaktir.

e Sirketler kendi iclerinde bilinglendirme faaliyetlerine baslamalidir. Bu,
bilinglendirme, egitim ve rehberlik gibi faaliyetlerle yapilabilir. Bu destekler,
ozellikle orgiitsel degisim olmak {izere, tamamlayici bilgi tabanli sermaye
bi¢imlerindeki yatirimlar tesvik etmeyi amaglamalidir.

o Sirketler, giivenli veri paylagimini tesvik eden ve sektorlere olumlu yayilmaya
destek veren bir inovasyon politikalar1 karisimi gelistirmelidir. Bu, sektorel
bilgi birikiminin yayilmasi i¢in Onemlidir. Arastirmacilar, akademik
makalelerin alintilarina benzer sekilde veri setlerine erisebilmelidir. Bu
sekilde, akademik destek tiretim sektoriine daha fazla yayilabilir.

e Giderek daha fazla sirketin dijitallestirildigi bir zamanda, iyi planlanmis bir
dijital doniistim stratejisine sahip olmak dnemlidir. Kapsamli bir [oT stratejisi
gelistirmek i¢in hizli hareket etmeyen yenilik¢i is modelleri ve sirketlerin
rakiplerinin gerisinde kaldig1 goriilmektedir. Bagli iireticilerden kesintisiz
miisteri deneyimi sunan katma degerli servislere ve perakendecilere kadar,
iretim girketlerinin her miisteriye olaganiisti deneyimler sunmaya
odaklanmasi gerekir.

e Her seyden oOnce, iretim sirketlerini dijital doniisiim yolculugunda
desteklemek ve ilerlemelerini saglam bir temelde olusturmak igin gecis
stirecini  hizlandiracak mekanizmalar ve programlar olusturulmalidir.
Oncelikle bu konularda calisan sirketler icin vergi indirimleri saglanmalidir.

e Hiikiimet, liretim sektoriinde dijital donilisiimii hizlandiran programlarla
doniisiim yolculugunda ihtiya¢ duyulacak rehberlik ve danismanlik hizmetleri

almalarini tegvik etmelidir.

Bu tezde, Petrol ve gaz sektoril igin ¢ikarimlar yaparken yalnizca bes ana alana
odaklanilmistir. Bunlar, maliyetlerin azaltilmasi, ekipman Omriiniin uzatilmasi,
operasyonel hizin artirilmasi, tiriin kalitesinin iyilestirilmesi ve igyeri giivenliginin
gelistirilmesi konularidir. Gergek zamanli veri analitigi ve biiyiik veri sistemlerinin,

bes ana alan i¢in de olumlu yonde katki sagladigi tespit edilmistir. Fakat analiz edilen
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veriler, iiretim sektdriinden petrol ve gaz endiistrisini goz Oniine alarak elde
edilmistir. Bu nedenle, bu tez tiim tliretim sektoriine genellenemeyebilir. Bu tezdeki
arastirmay1 sensor verilerinden anlamli sonuglar iiretmenin ¢ogunlukla kritik oldugu
tiretim sektorlerine uyarlayabiliriz. Yukarida siralanan bes ana ¢alisma alania ek
olarak, farkl katkilar da belirlenebilir. Bu tez ¢alismasinda, tiim tiretim problemlerini
¢Ozebilecek derinlemesine bir analiz tartisilmamistir. Yine, istatistiksel olarak
anlamli sonuclar verecek kapsamli bir istatistiksel analizin olmamasina neden olan
nispeten kiiciik 6rneklem biiyiikligii, kapsamli hipotezler inga etmemi ve test etmemi

engellemis bulunmaktadir.

Genel olarak, Endiistri 4.0 sistemleri bilgiyi biiyiik ol¢eklerde isleyecek ve bilgi
altyapisinin iiretim araglarina entegre edilmesini saglayarak petrol ve gaz sektoriiniin
degerini artiracaktir. Teknolojiyi i¢sellestiren tiretim sektorleri, eger Biiyiik Veri'nin
ve gercek zamanli veri analizinin arkasindaki gergek degeri anlayabiliyorsa, kiiresel

ekonomideki roliinti degistirecek biiyiik bir doniisiim yaratmanin esigindedir.
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