
Linköping University | Department of Management and Engineering 
Master’s thesis, 30 credits| Master’s program in Sustainability Engineering and Management 

Spring 2019| LIU-IEI-TEK-A--19/03597--SE 

 

Master Thesis 

 

 

Utilizing big data from products in use to create 

value – A case study of Bosch Thermoteknik AB 

 

 

 

Renisa Kokoneshi 

 

Supervisor: Tomohiko Sakao 

Examiner: Patrik Thollander 

 

 

 

 
 Linköping University  

SE-581 83 Linköping, Sweden  
+46 013 28 10 00, www.liu.se  

http://www.liu.se/


 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

  



Abstract 

New knowledge and insights are generated when big data is collected and processed. Traditionally, 

business generated data internally from operations and transactions across the value chain such as 

sales, customer service visits, orders, interaction with supplier as well as data gathered from 

research, surveys or other sources externally. Today, with improved software and connectivity, the 

products become smarter which makes it easier to collect and generate large amount of real-time 

data.  The fast growing volumes and varieties of big data bring many challenges for companies on 

how to store, manage, utilize and create value from these data.     

This thesis represents a case study of a large heat pump manufacturer, Bosch Thermoteknik AB, 

situated in Tranås, Sweden. Bosch Thermoteknik AB has started to collect data in real time from 

several heat pumps connected to the internet. These data are currently used during development 

phase of the products and occasionally to support installers during maintenance services. The 

company understands the potential benefits resulting from big data and would like to further 

deepen their knowledge on how to utilize big data to create value. One of the company’s goals is 

to identify how big data can reduce maintenance costs and improve maintenance approaches.  The 

purpose of this study is to provide knowledge on how to obtain insights and create value by 

collecting and analyzing big data from smart connected products. A focus point will be on 

improving maintenance approaches and reducing maintenance costs. 

This study shows that if companies create capabilities to perform data analytics, insights obtained 

from big data analytics could be used to create business value targeting many areas such as: 

customer experience, product and service innovation, organization performance improvement as 

well as improving business image and reputation. Creating capabilities requires deploying many 

resources other than big data, including a technology infrastructure, integrating and storing a vast 

amount of data, implementing data-driven culture and having talented employees with business, 

technical and analytics knowledge and skills.  

Insights obtained through analytics of big data could provide a better understanding of problems, 

identifying the root causes and reacting faster to problems. Additionally, failures could be 

prevented and predicted in the future. This could result in the overall improvement of maintenance 

approaches, products and services.  
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1. Introduction 
 

This chapter introduces the reader the topic under study by explaining the meaning, challenges 

and value of big data.  The research questions and the aim of this thesis are also presented.  

 

1.1 Background  

The rapid development of Internet, Internet of Things (IoT) and Cloud Computing has resulted in 

massive amount of data generated in almost every industry (Jin et al., 2015). As data volume 

become more accessible, many companies struggle to store, manage, use and understand this flood 

of information, known as big data (Daily & Peterson, 2016). Reasons could include lack of 

capabilities, the complexity of data or simply because companies are not aware of the potential 

values that big data could offer.  

The term big data could be described as large volume, high velocity, very complex and high variety 

of data which requires advanced techniques and technologies to be captured, stored, managed and 

analyzed (Gandomi & Haider, 2015). Although big data does not offer much value in its 

unprocessed form, useful insights could be obtained when it is processed (Gandomi & Haider, 

2015). The key to deliver useful insights from data lies in analytics (Daily & Peterson, 2016). 

Therefore, choosing the proper data analytics is associated with significant challenge and potential 

opportunities (Lee et al., 2017). Challenges of big data can be divided into three categories: related 

to big data characteristics, processes and management (Sivarajah, et al., 2017). 

A company should be able to turn new insights of big data analytics into action, in order to create 

value (Grover et al., 2018).  Big companies such Microsoft, IBM, Oracle, SAP, HP, Dell and EMC 

have spent more than $15 billion on data analytics and processing. It is expected that big data 

would represent one of the top 10 prosperous markets in the coming century (Zhong et al., 2016). 

1.2 Aim and Research Questions 

The aim of this thesis is to provide knowledge and information on how insights could be obtained 

by collecting and analyzing big data and highlighting improvement potentials and preventing costs 

in the maintenance segments of the products.  

 The following questions will be addressed in order to fulfill the aim of this study: 

 

RQ1: How can value be created by collecting and analyzing big data? 

Answering this research question will lead to identifying the challenges and requirements of 

collecting and analyzing big data and providing improvements regarding technologies, data 

integration, data storage, different types of analytics, and what resources are needed to create 

capabilities of performing analytics.  
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RQ2: How can big data be utilized to improve maintenance approaches? 

This means identifying how big data could enable better maintenance approaches, such as 

condition based maintenance particularly predictive maintenance that could reduce the 

maintenance costs and improve maintenance service approaches.   

1.3 Structure of the thesis 

Chapter 1 presents the topic under study, the study objective and the research questions proposed 

to reach the objective.  

Chapter 2 presents the literature review regarding big data characteristics, challenges, big data 

analytics and insights that would be useful in the later chapters of the study.  

Chapter 3 presents the methodological approach, the working process, validity, reliability and 

limitations of the study.  

Chapter 4 presents the empirical results collected from interviews performed internally at Bosch 

Thermoteknik AB as well as documents, tools and other information provided throughout this 

project. 

Chapter 5 presents the analysis of empirical results based on the scientific literature review and 

improvements of how value can be created and how maintenance can be improved from big data. 

Recommendations are also presented at the end of this chapter. 

Chapter 6 presents answers to the research questions, overall conclusion and future research 

recommendations.  
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2. Literature Review 
 

The purpose of this chapter is to explain to the reader some principals and expressions such as 

Big Data, Internet of Things (IoT), smart connected products, and big data analytics and provide 

insights to be in the following chapters in order to fulfill the aim of the study. 

 

2.1 Internet of Things (IoT) 

The rapid development of advanced technologies related to wireless sensors, product 

identification, Radio Frequency Identification (RFID), communication technologies have created 

a new era of the Internet of Things (IoT) (Zhang et al., 2017).  The term IoT was first reported in 

1997 (Kwon et al., 2016). The Institution of Electrical and Electronic Engineers (IEEE) defines 

IoT as “a network of items, each embedded with sensors, which are connected to the Internet” 

(Kwon et al., 2016). The Zhang et al., 2017 described IoT as an IT infrastructure which facilitates 

the information exchange of things and processes in real time. IoT refers to the connection of the 

devices that are smart to communicate and share information (Jin et al., 2015). IoT is anticipated 

for use in improving product value and creating new services for customers using real time data 

from internet connected products (Takenaka et al., 2016). With the increase in number of 

companies implementing the IoT technology, a large amount of data is generated (Jin et al., 2015).  

2.2 Smart, connected products and technology stack  

Smart and connected products are comprised of three elements: physical components, smart 

components and connectivity components. Physical components refer to the mechanical and 

electrical parts. Smart components include sensors, data storage, microprocessor, software, 

controls, an operating system and digital user interface. Connectivity components refer to 

antennae, ports, protocols and networks to allow communication between the product and product 

cloud. (Porter & Heppelmann, 2015) 

 A supporting technology infrastructure, known as ‘technology stack’ is required for smart, 

connected elements of IoT. Through the technology stack, the data is exchanged between the 

product and the user, and integrated with business systems and external information sources. It 

also works as a platform to store data and data analytics, to runs applications and safeguards access 

to products and the data flowing to and from them. (Porter, Heppelmann 2015 & Kwon et al., 

2016)  

The technology stack consists of multiple layers as seen in Figure 1 below. The bottom layer 

includes the elements associated with the asset, consisting of the software hardware and embedded 

sensors, RFID tags or processors built into the asset. The central layer consists of the network 

connectivity which enables communication between the product and cloud. The cloud represents 

another layer of this infrastructure and consists of software applications running on remote servers, 

an application platform, a big data database system, and rules/analytics engine. The top layer 
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represent the user, people who access the analysis results and are involved in the development and 

maintenance of the technology stack elements. The other two layers on either side of the stack 

include tools to manage user authentication and system access, gateway for information from 

external sources and tools that integrate data from smart, connected products with the enterprise 

business systems. These layers identify the importance of authentication and security at all levels 

in the technology stack and the potential relationships with other systems and sources of 

information. (Porter and Heppelmann, 2015 & Kwon et al., 2016) 

 
Figure 1: Technology Stack (Porter, Heppelmann 2015 & Kwon et al., 2016) 

According to Porter, Heppelmann 2015 through the technology stack, smart, connected products 

can monitor and report their own condition and environment, providing information regarding 

products’ performance and use. Also by controlling remotely complex product operations, users 

are able to customize the performance, function and interface of products and operate them in hard 

or hazardous environments. Combination of data monitoring and remote-control creates new 

opportunities for optimization. Utilizing algorithms can improve significantly the performance, 

utilization and uptime of the products and how they work in broader systems. (Porter & 

Heppelmann, 2015)  
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2.3 Big data definition and characteristics 

Recently, a large amount of data, known as ‘Big Data’, is generated by almost every industry due 

to the development of Internet, Internet of Things (IoT), and Cloud Computing (the cloud) (Jin et 

al., 2015). The size of data has been growing exponentially due to the comprehensive use of the 

sensor network, becoming a great challenge for many industries to handle and understand the data 

(Lee et al., 2017). 

Big data was first used in October 1997 in an article from the ACM digital library to define a 

visualization challenge with large datasets in data science. Since then big companies such as 

Microsoft, IBM, Oracle, AG, SAP, HP, Dell and EMC have spent more than $15 billion on data 

analytics and processing. “Big Data is supposed to be one of the top 10 prosperous markets in the 

coming century. In 2010, it was estimated that this industry on its own was worth over $100 billion 

and was growing about 10% a year (Weng & Weng, 2013). From the statistics, it is estimated that 

the global Big Data market will reach $118.52 billion by 2022 growing at a compound annual 

growth rate of 26% during the forecast year from 2014 to 2022 (NewsOn6.com).” (Zhong et al., 

2016, pp. 572-573)  

Numerous definitions of big data and what characterizes big data were identified during this 

research.  As Gandomi, Haider, 2015 state that big data definitions have rapidly evolved which 

has caused some confusion. In 2001, Doung Laney, an industry analyst defined big data as 

characterized by three V’s: volume, velocity, and variety (Kapil et al., 2017). While Tech America 

Foundation defines big data  as large volume, high velocity, very complex and high variety of data 

which requires advanced techniques and technologies to be captured, stored, managed and 

analyzed (Gandomi & Haider, 2015). Similarly, Jin et al., 2015 define big data as characterized by 

huge volume, high velocity, high variety, low veracity and high value compared to traditional data 

(Jin et al., 2015).  

A study done by Kapil et al., 2017 regarding big data characteristics concluded that there are 15 

known characteristics in literature describing big data, where 10 characteristics were originally 

identified in 2014, by Data Science Central, Kirk Born. The 15 characteristics known as 14 V’s 

and 1 C include: volume, velocity, value, variety, veracity, validity, volatility, visualization, 

virality, viscosity, venue, vocabulary, vagueness and complexity. (Kapil et al., 2017) Each big data 

characteristics is briefly described below in Table 1-Big Data Characteristics.   

 

 

 

 

 

 

https://www.sciencedirect.com/science/article/pii/S0360835216302388?via%3Dihub#b0650
https://www.sciencedirect.com/science/article/pii/S0360835216302388?via%3Dihub#b0455
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Table 1: Big Data Characteristics (Gandomi & Haider, 2015; Kapil et al., 2017; Sivarajah, et al., 2017) 

 

Additionally, big data collected consists of structured, semi-structured, and unstructured data. 

Structured data refers to the tabular data found in spreadsheets or relational databases. While 

unstructured data refers to the data that lack the structural organization required for analysis such 

as text, audio, video and images. Semi-structured data format does not conform strict standards. 

An example of semi-structured data is XML (Extensible Markup Language), a textual language 

used to exchange data on the web. “XML documents contain user-defined data tags which make 

them machine-readable.”  (Gandomi & Haider, 2015, pp. 138)  

2.4 Big Data Processes 

Big data does not offer much value in its unprocessed form. Potential value of big data is unlocked 

when organizations follow efficient data processes. Without such data processes, “big data are 
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worthless in a vacuum” (Gandomi, Haider, 2015).  The overall process of extracting insights from 

big data is separated into five stages, as seen in the Figure 2 below, which form two main sub-

processes: data management and analytics. Data management is divided into three stages which 

consist of processes and technologies to acquire, store and prepare the data for analysis.  While 

data analytics includes the various techniques of modelling, analyzing and acquiring intelligence 

from big data.  (Gandomi & Haider, 2015)  

 

Figure 2: Big Data Processes (Gandomi & Haider, 2015) 

2.5 Big Data Analytics  

The key to delivering useful insights from data lies in analytics. By analyzing what makes one 

machine more efficient than another, or what differentiates its performance from a different 

machine, could improve the operational parameters for instance (Daily & Peterson, 2016). While 

individual sensor readings could be valuable to the companies, the most important insights could 

be captured by identifying patterns in readings from many products over time. (Porter & 

Heppelmann, 2015) 

 “For example, information from disparate individual sensors, such as a car’s engine temperature, 

throttle position, and fuel consumption, can reveal how performance correlates with the car’s 

engineering specifications.” (Porter & Heppelmann, 2015, pp. 100) 

Valuable insights could be identified by connecting combination of readings with the occurrence 

of problems. For instance, data collected from heat and vibration sensor can predict in advance 

forthcoming bearing failures. Capturing valuable insights and understanding these patterns is the 

domain of big data analytics. (Porter & Heppelmann, 2015) 

Literature suggested numerous analytical methods and tools associated with big data. A research 

performed by Sivarajah, et al., 2017 regarding big data challenges and analytical methods states 

that 115 papers out of the 227 papers analyzed in this research discuss some form of big data 

analytics methods and tools. Gandomi, Haider, 2015 highlights a number of analytical data 

processes and methods such as audio analytics, video analytics, text analytics, social media 

analytics and predictive analysis of data. While Porter, Heppelmann, 2015 identify four categories 

of data analytics tools: descriptive, diagnostic, predictive, and prescriptive (Porter & Heppelmann, 

2015). Other literature identify and classify big data analytics into descriptive analytics, 

prescriptive analytics, inquisitive analytics and pre-emptive data analytics (Sivarajah, et al., 2017).   
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High value is obtained from big data if the proper analytical method is selected. The following 

Table 2 provides a brief description of some main analytic methods identified in literature. 

  

Table 2: Big Data Analytics Methods (Sivarajah, et al., 2017 & Porter, Heppelmann, 2015) 

 

 

2.6 Big data challenges  

The fast growing and variety of data has challenged the limited data storage and mining methods. 

Moreover, other challenges result from processing and analyzing large amount of unstructured 

data acquired which represent the major components of big data. (Lee et al., 2017) 

Challenges of big data can be divided into three categories: related to big data characteristics, 

processes and management. The challenges related to the characteristics refer to challenges that 

result from the high volume, high velocity, variety, veracity, volatility and other big data 

characteristics, as previously described. The process challenges are related to challenges 

encountered while processing the data: how to integrate data, how to transform data, how to select 

the right model for analysis, and how to provide the results. Management challenges refer to the 

privacy, security, ethical aspects, and governance of big data. (Sivarajah, et al., 2017) 

2.7 Creating new value with big data  

Internal, external and data from smart connected products are often unstructured, in a wide variety 

of formats such as sensor readings, temperatures, locations, sales and warranty history, as 

illustrated in the Porter & Heppelmann’ model (Figure 3 below).  Therefore, data aggregation and 

analysis of such variety of data is not possible to be managed with conventional approaches such 

as database tables and spreadsheets. Porter and Heppelmann 2015 propose an emerging solution 
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called ‘data lake’ a storehouse or repository where different data can be stored in their original 

formats. According to the model illustrated in Figure 3, these data stored can be studied by using 

analytical tools. As previously mentioned, Porter and Heppelmann 2015 separate these tools in 

four categories: descriptive, diagnostic, predictive, and prescriptive. A brief description of these 

four is provided in Table 2 and Section 2.6.  

 

According to Porter and Heppelmann 2015, insights are obtained from data originating from smart, 

connected products which can be utilized to help customers, businesses and partners to optimize 

product performance. Further they describe in their model, these smart, connected products data 

are pooled or combined into a ‘lake’ with data from internal and external sources where more 

sophisticated data analytics is applied. These sophisticated analytics could reveal deeper insights 

compared to more simple analytics of individual products data and create more value or new value 

for companies. (Porter & Heppelmann, 2015) 

Figure 3: Creating value model (Porter & Heppelmann, 2015) 
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2.7.1 Improving maintenance – Corrective vs. Preventive 

The earliest maintenance technique is breakdown maintenance, also known as run-to failure 

maintenance, unplanned maintenance or reactive maintenance. This refers to maintenance work 

after an equipment outage, after the failure has occurred, therefore it is a reactive maintenance 

approach. (Jardine et al., 2006 & Lee et al., 2017) According to Lee et al., 2017 this is still 

considered the best critical maintenance approach in the cases of failures of non-critical 

components that require short repairing time. However, these failures in most cases could cause 

severe damage to other components and work injuries, or cause production delay and reduce the 

production efficacy rate. Therefore, reducing the overall requirements for reactive maintenance 

and applying preventive and/or predictive maintenance is one of the proactive maintenance goals. 

(Lee et al., 2017) 

In contrast, preventive maintenance is performed to prevent problems before breakdown occurs 

(Lee et al., 2017). Rødseth & Schjølberg, 2016 suggest that preventive maintenance could be time-

based or predetermined and condition-based. Figure 4 shows the taxonomy for maintenance 

adopted by Rødseth & Schjølberg, 2016 and BSI Standards 2010. As seen in this figure predictive 

maintenance is a type of condition-based maintenance (Rødseth & Schjølberg, 2016 & BSI 

Standards 2010).  

Time-based preventive maintenance or planned maintenance refers to maintenance scheduled in a 

periodic interval regardless of the health status of an asset (Jardine et al., 2006).  This maintenance 

is performed regularly on an equipment while it is still working in order to prevent breakdown 

unexpectedly (Daily & Peterson, 2016). Inspections, lubrication, cleaning and adjustment are the 

first step of a preventive maintenance, followed by rectification or replacements of the components 

with defects or risk of failure (Lee et al., 2017). While industries can benefit tremendously by 

applying preventive maintenance, its effectiveness is limited by the backward-looking nature of 

the analysis. Preventive maintenance is based on the statistics i.e. when a failure can occur, and 

history of equipment. With preventive maintenance the everyday operating conditions of an asset 

are not taken into account. This maintenance schedule is based on averages, as in the case of 

aviation. Therefore, this could lead to good or well-functioning parts to be replaced too soon or 

other parts could fail before the prescribed replacement schedule. (Daily & Peterson, 2016) 

Condition-based maintenance (CBM) represents a maintenance program where maintenance 

actions are based on the information collected from condition monitoring, only when abnormal 

behavior of a product is shown. This maintenance strategy can improve the machine availability 

and reduce the number of unnecessary scheduled maintenance actions and cost. (Rødseth & 

Schjølberg, 2016)  Data about the failure behavior from suitable condition monitoring variables 

can provide information about the actual state of the system. Temperature, vibration or acoustic 

variables that can be obtained through sensors and computerized database software can deliver 
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data related to the status and performance of equipment. However, most of this data is not fully 

utilized or practically been used.  (Asmai et al., 2010)  

 

Figure 4: Maintenance Taxonomy (Rødseth & Schjølberg, 2016 & BSI Standards 2010) 

According to Jardine et al., 2006 CBM consists of three important steps: Data acquisition, data 

processing and maintenance-decision making. (Jardine et al., 2006) Data acquisition, the process 

of collecting and storing (useful) data from physical assets is an essential step in implementing 

CBM program for machinery fault diagnostics and prognostics. For CBM program data collected 

can be divided into two main types: event data and condition monitoring data.  (Jardine et al., 

2006) Event data refer to the data (information) on what happened and/or what was done such as 

installation, breakdown, minor repair, preventive maintenance, etc. Condition monitoring data 

refer to vibration data, temperature, pressure, moisture, weather, environment, acoustic data, etc. 

Data are very versatile and collected from different sensors such as micro-sensors, pressure, 

temperature, acoustic emission sensors, etc. (Jardine et al., 2006)  

Data cleaning is an important step in data processing especially in the case of event data which 

always contains errors. “Data cleaning ensures, or at least increases the chance, that clean (error-

free) data are used for further analysis and modelling. Without the data cleaning step, one may 

get into the so-called “garbage in garbage out” situation.” (Jardine et al., 2006, pp.1486) Data 

errors for condition monitoring data could be caused by sensor faults. To clean such errors, sensor 

fault isolation is a good approach. However, data cleaning is not simple in general. Sometimes it 
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requires the examination of data manually and other time graphical tools to identify and remove 

these errors could be helpful. (Jardine et al., 2006) 

Moreover, diagnostics and prognostics are two important aspects in CBM. Diagnostics deals with 

fault detection, identification and isolation when it occurs. (Jardine et al., 2006) In the contrary, 

prognostics deals with fault prediction before it occurs, predictive maintenance (Figure 4). Fault 

prediction is a task to determine whether a fault is impending and estimate how soon and how 

likely a fault will occur (Jardine et al., 2006, pp. 1485). Although, prognostics is much more 

efficient than diagnostics in order to achieve zero-downtime performance, diagnostics is also 

required when fault predictions of prognostics fails and faults occur (Jardine et al., 2006). 

According to Jardine et al., 2006, maintenance decision making is the last step of CBM program.  

Karim et al., 2016 propose a maintenance analytics concept to support maintenance decision 

making which is based on four interconnected timelines phases. The proposed concept for 

Maintenance Analytics (MA) aims to facilitate maintenance actions by improving the understating 

of data and information. The MA phases include: Maintenance Descriptive Analytics, 

Maintenance Diagnostic Analytics, Maintenance Predictive Analytics, and Maintenance 

Prescriptive Analytics. The process of dealing with fault and failure in maintenance decision 

making is very important. (Karim et al., 2016) 

The Maintenance Descriptive Analytics explains what has happened. During this MA phase it is 

important to access data related to system operation, condition and expected condition. Also time 

and time frame is another important aspect to understand the relationship of events and states.  The 

events and states need to be ‘associated with the system configuration for the time which means 

that time synchronization becomes an important part to support maintenance analytics.’ (Karim 

et al., 2016, pp. 218) The second phase of MA is Maintenance Diagnostic Analytics which explains 

why something has happened. In order to frame this analytic the outcome from the previous phase 

Maintenance Descriptive Analytics is used along with the availability of reliability data. (Karim et 

al., 2016) Maintenance Predictive Analytics as previously explained provides answer to what will 

happen in the future. This analytics uses the data from the results of Maintenance Descriptive 

Analytics as well as the availability of reliability and maintainability data. In addition’ business 

data such as planned operation and maintenance are needed during this analytics in order to predict 

the upcoming failure and fault. Maintenance Prescriptive analytics provides answers and 

recommendations on what could be done and requires information from results of performing 

Maintenance Diagnostic Analytics’ and ‘Maintenance Predictive Analytics’. Since the MA 

concept requires a large amount and variety of data sources, or Big Data, the MA is considered as 

concept of big data analytics for maintenance. (Karim et al., 2016) 
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Big Data Analytics in Aviation – The Case of General Electric’s  

In aviation, as in many other industries today, massive volume of data are collected and grow 

exponentially, leaving airlines, OEM and MRO organizations with the challenge of storing, 

managing and understanding all this flood of information to create value. Thus, in order to handle 

these massive data, an open Big Data platform is required. (Daily & Peterson, 2016) 

In 2012, General Electric’s (GE) started developing Predix, an open, Cloud-based software, which 

could provide real-time information to schedule maintenance services, reduce downtime, and 

improve machine efficiency. GE’s developers realized that identifying patterns of sensor data 

could provide early signals of future performance problems and schedule future maintenance on 

the machines before the problems occur. (Daily & Peterson, 2016) 

In 2013, GE began to analyze massive amount of data across its fleet of machines. GE noticed that 

some of the jet aircraft engines required more frequent unscheduled maintenance, thus they used 

data science techniques to transfer functions that use full data from a small set of flights to model 

and predict for a larger fleet. GE combined these data with the air quality, environmental, and other 

data to build complex, multi-variable predictive models. Engine data were clustered based upon 

the operating environment. GE discovered that the hot and harsh environments in places such as 

Middle East clogged engines, causing the high pressure turbine shroud to heat up and loose 

efficiency, therefore increasing maintenance services on planes that were exposed to these 

conditions. The results were based on first ever analytics based Alternative Method of Compliance 

(AMOC) and saved operators from performing unnecessary preventive maintenance. (Daily & 

Peterson, 2016) 

Specifically, the analytic approach developed allowed GE to understand the exact transfer function 

between the part-life, engine environment and duty cycle of operation, segregate the fleet and 

identify the status of each engine. By using the analytic approach, customers performed several 

operational improvements, such as climb de-rate and an optimized water process, to reduce the 

distress of a specific part, reduce fuel burn and fuel costs, with one customer saving $7 million 

annually in fuel cost. “So, in addition to prioritizing specific engines in terms of their risk for an 

early removal or service disruption, GE was also able to provide guidance on operating 

parameters, or behavioral changes, to mitigate or abate the risk of early removal. Again, a 

predictive maintenance win”. (Daily & Peterson, 2016, pp. 271) 
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Maintenance models applied to wind turbines 

Wind turbines are very sophisticated systems that require knowledge from different engineering 

areas and large initial investment. However after installation of wind turbines, the costs are reduced 

to costs concerning operation and maintenance (O&M). Therefore, with the renewable energy 

solutions becoming more and more important, the goal is to develop methodologies that consider 

many different and complex scenarios under which a wind farm operates, in order to minimize 

costs and increase the useful life. (Merizalde et al., 2019) 

In general, the company that installs the wind turbines provides maintenance during the first years 

of operation. After this, the owners operate the wind turbines themselves while delegating the 

maintenance activities to another company. The maintenance companies adopt their own tactical 

and operational strategies which are not different from the ones in industry in general. However, 

the remoteness of the location, difficulty of access, the operating height of the wind turbines, 

sudden changes of the environmental conditions and loads to which wind turbines are exposed, 

cause maintenance in the wind industry to have characteristics that makes it unique, resulting in a 

wide range of models currently being applied to the O&M of wind turbines. (Merizalde et al., 

2019)  

Models, which refer to the representation of a system, can be physical, schematic, verbal and 

mathematical. The decisions made regarding wind turbine maintenance which are based on 

management models (MMs) and mathematical models (MatMs) have evolved over time. It has 

changed from using models (white box models) which can include probabilistic models of failure, 

wear and remaining useful life time based on a simple control chart used for selecting a cheaper 

strategy, to the use of a large number of models (black box models) which try to emulate the 

behavior of living beings in order to perform failure diagnosis and prognosis with sufficient 

anticipation and certainty. Machine learning and soft computing models are applied in a holistic 

way with the big data concept in order to utilize better a large amount of data that can be obtained 

from all signals and variables which are controlled by Condition Monitoring Systems (CMS) and 

Supervisory Control and data acquisition (SCADA). (Merizalde et al., 2019) 

The traditional mathematical models are incorporated into the Artificial Intelligence (AI) models 

such as ANN, fuzzy and neuro fuzzy, to develop models capable of self-learning. With the 

technological and scientific advances, the maintenance activities in the O&M area of the wind 

industry are simplified to planned work including the execution of specific tasks once or twice per 

year, and to constant monitoring of the wind turbine conditions (by the CMS). The modern failure 

monitoring, detection, diagnosis and prediction systems allow knowing with sufficient anticipation 

and certainty the remaining useful life and scheduling repairs properly to avoid production losses. 

(Merizalde et al., 2019)  
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3. Research Methodology 
 

The purpose of this chapter is to describe how the study was conducted. It describes the 

methodological approach, the working process, validity, reliability and limitations. 

 

3.1 Case Study 

This thesis started by determining the type of research method to carry out this investigation. The 

possible different methods identified to carry out an investigation include an experiment, survey, 

archival analysis, history, and case study.  

This thesis answers explanatory research questions expressed with ‘how’ and ‘why’; examines 

contemporary events and; there is no control over behavioral events by the investigator. Based on 

these three factors, it was determined that a case study is the most suited research method to this 

thesis project. Robert K. Yin, 2009 defines a case study as: 

“An empirical inquiry that investigates a contemporary phenomenon in depth and within 

its real-life context, especially when the boundaries between phenomenon and context are 

not clearly evident.” (Yin, 2009, pp. 18) 

The author provides another more technical definition of case studies since there is not always a 

clear distinction between phenomenon and context in real-life context.  

“The case study inquiry: copes with the technically distinctive situation in which there will 

be many more variables of interest than data points, and as one result; relies on multiple 

sources of evidence, with data needing to converge in a triangulating fashion, and as 

another result;  benefits from the prior development of theoretical propositions to guide 

data collection and analysis.” (Yin, 2009, pp. 18) 

As it can be seen, the case study research is not limited to just being a data collection method but 

a comprehensive method comprised of design logic, data collections techniques, and specific 

approaches to data analysis.  

Case studies designs could be single- and multiple-case study (comparative case method) (Yin, 

2009). Based on the scope of this research thesis, a single case study method is carried out.  

Additionally the research case uses both quantitative and qualitative data.  

Yin, 2009 six phase framework was followed throughout the thesis work consisting of: planning, 

design, prepare, collect, analyze and report, as seen in Figure 5 below (Yin, 2009).   
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Figure 5: Case Study Research (Yin, 2009) 

3.1.1 Planning 

This phase includes brainstorming and deciding on the research method that suits better this thesis. 

Therefore, the research questions are identified and the strengths and limitations of the case study 

research are understood. (Yin, 2009) 

3.1.2 Design 

This phase includes the following important components: formulating the research questions as 

already suggested during the first phase; identifying the research propositions; defining the case 

itself; linking the data to the initial propositions and; determine the criteria to be used to interpret 

the study’s findings (Yin, 2009). 

3.1.3 Case study  

Bosch Thermoteknik AB, situated in Tranås, Sweden, was founded as early as 1968 and today has 

330 employees. Bosch Thermoteknik AB is operating within the Bosch business division 

Thermotechnology (TT). Bosch Thermoteknik AB is responsible for the product group Residential 

Heat Pumps (TT-RHP) within the TT business unit Residential Heating (TT-RH). Bosch 

Thermoteknik AB operates in all areas of the value-chain from research, development, purchasing, 

manufacturing, warehousing, distribution and after-sales of heat pumps. The company offers 

energy efficient and environmentally friendly heating and cooling technologies which consist of 

four different types of heat pumps: liquid/water, air/water, air/air and exhaust air. (Bosch 

Thermoteknik AB Annual Report 2018 and Bosch Värmepumpar) 

These product types are similar in regard to physical principles and technical components, but the 

final applications or products differ as following: 
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 The energy source for the liquid/water heat pump is heat collected from the ground (rock). 

It provides up to 80% energy savings and is connected to an existing waterborne heating 

system. It is commonly used in residential housing and real estate properties. 

 The air/water heat pump collects energy from the outside air. It provides high savings, 

especially in places with slightly milder climate. It is commonly used in residential 

housing and apartment buildings with water distributed heating systems. An air/water heat 

pump consist of an Indoor unit and an Outdoor unit. The Outdoor unit is place outside the 

house mainly in the garden whereas the Indoor unit is placed inside the house and connects 

typically the heat pump system to the water heating system.  

 The energy for the exhaust air/water heat pumps is collected from exhaust air. The exhaust 

air/water heat pumps are mainly used in new residential buildings with water distributed 

heating systems.  

 The air/air heat pump collects energy from the outside air. These heat pumps are mostly 

used as a complementary solution for residential housing and summer houses, in addition 

to direct electric radiators. (Bosch Thermoteknik AB Annual Report 2018 and Bosch 

Värmepumpar) 

In addition to the products manufactured, Bosch Thermoteknik AB sells spare parts and 

accessories and provides customer services in their local market (Bosch Thermoteknik AB). 

3.1.4 Prepare 

The third phase refers to preparation prior to collection of the case study data. Preparation includes 

preparation of the study investigator and development of a protocol for the study. According to 

Yin, 2009 it is important that the study investigator has or is trained to have some desired skills 

during the study such as: be a good listener, ask good questions and interpret the answers, have a 

firm grasp of the problem being studied, be adoptive and flexible and, be unbiased.  (Yin, 2009) 

3.1.5 Data Collection 

Data collection methods include review of documents collected, performing interviews, and 

personal observations (Yin, 2009). To collect the necessary data several documents are gathered 

and reviewed from the following sources: 

 Online literature review 

Google scholar, Science Direct, IEEE, Springer Link, and Linköping University Library are some 

of the platforms used to collect scientific articles, publications, and reviews of related literature. 

Some of the keywords used include big data, big data characteristics, big data challenges and 

opportunities, big data analytics, application of big data analytics, value of big data, condition-

based maintenance and, big data analytics outcome, etc.  

 Documents and tools from the case study company- Bosch Thermoteknik AB 
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Different documents collected from the company used for this case study are reviewed. These 

documents include information regarding the different product manufactured, heat pumps, list of 

alarms/faults, failure analysis, and Bosch Thermoteknik AB Annual Report 2018. Access was also 

given to the visualization tools used to access the data collected from heat pumps. 

 Interviews  

Interviews were the primary source of information of this study. A questionnaire has been used to 

conduct interviews internally in the company (See Appendix I). The questionnaire includes to 

whom the questions are directed, the aim and research questions of this study. During the 

interviews, short descriptions of the questions based on the literature reviewed presented in 

Chapter 2 and scope of this thesis were used in order to facilitate the interview process.  

The structure of the questionnaire was based upon the following goals: 

 To get an overview of the big data collected from the company used for this case study – 

Bosch Thermoteknik AB  

 Identify the purpose(s) of collecting such data from their products (heat pumps) 

 Identify if the data is being used, by whom, and how 

 Gather information regarding products’ performance, failure modes and maintenance 

 Identify the information, knowledge and value expected to be obtained from big data. 

A semi-standardized (or semi-structured) interview was carried out which offered a more flexible 

approach to the interview process. Although the questions were determined prior to the interviews, 

the interviewees were given freedom to answer the questions in order to allow for any 

unanticipated responses to emerge. (Ryan et al., 2009) 

The interviews were conducted in English which is the official language spoken internally in the 

company. In total, eleven people were contacted and ten were interviewed within a period of a 

month (in May 2019). One did not want to participate in this interview process as he believed that 

he would not contribute much due to his lack of knowledge in this topic and/or experience. Nine 

of the interviews were conducted in person (face-to-face) with internal employees in Tranås, 

Sweden, while one interview was sent via email and completed by an employee at Bosch TT 

Residential Heating Controls (RHC) business unit in Germany. The following shows which 

departments at Bosch Thermoteknik AB were contacted and how many employees were 

interviewed from each department: 

 Research & Development (R&D) – 2 employees interviewed  (System Engineer 

Developers) 

 After Sales (ASA - 2nd level support) – 1 employee interviewed  

 3rd level support – 1 employee interviewed (Team Leader) 

 Quality Material Management – 1 employee interviewed (Quality Manager) 

 Engineering Product Quality – 1 employee interviewed (Engineer)  
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 Project Management  – 1 employee interviewed (Project Leader) 

 Product Management – 2 employees interviewed (Product Managers) 

The interviews lasted approximately one hour each. With the permission of the interviewees, all 

in person interviews were recorded and relevant information were transformed into notes. In 

addition, some notes were taken during the interviews to ensure that any important information 

was not lost in the case of any technical problems.  

Overall, people interviewed seemed very interested in this topic and very keen to discuss it. 

However, it was noticed that some interviewees were unsure, unfamiliar or suspicious on certain 

aspects of the interview or how to answer certain questions. Therefore, some of the answers 

provided were not considered or included in the results due to non-relevance with the respective 

questions.   

3.1.6 Analysis 

This phase includes examining, organizing, analyzing the quantitative and qualitative data 

collected for this study to address the initial propositions and research questions of the case study 

(Yin, 2009). 

3.2 Validity and Reliability  

Different methods to collect data from different sources such as interviews and online literature 

are used during the study in order to increase the validity of the study. Different online sources are 

utilized in the case of discrepancies of data.  

Reliability is another important aspect to be achieved in the case research study. In order to 

increase the reliability of the study, this chapter 3 explains thoroughly all the steps and method 

used to perform this study.  

3.3 Limitations and Delimitations 

 This section presents the limitations and delimitations encountered in the case study.  

 This thesis is carried out as a single case study based on the scope of this thesis.  

 The interviews were conducted in English, and not in the interviewees’ native language 

which could have affected slightly the answers to the questionnaire, however not changed 

the overall results.  

 The study was done only for Bosch Thermoteknik AB within the Bosch business division 

Thermotechnology (TT). Although, assistance was also provided by the Bosch TT 

Residential Heating Controls (RHC) business unit in Germany, the data and information 

collected throughout this study pertain to Bosch Thermoteknik AB.  Therefore, how big 

data is being used, stored, or analyzed and how the technology infrastructure implemented 

in other products groups within Bosch TT or Bosch Group were not considered.  

 The focus of the study has been on technical aspects of big data, and data-driven culture, 

governance (intangible resources) and human knowledge and skills were not investigated.  
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4. Results 
 

This chapter represents the empirical results obtained from interviews performed internally at 

Bosch Thermoteknik AB as explained in Section 3.1.5 as well as documents, tools and other 

information provided throughout this project. The focus of the interviews was concerning the big 

data collected from several connected products presented with a visualization tool used at Bosch 

Thermoteknik AB. 

 

4.1 Heat pumps characteristics   

4.1.1 Important components based on function and benefit from monitoring  

Bosch Thermoteknik AB offers different types of heat pumps: liquid/water, air/water, air/air and 

exhaust air. Although all components of the heat pumps play an important role in the product life, 

some components are more critical (important) based on the safety factor, cost and service time 

required in the case of replacements or issues. These components include compressor, inverter, 

refrigerant circuit, circulation pump, fan (in the air/water heat pump), software and control, 

evaporator, sensors. 

Additionally, some components could also benefit from monitoring such as circulation pump, 

filters, fan (in the air/water heat pump), and compressor (such as in the case of over current). Both 

the circulation pump and filters would benefit if the flow of the heating system is monitored and 

any symptoms showing that the flow is slowing down is received. And if the flow is monitored, 

then measures could be taken in advance such as replacement of filters in the case of particles in 

the system that clog the filters. Therefore, any failure or bigger issues could be prevented. 

4.1.2 Important monitoring parameters  

Some important monitoring components provided by interviewees are the flow of the heating 

system, temperature difference, sensor values, power consumption, runtime of the compressor, 

compressor average speed, and frequency that the compressor operates. It was also stated that, all 

temperature measures are important to be monitored including: temperature reading from the 

sensors in brine (to and from the ground), temperature in the room for heating circuit/ set point 

temperature, temperature of the water flow going into heat circuit, outdoor temperature, and 

domestic hot water temperature. 

4.1.3 Important components to be proactively maintained 

The interviewees also stated some of the heat pumps’ components that are important to be 

proactively maintained. These include filters such as particle filters for all heat pumps or clean air 

filter in exhaust air heat pumps, switch of the sensors, circulation pumps, condenser, and software 

settings. For instance, any issues with the filters will affect or stop the flow in the heating system. 

However, except for perhaps filters, currently there is no component in the heat pump that is 
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replaced on regular basis unless it breaks down, unlike the gas boilers for instance which suffer 

more wear and tear than heat pumps.  

4.2 Big Data at Bosch Thermoteknik AB 

4.2.1 Data characteristics and technology infrastructure 

Heat pumps consist of physical, smart and connectivity components. The physical components 

include the mechanical and electrical parts. Some of the most important components (i.e. 

compressor) already mentioned in Section 4.1. The products come with a software (HMI) which 

is developed within RHP and controls all components function in heat pump such as circulation 

pump, electrical heater, etc.  Embedded sensors, processors, data database, storage and other parts 

(such as ON/OFF switch for circulation pump) are built into the product (heat pumps). Hardware 

is not developed within RHP but at another Bosch business unit, RHC, which is responsible for 

control and development of hardware. The connectivity components include Connectivity 

port/antenna (gateway) and standard communication protocols to enable communication between 

product and the cloud, also implemented by RHC. 

The addition of a gateway, inbuilt connectivity module, a wireless communication module, 

enabled accessing data from some connected heat pumps. As a result, in 2017 Bosch started 

logging data in real time from connected heat pumps. A generic data logging was implemented 

and used to ensure flexibility and transfer to other Bosch (heating, ventilation and air-conditioning 

systems) HVAC systems. Many heat pumps manufactured in the past 5 years have the inbuilt 

connectivity module delivered as standard for high cost product lines while for the low cost product 

lines inbuilt connectivity module is available for purchase as an accessory. Therefore, these heat 

pumps have the option to be connected if the customers decide to make the connection to the 

internet. Despite this, data collected and tracked in real time comes from a small quantity of 

connected heat pumps including devices used during laboratory tests, field tests and problematic 

series devices. However, in order to solve any problems related to these connected heat pumps, 

operational data collected in real time could be accessed by Bosch Thermoteknik AB if customers 

agree to share such information with intention of solving the issues. This will be explained in the 

following Section 4.2.2.   

The data being logged are accessible from a time series visualization tool (dashboard).  The data 

consist of operational system data including all broadcasted communication messages (on 

proprietary bus) such as sensor values, error messages, system status and settings. All broadcasts 

are logged as unevenly time series. Since heat pumps consist of many sensors which broadcast 

their values “on change”. The data collected does not include all heat pumps’ parameters. Other 

parameters could be obtained through other data technologies, local loggers such as PC or laptops 

(due to a different proprietary bus). 

Another type of visualization tool is also implemented to organize the data collected from 

connected heat pumps. Data from some of the heat pumps shown in the previous visualization tool 
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is aggregated and organized in this tool. This visualization tool is not being used within Bosch 

Thermoteknik AB. 

Few customers’ applications are developed and available including connected products portal 

(CPP), used as remote diagnostics and repair. It simplifies the remote control and maintenance for 

installers and end customers. (Bosch Connected Products, 2019) 

The company uses tools that manage user authentication and secure the product, connectivity and 

product cloud layers. Gateway for information from external sources such as energy prices is also 

used. However, results show that tools that integrate data from connected products with core 

enterprise business systems such as ERP, CRM, and PLM are not implemented at Bosch 

Thermoteknik AB. 

4.2.2 Big data current usage  

Big data (data logged from proprietary bus shown in the time series visualization tool) is used 

during field test installations, laboratory test and in certain cases for service 

support/troubleshooting and within few departments at Bosch Thermoteknik AB such as system 

engineering development department, quality management department, after sales or 2nd level 

support, 3rd level support, and engineering product quality department.  

System engineering development department uses the data mostly during tests in the laboratory 

and field test installations. First, a software test is performed in the connected heat pump, then the 

product is tested in the company’s laboratory to ensure that there is no issues. Lastly, during field 

test installation, the behavior of the heat pump is monitored for a certain period of time, usually 

for about one to two weeks, in order to ensure that there is no malfunction identified. Engineering 

product quality and quality management department utilize the data similarly to get insights from 

connected heat pumps during tests in the field and laboratory.  

The 2nd and 3rd level support departments use the data for services support and troubleshooting. 

The installers of the heat pumps, also known as 1st level support, are contacted by the end 

customers and receive complaints in the case of any problems with the heat pumps during use or 

after installations. And if they are not able to identify the problem nor address it, they will contact 

the after-sales department, known as 2nd level support department at Bosch Thermoteknik AB. 2nd 

level support employees who have access of the operational data through the time series 

visualization tool, search for any active alarms or faults and other parameters to identify the 

problem and measures to be taken. If this department is not able to solve the issue then the 3rd level 

support department, which is a more expert service group, is contacted and provided with all 

relevant information regarding the problem. They will search thoroughly into faults and parameters 

collected and shown in the times series visualization tool and the behavior of the product, to 

determine the root cause of the problem.  
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4.2.3 Expectations, values, new activities and business offering using big data  

Results show that the company understands that information collected from the connected heat 

pumps could provide knowledge and value to the company in order to improve products, 

maintenance, and bring business opportunities. Through the data collected the company is 

expecting to track the behavior of the system (heat pumps), identify unwanted behavior and look 

into the past behavior of the heat pumps in order to identify the root causes and fix any issues, as 

well prevent any failures from happening. Some new activities are anticipated from using the data 

such as the following: to support the after-sales department in troubleshooting, to be used as an 

Early Warning Support during new market launch, to track error events, to identify errors with 

error codes, to track energy efficiency, to be used as an outlier detection (i.e. in comparison to 

other similar devices), to assist in implementing condition based maintenance, and predictive 

and/or preventive maintenance, to calculate load profiles for test or new system specification, and 

to reduce customer complaints. 

In addition, some of the new business offerings that the company is anticipating include to support 

business-to-business (B2B) partners in theirs offerings regarding service, maintenance and 

troubleshooting. Additionally, offer HVAC leasing, renting directly or indirectly to end customers 

since data logging including features such as preventive maintenance could help to manage the 

risk of warranty costs. Moreover, offer exchange of components based on the condition of the 

component, in order to extend the end of life of the product such as in the case of the refrigerant 

circuit in liquid/water heat pumps.   

4.2.4 Big data issues, uncertainty and sufficiency  

One of the issues mentioned, is that data export and visualization for more than five days period 

is not possible in the time series visualization tool due to the huge size or number of messages 

received. However, apart from the time series, Bosch is also calculating daily features such as daily 

means, minimum, maximum, and event counters as well as load profiles. This could satisfy the 

request to see data for long periods, greater than five days as shown in time series visualization 

tool, which it is made possible by the other visualization tool. 

 System identification is not shown or possible to see it in the visualization tool, however this is 

needed to compare the appliances or perform specific diagnostics. Other issue mentioned include 

confusing naming of the parameters logged, as it can be hard for most of the employees using the 

data in the visualization tool to understand the signal names used. Also, no notification in the case 

of updates is provided to some employees who use occasionally the data, as some employees 

interviewed were not aware of all the recent changes made to the tool. 

Privacy is another big issue, since information about the customers’ activities while using the 

products is accessed. Despite the agreement between the end-customers and Bosch, the GDPR 

form signed by customers to allow Bosch to access the data, privacy is believed to represent a 

bigger problem in the future when the data usage and analytics grows. The parameters logged are 
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not organized in such way that show which parameters correspond to what alarm or component. It 

was mentioned that this could facilitate data usage.  

The interviewees agreed that the data received and used can be trusted and reliable. The only 

problem is that occasionally there could be gaps in the data which can be caused by connectivity 

drop outs.  

In some cases, the data collected is not sufficient and additional information is needed such as 

system identification as previously mentioned, for instance based on serial number or part number 

which should be provided on proprietary bus. Other information needed include important settings 

need to be broadcasted or requested on proprietary bus i.e. once per day. However, for some of the 

interviewees the data collected is sufficient for their current use.  

4.2.5 Big Data improvements and future plans  

The following represent improvements proposed from the interviewees to the visualization tool 

and the data collection and use.  

It is expected that the parameters (data) to be clear and better understood by the users. This is 

related to the problem with the current naming of the parameters which users at Bosch 

Thermoteknik AB find it often to be confusing or difficult to understand. It was noticed that it is 

hard for even regular users of the visualization tool to identify the meaning of all the parameters 

collected and especially the function of each parameter.  

Another improvement is regarding the data aggregation, how aggregation of data for all connected 

heat pumps could provide useful insights. For example getting feedback regarding the number of 

heat pumps installed or errors occurred (issued identified) after launching a new product into the 

market. It was proposed during the interview that data could be aggregated for all heat pumps 

based on error codes or alarms. 

Another improvement is to collect more parameters in the future such as timers which should be 

shown in the visualization tool used within the company. As previously explained in certain 

occasions, users are required to use other technologies to obtain other data, aside from the live data 

shown in the time series tool.  

Getting information when installing field tests, if the heat pumps is running or behaving in the 

correct way, and what is not running in the correct way. This is related to the fact that data 

monitoring at least during field tests for all heat pumps should made possible to identify any issues 

before use phase, and check if the installations are done properly since issues could be related to 

mistakes during installation.  
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4.3 Failure modes and maintenance services at Bosch Thermoteknik AB 

4.3.1 Maintenance activities 

Maintenance services are offered and performed by the companies installing the heat pumps. In 

certain occasions after sales department and other departments that support troubleshooting at 

Bosch Thermoteknik AB are contacted to assist in addressing problems.  

Bosch Thermoteknik AB offers customers in Sweden with a 6-year warranty for the heat pumps 

and a 10-year warranty for the heat pumps’ compressor. As a requirement to maintain these 

warranties, customers need to have service visits (maintenance services) on the 3rd and 5th year 

after products’ purchase. These services are performed by installers and customers need to pay 

installers a small service fee. During the services, the installers check for any active alarms, the 

history of alarms, the flow, and filters. If any issues are encountered, the installers will investigate 

other parameters and components to determine the root causes. If they are not able to identify the 

problem, the root cause or how to address it, the 2nd and later 3rd level support departments at 

Bosch Thermoteknik AB will be contacted, as previously explained. These departments will assist 

and guide the installers on how to fix any issues but no service or maintenance technician will be 

sent directly from Bosch on site. It is the installers’ responsibility to perform such services.  

Despite the fact that maintenance services are not directly performed by Bosch Thermoteknik AB, 

the costs of these services are covered by the company as part of the warranty. The installers 

invoice Bosch Thermoteknik AB for any services performed. The cost of the registered services 

at Bosch Thermoteknik AB is significant and the company’s goal is to reduce these costs. 

4.3.2 Frequent failures and critical failure modes   

Failure analysis such as Failure Mode and Effect Analysis (FMAE), are performed within Bosch 

Thermoteknik AB by Quality management department in order to prevent failures in the future 

and improve products quality. The frequency and criticality of failures change from one type of 

product to another (i.e. air/water compared to exhaust air) and even from one device to another. 

Some of the frequent failures identified are related to sound issues, pollution in the system, 

communication alarms, fan, software, and refrigerant pipes. 

In addition, the most critical failures are related to safety functions such as current, fire and other 

alarms resulting in failure of the compressor and electrical heater. The failure criticality also varies 

among different products. 

4.3.3 Failure prediction and prevention 

All the measures or known issues are addressed by R&D, engineering and quality management 

departments at Bosch Thermoteknik AB before release of a new heat pump. The results show that 

big data could support in failure prediction and prevention. However, this could be possible if all 

heat pumps are being logged, monitored and analyzed by a team within Bosch Thermoteknik AB 

or the installers. For instance, if an alarm list including history and active alarms is obtained from 

the time series visualization tool, then some failures could be predicted and prevented from 

happening. Also, if all heat pumps’ parameters or measures (i.e. all temperature values) are logged, 
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more information could be obtained regarding any unusual behavior or any issues. However, how 

long in advance these failures can be known varies a lot depending on the failure. In the case of 

failures that happen slowly, the failures could be predicted far in advance and measures could be 

taken. For instance, if there is a problem that is slowly building up in the heating system as in the 

case of dirt in the filters, measures such as the flow rate, difference in temperature between inlet 

and outlet (delta T), and the speed of the circulation pump could indicate failure symptoms in 

advance. However, the failures that happen very fast or suddenly such as in the case of pipes 

breaking, then the failures could not be predicted in advance or at all.  

In addition, monitoring warnings or intermediate alarms in order to act before failures occur is 

another preventive approach indicated in the interviews. Others indicated that by monitoring the 

behavior and condition of all heat pumps or at least any symptoms that indicate failures could lead 

to predicting failures.  

Results show that some of the failures could be addressed and/or avoided if data-driven condition-

based maintenance (CBM) is implemented within Bosch Thermoteknik AB such as issues with 

the flow in the heating system caused from pollution in the system related to the condenser or 

filters. Also, by updating the software to avoid any problems with data logging and analysis.   
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5. Discussion 
 

This chapter presents the analysis of empirical results based on the scientific literature. Discussion 

and improvements of how value can be created and how maintenance can be improved from big 

data are provided.  

 

5.1 Recommended Technology Infrastructure at Bosch Thermoteknik  

Companies need to implement an appropriate technology infrastructure in order to acquire, store, 

integrate and analyze data and exchange information between smart, connected products and users. 

Porter & Heppelmann 2015 and Kwon 2016 propose a technology infrastructure, as previously 

explained in Section 2.2, Figure 1, consisting of multiple layers. With such technology 

infrastructure, new product capabilities will be enabled which will enhance the value creation for 

companies and among their customers. Porter & Heppelmann 2015 list multiple product 

capabilities enabled by building a ‘technology stack’ such as products can monitor and report their 

condition and environment which can generate new insights into their performance and use. Users 

could access the products remotely and customize the products function, performance, and 

interface even in the case of hazardous or hard-to-reach environments. Data monitoring and 

remote-control capability combined create new opportunities for optimization. Use of algorithms 

can improve product performance, utilization, and uptime and the way products work in broader 

systems. Moreover, these capabilities combined can allow autonomy which means that products 

can learn and adopt to the environment and preferences of users and be able to service themselves 

and operate on their own. (Porter & Heppelmann 2015)  

Elements that compose this recommended technology infrastructure appear to be implemented at 

Bosch Thermoteknik AB, Figure 6. As shown in the results, Section 4.2.1, heat pumps come with 

embedded sensors, processors, connectivity port/antenna, and other hardware parts, as well a 

software (HMI) which controls all components functions. Software applications running on remote 

servers, few customers’ applications, database system and visualization tools comprising the cloud 

are also implemented at Bosch Thermoteknik AB. Since the products of Bosch Thermoteknik AB 

support this technology infrastructure, the focus should be to increase the amount of devices 

connected to collect data. This represents a challenge for Bosch Thermoteknik AB, on finding 

ways to store and process vast amount of data in an efficient and interpretable way (Kwon, 2016). 

This will require development or fine-tuning of applications to use to monitor, control, optimize 

the operation of productions functions, and what big data analytics engine to use to reveal new 

product insights. 

By further analyzing the recommended technology infrastructure, the company has standard 

communication protocols that allow communication of the cloud and products. As well as the 

company uses tools that manage user authentication and secure the product, connectivity and 
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product cloud layers. Gateway for information from some external sources such as energy prices 

is also used. However, no tools that integrate data from connected products with core enterprise 

business systems such as ERP, CRM, and PLM appeared to be used at Bosch Thermoteknik AB. 

Integrating data from different sources increases the value and provides deeper insights as further 

explained in Section 5.2. Therefore, it is recommended that after the increase of logged products, 

data collected from these products should be integrated with data of the gateway of external 

sources and internal sources such as the ERP and CRM systems. As many product capabilities are 

enabled if an appropriate technology infrastructure is built, the main challenge would be to 

questions which products capabilities and features should the company invest or pursue.  

 

Figure 6: Technology Infrastructure at Bosch Thermoteknik AB (based on Porter, Heppelmann 2015 & 
Kwon et al., 2016) 
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5.2 Creating new value with data  

 

5.2.1 Data sources  

New knowledge and insights are generated when big data is collected and processed. Because of 

the amount and variety of data being generated today, companies are faced with the challenge of 

what type of data to capture and analyze to maximize the value. Real-time data collected from 

smart, connected products is valuable by itself, however the value increases exponentially if it is 

integrated with data generated from other sources such as service histories, product prices, and 

inventory locations (Porter & Heppelmann 2015). Therefore, as illustrated in Figure 3, Section 2.7 

(Porter & Heppelmann 2015) companies should collect data from three different sources: data 

from smart connected products (real-time), data from external sources (prices, weather, supplier), 

and data from internal sources (service histories, warranty status etc). For instance, if real time 

data regarding an active alarm displayed on the time series visualization tool is combined with 

data regarding the behavior or service history of the heat pump, or external data such as weather 

conditions, could result in determining the root cause of the problem.  Another example, similarly, 

as explained by Porter & Heppelmann, 2015 is that data on warranty status of the heat pump will 

become more valuable when it is combined with data from the product use and performance. The 

customer’s heavy use of the heat pump could result in a premature failure of the heat pump or the 

compressor and any other important component of the heat pumps covered under warranty. (Porter 

& Heppelmann, 2015)  Therefore, if the information regarding the problem is known, a preemptive 

service could be scheduled to address the problem and prevent later costly repairs.  

Bosch Thermoteknik AB is already collecting or have the ability and technology to collect most 

of these data. Real time data such as sensor values, error messages could be collected from 

connected heat pumps. However, the current quantity of connected heat pumps is too small to gain 

reliable information and statistical data for decision-making.   Data such as prices, suppliers, and 

inventory are collected from Product Management (PRM), Controlling (CTG), and Purchasing. 

Data on service histories, warranty status can be gathered by Quality Material Managers (QMM) 

and After Sales (ASA). The possibility of gathering information from different sources poses the 

next challenge in how to combine and store them in order to get more valuable insights. It is 

recommended that a cross-functional team address this based on specific problems. Value 

extracted from data requires multiple actors from different disciplines (Ferraris et al., 2019). 

5.2.2 Aggregation of raw data - Data Lake 

The format of data coming from different internal and external sources varies a lot (sensor 

readings, temperatures, sales, warranty history) and it is often unstructured. Therefore, the variety 

of data cannot be aggregated and analyzed with conventional approaches such as database tables 

and spreadsheets. A repository where different types of data can be stored in their original formats 

is required. (Porter & Heppelmann 2015) As previously mentioned in Figure 3, Porter & 

Heppelmann label this repository a ‘data lake’. Data lake keeps both data both for current defined 

needs and future undefined needs (Llave, 2018). Data lake allows collection and storage of 
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different data streams in their original formats and therefore creates possibilities for more advanced 

data analytics. These data analytics can bring deeper insights and more value for companies 

compared to simple analytics of individual products data. (Porter & Heppelmann 2015)  Based 

upon the current use of the data, it appears that data coming from different sources is not combined 

at Bosch Thermoteknik AB. As previously explained, no tools that integrate data from connected 

products with core enterprise business systems such as ERP, CRM, and PLM appeared to be used 

at Bosch Thermoteknik AB. 

Data collected in real time from connected heat pumps is used during development phase 

(laboratory and field tests) and for troubleshooting. In some cases insights coming from this data 

source alone are enough to solve any problems or find the root causes. While in the other cases, 

further information is required to be provided by suppliers, customers, service histories etc. If the 

data is integrated and stored then the information needed could be easily accessed, facilitating the 

process of addressing problems, as well preventing or predicting them in the future.   

5.2.3 Analytics based on Porter and Heppelmann, 2015 model 

As explained, more sophisticated data analytics is applied when the data from smart, connected 

products are combined with data from internal and external sources and stored in the data lake. 

These data stored can be studied by using four categories of analytical tools: descriptive, 

diagnostic, predictive, and prescriptive.  The sophisticated data analytics reveal deeper insights in 

comparison with the simpler analytics of individual product data. (Porter & Heppelmann, 2015)  

Descriptive and diagnostics analytics 

The first tool, descriptive analytics explains what has happened or currently happening (Watson, 

2017). It captures information regarding product’s condition, environment and operation (Porter 

& Heppelmann 2015). Descriptive analytics mines data to provide trending information on past or 

current events needed for future actions (Watson, 2017). As shown in the Dremel et al., 2018, 

descriptive analytics requires a technological infrastructure, integrated data sources, visualization 

of data, business acumen and an explanatory analytical model. Diagnostics analytics examines 

causes of products failures or any issues and reduced performance of products (Watson, 2017). 

Diagnostics analytics augments descriptive analytics by asking why certain events occurred while 

using patterns in the data collected (Ajah & Nweke 2019). In order to get a comprehensive view 

and context of what has happened or happening with the product, both analytics require integration 

of data from different, disconnected sources needs to be combined and compared which is possible 

with data lake or repository (Porter & Heppelmann, 2015).  

 As it appears the company is implementing and focusing on implementing descriptive and 

diagnostics analytics in order to capture the heat pump’s condition, operation, and environment, 

in order to determine the causes of past failures. The visualization tools and diagnostics and repair 

tool are typical example on how doing descriptive and diagnostics analytics are implemented at 

Bosch Thermoteknik AB. It appears that some information such as the current and past condition 

of the heat pumps, error notifications, and alarms could be obtained from these tools. However, as 
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shown in model Figure 3, more insights could be revealed and more advanced analytics (i.e. 

predictive, prescriptive, etc.) could be performed if data used is integrated from different sources 

which is not done at Bosch Thermoteknik AB. 

Predictive and prescriptive analytics 

Results show that predictive and prescriptive analytics are not performed at Bosch Thermoteknik 

AB. As it is presented in the Porter & Heppelmann 2015 model, both predictive and prescriptive 

analytics are important elements of discovering new insights from big data. Therefore, it is 

important for the company to understand the meaning, values, challenges and what makes these 

analytics possible.  

Predictive analytics provides organizations with answers on what could happen in the future. It 

assists organizations to anticipate events and plan ahead instead of just reacting to what has already 

happened. The challenge with the predictive is the use of predictive models, forecasting, 

simulation and advanced statistical analysis. (Watson, 2017) By using descriptive data collected 

over time and predictive models, events could be predicted. Predictive capabilities such as 

simulation and forecasting provide managers with great valuable insights to make more informed 

decisions, instead of just making decisions based upon the historical data only. Characterized by 

the use of trends of time-series data and correlation to detect patterns, predictive analytics applies 

advanced statistical analysis and sophisticated mathematics to confirm assumptions and test 

hypothesis. (Watson, 2017)  

Application of predictive analytics would provide Bosch Thermoteknik AB with insights to think 

and act proactively which could lead to preventing failures form happening. Additional benefits 

could be reduction of external failure costs, extend the product’s life, increase sales and improve 

services, and customers’ satisfaction. Therefore, Bosch Thermoteknik AB should focus on 

implementing predictive analytics tools. 

Prescriptive analytics explores possible actions or recommends actions based on the descriptive 

and predictive analysis of data. Therefore, the performance of descriptive and predictive analysis 

is required which explains the challenge of applying it. Prescriptive analytics is characterized by 

constraints, rules and thresholds and requires advanced mathematical models and optimization in 

order to provide recommended actions, reasons why certain actions are recommended and any 

implications resulting from the actions. Prescriptive analytics solutions could provide managers 

with a reliable path to an optimal solution for business needs or resolution of operational problems. 

Since it also takes into account uncertainly and recommend ways to mitigate risks, it could assist 

managers when making decisions within the organization especially when the data environment is 

too complex or large to be understood without the help of technology. (Watson, 2017)   

Prescriptive analytics requires performance of descriptive and predictive analysis which explains 

the challenge of applying it. Although, prescriptive analytics could provide deeper knowledge and 

more value compared to the other analytics, it should be the focus of Bosch Thermoteknik AB to 

investigate in the future. It should be considered as the next step to be investigated after the 
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company has performed predictive analytics. Big data can facilitate in becoming prescriptive rather 

than predictive (LaValle, 2011). 

As shown from the four types of data analytics analyzed, great insights could be revealed when 

data is analyzed and the right analytics type is chosen. Deploying the right analytics type should 

be based on the organization’s capabilities and needs (Watson, 2017). If the companies lack 

processes and data needed to support advanced levels of analytics, they should not act passively 

and wait to perform data analytics (Watson, 2017).  A recommended effective strategy is to select 

a meaningful problem and tackle it on scale small enough in order to deliver rapid results and then 

expand the capabilities to perform data analytics (Watson, 2017). As big data asset and analytics 

require a long time to develop and nurture, many companies engage in ‘learning by doing’ and 

evolve from exploratory use to a more established form of use. However, if a company develops 

its own analytics algorithms and methods could result in inimitable data analytics capability 

(Grover et al., 2018). 

In order for companies to identify where, how and what value will be created from managing and 

analyzing big data, big data analytics capabilities need to be created (Grover et al., 2018). These 

capabilities refer to deploying the core resources to develop capabilities and the ability to 

orchestrate and leverage these resources. The core resources that allow companies to develop 

strong big data analytics capability can be divided into tangible, intangible, and human skills and 

knowledge. The tangible resources include data with all its characteristics, data infrastructure (i.e. 

connectivity, integration, etc) and software tools (visualization tools). The previous sections 

(Section 5.1 and 5.2) already provide insights regarding required tangible resources such as the 

recommended infrastructure, data sources, integration and storage of data, and tools. (Mikalef et 

al., 2017) 

The intangible resources include governance and data-driven culture. Governance of big data 

analytics can be defined as an approach that organization utilize to define, prioritize and track 

analytic initiatives, and to manage different categories and types of data related to analytics. It 

refers to the rules and controls that everyone must comply while performing relative tasks. It is 

important that governance schemes for big data to be established, as it could be one of the main 

reasons companies fail to leverage their data effectively. Based upon the recurring findings 

regarding the effectiveness of governance, it is that it must follow a top-down approach, meaning 

that it requires commitment from top management to data-driven decisions. (Mikalef et al., 2017) 

The data-driven culture concept is adopted from organizational culture. For companies that engage 

in big data projects, it represents an important factor in determining their overall success and 

continuation. It is important that companies that implement big data projects rely on the 

information obtained from data analytics and not on managerial experience or intuition which is 

the case for many companies. This requires data-driven decision making to be imprinted in the 

organization so all the decisions made from by top-level managers, middle-level managers and 

even low-level employees of an organization are based on data analytics information. (Mikalef et 
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al., 2017) It has been proven that data-driven decision-making is more beneficial than decision 

made by management based on their experience (LaVelle et al., 2011). It is important that all 

employees in the organization are well-aware about big data, which can be done through training 

(Ferraris et al., 2019). This reduces the silo way of thinking within the organizational units and 

allows for dispersed organizational units to work together towards analytics-generated insights 

(Mikalef et al., 2017). A complex mix and interrelation among different financial, human, physical 

and organizational resources are thus essential to create these superior, rare, and difficult-to-

imitate capabilities, which, in turn, lead to better performances, such as better customer retention 

or return on investment and increase in sales growth and profitability (Ferraris et al., 2019, pp. 

1927).    

Human skills and knowledge resources include the technical knowledge (i.e. database 

management, data retrieval, programming, and etc.), business knowledge (strategic foresight for 

big data deployments application of insights extracted), relational knowledge (i.e. skills of 

employees from different background to communicate and collaborate) and business analytics 

knowledge (i.e. mathematical modeling simulation, etc.). It is important for all employees of the 

organization to have the ability to think analytically about data and also for data scientist to 

understand business problems in order to use relevant data sources to generate insights. It also 

important for companies to acquire the necessary talent (data scientist, big data engineers, 

architects).  (Mikalef et al., 2017)   

As data-driven culture, governance and human skills were not investigated and represent a 

limitation of this study, the information provided regarding these resources is still recommended 

to Bosch Thermoteknik AB. In order for the company to develop big data analytics capabilities, it 

is important to implement a data-driven culture, with continues support from top-management and 

collaboration between departments in order to generate insights that could bring value.  

Companies also need to develop a strategy and be clear about how tangible (i.e. increased revenue 

or decreased cost) and/or intangible (i.e. increased customer satisfaction) value can be created from 

big data analytics.  If the company is capable or becomes capable of performing the different types 

of data analytics, then insights could be used to create business value targeting many areas such 

as: business process improvement, customer experience and market enhancement, product and 

service innovation, organization performance improvement and enhance business image and 

reputation (symbolic value).  (Grover et al., 2018) 

Big data as enabler of value creation 

Big data analytics could create value by improving organizational decision making which can be 

accomplished through transparency and access of big data, making the information transparent and 

accessed throughout a company. Providing big (broad) and consistent access to data across the 

organization can facilitate organizational decision making. Accessing the data through the 

dashboard could improve its usability (to make decisions) at a much higher frequency. (Grover et 

al., 2018) It is important that companies that implement big data projects rely on the information 
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obtained from data analytics and not on managerial experience or intuition which is the case for 

many companies (Mikalef et al., 2017). 

Big data analytics could create value by improving the effectiveness, efficiency, and productivity 

of business processes (Grover et al., 2018). Insights obtained through analytics of big data 

consisting of data collected in real time with other data sources would provide a better 

understanding of problems, identifying the root causes and reacting faster to problems. These could 

lead to better negotiation with installers/suppliers of Bosch Thermoteknik AB.  If the installers of 

heat pumps are provided with detailed and reliable information regarding products maintenance 

services, they would spend less time to solve issues and provide better and/or faster services to 

customers and therefore, improving services and customers’ satisfaction. Other benefits that are 

resulting from the increased knowledge is that the cost of services could be reduced and Bosch 

products would be preferred over its competitors. (Grover et al., 2018)  

Through predictive and prescriptive analytics (prediction and optimization mechanisms) events 

could be predicted and actions to be taken could be recommend.  This will not only prevent failure 

from happening in the future but also improve the next generation of products and services and/or 

identify new products and service solutions. (Grover et al., 2018) For example, Bosch 

Thermoteknik AB could predict future failures based on insights from big data analytics and 

provide solution to address them in the development of the next generation of heat pumps.  

Big data analytics allows better segmentation of customers, providing much more precisely 

tailored products or services which could improve customer experience substantially. For example, 

by monitoring customers’ behavior (preference) and use of heat pumps, Bosch Thermoteknik AB 

could produce heat pumps that could satisfy customer needs such as producing a lower output 

device or including only useful features (accessories). These could reduce the price of products or 

make them easier to operate/maintain and therefore, attract new customers and become more 

competitive. (Grover et al., 2018) 

Improving customer satisfaction would also improve the image of the company (brand) in the 

marketplace which is considered an intangible value. The company could be seen as more 

proactive and innovative, working on improving the customer experience by providing innovative 

solutions.  (Grover et al., 2018) The company’s image will enhance customer loyalty (Adenji et 

al., 2015). It is Bosch Thermoteknik AB goal to be perceived as offering high quality products.   

5.3 Maintenance improvement services enabled by big data and analytics  

One of the proactive maintenance goals companies have, is to reduce the overall requirements of 

corrective maintenance which means reacting after the failures occur (Lee et al., 2017). Therefore, 

in order to prevent severe damages or break-down of devices, it is necessary that preventive 

maintenance approaches are implemented. Big data assists organization in moving from reactive 

to proactive maintenance. As previously explained and illustrated in Figure 4, Section 2.7, 

preventive maintenance could be time-based referring to scheduled maintenance regardless of the 

health of the equipment or condition-based which is based on the information collected on 
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condition monitoring, only when an unusual behavior of the product is shown. (Jardine et al., 2006 

& Rødseth & Schjølberg, 2016)  

As shown in Section 4.3.1, the cost of maintenance services are covered by Bosch Thermoteknik 

AB as part of the warranty, although Bosch Thermoteknik does not offer direct services to the end 

customers. Therefore, the company’s goal is to identify how big data can reduce maintenance costs 

and improve maintenance approaches. Results show that as a requirement of the warranty offered 

by Bosch Thermoteknik AB, maintenance services, on the 3rd and 5th year after products’ purchase, 

are performed by installers of the heat pumps. These scheduled services are considered time-based 

preventive maintenance services offered to check for any problems or active alarms. If any issues 

are encountered, the installers identify the root causes, sometimes with assistance from Bosch 

Thermoteknik AB, and address them in order to avoid severe problems in the future.  

Although the time-based maintenance is still a necessary maintenance approach, it is not the best 

preventive approach as it could result in good or well-functioning parts to be replaced too soon or 

other parts to fail before the scheduled maintenance service (Daily & Peterson, 2016). Condition-

based maintenance (CBM) can reduce the unnecessary maintenance actions by showing the actual 

condition of the device (Rødseth & Schjølberg, 2016). 

Diagnostics and prognostics are two important aspects in CBM (Figure 4). Diagnostics deals with 

fault detection, identification and isolation when it occurs. Prognostics deals with fault prediction 

before it occurs, predictive maintenance (Jardine et al., 2006). As shown in the results, diagnostics 

support is provided to customers by Bosch Thermoteknik. A customer’s application for remote 

diagnostics and repair is available for installers and customers.  

CBM consists of three important steps: data acquisition, data processing and maintenance-decision 

making.  The first step, data acquisition, is the process of collecting and storing data to obtain data 

relevant to system health. Collection of data refers to event data meaning data on what happened 

and/or what was done such as installation, breakdown, minor repair, etc. CBM also requires 

collection of condition monitoring data such as vibration data, temperature, pressure, moisture, 

weather, environment, acoustic data, etc. The second step is processing of data which includes 

cleaning and analysis of data or signals collected during the first step for better understanding and 

interpretation of data. Maintenance-decision making represents the third step of CBM which refers 

to recommendation of efficient maintenance policies. (Jardine et al., 2006) Data-driven decision-

making is more beneficial than decision made by management based on their experience (LaVelle 

et al., 2011). 

Bosch Thermoteknik AB collects event data necessary for CBM such as installation, breakdown, 

repair, and other information collected from installers or after sales department. From the 

connected heat pumps, now condition monitoring data from the sensors could also be measured as 

also required for CBM. However, as explained in Section 5.2 more devices should be connected 

in order to collect condition monitoring data. If the number of devices logged increases, then the 

next challenge for the company would be to create capabilities on how to store and process the 
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data in order to provide insights that could benefit decision making and create value. Having the 

capabilities as explained previously in Section 5.2 will enable performance of different big data 

analytics.  

A Maintenance Analytics (MA) concept is proposed as shown in Figure 7 to discover knowledge 

in maintenance with focus on big data and analytics (Karim et al., 2016). The MA concept requires 

a large amount and variety of data sources and could support maintenance decision making. It is 

based on four interconnected timelines phases such as: maintenance descriptive analytics 

(monitoring); maintenance diagnostic analytics; maintenance predictive analytics; and 

maintenance prescriptive analytics. As previously explained these analytics provide insights in 

identifying current or past problems, the root causes, predicting upcoming failure and fault and 

preventing it and providing recommendation of what could be done to assist decision-making. As 

seen from this model, the analytics are interconnected which means that in order for the company 

to perform predictive analytics, data from the previous (descriptive and diagnostics analytics) is 

required, as well as prescriptive analytics requires the data from the diagnostic and predictive 

analytics. (Karim et al., 2016) This model shows that big data is needed to implement predictive 

and prescriptive analytics. 

Figure 7: Maintenance Analytics Concept (Karim et al., 2016) 

Organizations do not need to wait for the product to break or failure to happen. Insights obtained 

through analytics of big data consisting of data collected in real time with other data sources would 

provide a better understanding of problems, identify the root causes, and react faster to problems. 

In the case of Bosch Thermoteknik AB, the insights of big data analytics could result in reduction 

of maintenance services cost which will contribute to the company’s goal of increasing the 

profitability. Bosch Thermoteknik AB could support the installers by providing them with insights 

and tools from big data analytics which could facilitate their maintenance work. Obtaining 

information based upon the condition of the product could results in actions that will avoid failures 

to happen. Reacting faster and identifying the root cause of problems will make the maintenance 
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services more time and cost effective. Only the defective parts materials will be replaced so it is 

more resource efficient. 

Implementing prediction and optimization mechanisms, failures could be predicted and actions to 

be taken could be recommended.  This will not only prevent failure from happening in the future 

but also improve the next generation of products and services and/or identify new products and 

service solutions. (Grover et al., 2018) 

Improving maintenance services and avoiding failure could result in reduction of services 

registered per year and the average cost for a service. For example, installers will be prepared for 

the services by bringing the right components and/or equipment and therefore take less trips to fix 

the same problem and save materials and components. This could reduce maintenance costs for 

Bosch Thermoteknik AB. 

Big data based valuable insights could influence installers’ decisions to choose Bosch 

Thermoteknik AB products over its competitors. This would be the case if Bosch Thermoteknik 

AB develops big data analytics capabilities that are proprietary and make them difficult to imitate 

by the competitors (Mikalef et al., 2017). Value is relative to competition, meaning that offering 

better value (better product and related services) than the competition, will help a company to 

create sustainable competitive advantage (Ulaga, 2001). 

Reacting faster and identifying the root cause of problems will make the maintenance services 

more time and cost effective and also provide a better service for customers. Customers could be 

more satisfied with the service and product resulting in better customer satisfaction (Ulaga, 2001). 

Customer satisfaction will improve the image of the company and could also increase the trust of 

customers to share information.  

5.4 Recommendations 
This section will present some important recommendations based upon this thesis findings that 

Bosch Thermoteknik AB should consider if they want to start utilizing big data management and 

analytics in order to create value. Recommendations on requirements to build strong capabilities 

in order to manage and analyze big data and make decision based on the insights provided by big 

data analytics, are also provided.  

 Increase the amount of connected heat pumps to collect real-time data. In the future, all 

devices produced by Bosch Thermoteknik AB should support data logging.   

 Integrate data from connected products with core enterprise business systems such as ERP 

and CRM. Integrate data coming from different sources (internally, externally and 

connected heat pumps). 

 Find ways to store and process vast amount of data in an efficient and interpretable way, 

depending on the company’s needs. A data lake is recommended which enables storage of 
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data in their original formats and creates more possibilities to be used for current needs and 

future undefined needs. 

 Start working and performing analytics of existing data to obtain immediate insights while 

implementing technologies and processes that support more complex analytics such as 

predictive analytics. 

 Implement different data analytics tools such as predictive and prescriptive analytics tools.  

 Implement proactive maintenance approaches based on the condition of the products. Big 

data analytics could enable predictive maintenance which is considered a better preventive 

approach. 

 Implementation of data-driven culture in the whole organization is recommended. Educate 

and/or train employees in the basics of big data and data analytics. Big data will have an 

impact on the whole organization and affect many employees in their daily work. Introduce 

information dashboards for easily shared critical information between departments. 

 Collaboration between departments or a cross-functional team is needed in order to obtain 

useful insights from big data. Reduce the ‘silo’ way of thinking. 

 

 Top-management should support the data-driven culture and any organizational change 

needed.  

 

 Develop a strategy and be clear about how tangible (i.e. increased revenue or decreased 

cost) and/or intangible (i.e. increased customer satisfaction) value coul be created from big 

data analytics. 

 

 Spread awareness and/or train customers (installers) in the basics of big data and the 

benefits of collecting and analyzing big data.  

 

 Communicate to the end customers the purpose the data will be used and all the benefits 

that they will get as a result of  connecting the heat pumps to the interned and sharing 

information with Bosch Thermoteknik AB and installers. This will contribute to the ethic 

issue of big data.  

 

 Recruit talent such as data scientist and architects.  
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6. Conclusion 
 

This chapter presents a summary of the research questions based upon the findings, and overall 

conclusion and future research recommendations.  

 

6.1 Answers to Research Questions 

 

RQ1: How can value be created by collecting and analyzing big data? 

 

Value is created if companies take actions to utilize the insights of big data analytics. To perform 

data analytics, companies need to create capabilities. Creating capabilities requires deploying 

many resources (tangible, intangible, human knowledge and skills). As shown in Section 5.1, 

implementing an appropriate technology infrastructure is recommended, which will enable the 

communication between products and users, integrate data from different sources, serve as a 

platform for data storage and analytics, run applications and tools that manage user authentication 

and secure the product, connectivity and cloud.  Collecting and storing data from different sources 

in their original formats in a data lake allows use of different data analytics tools such as 

descriptive, diagnostics, predictive, and prescriptive analytics (See Section 5.2). These analytics 

tools could reveal deeper insights in comparison with the simpler analytics of individual product 

data.  

Except for the recommended technical aspects, other resources are required such as implementing 

data-driven culture in the whole organization, top-management support, collaboration between 

departments, and hiring experts, as shown in Section 5.2. With the right capabilities, big data 

analytics could provide useful insights to create business value. As discussed in Section 5.2, big 

data analytics could create value by improving organizational decision making which can be 

accomplished through transparency and access of big data, making the information transparent and 

accessed throughout the company. Insights obtained through analytics of big data would provide 

a better understanding of problems, identifying the root causes and reacting faster to problems. 

Through prediction and optimization mechanisms, some failures could be prevented from 

happening and some failures could be predicted in the future, which could provide information in 

finding solutions or improvements for the products or services. Big data analytics allow better 

segmentation of customers, providing much more precisely tailored products or services which 

could improve customer experience. Improving customer satisfaction would also improve the 

image of the company in the marketplace.  

Big data is associated with a lot of challenges which could vary from case to case. Challenges that 

could include: 1) Big data characteristics, whether the data is sufficient and reliable. 2) Big data 

processes, what sources of data are needed, how to integrate, store, clean and analyze them.   
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3) Management of data concerning security, ethics, privacy, and data governance. As in the case 

of Bosch Thermoteknik AB, sharing customer information represents a big obstacle. This thesis 

presented how to overcome some of the challenges. (See Section 2.6 & 5.1, 5.2) 

RQ2: How can big data be utilized to improve maintenance approaches? 

Many companies’ goal is to reduce the overall requirements of corrective maintenance which 

refers to reacting after the failures occur. As reactive approaches result in high maintenance costs, 

more proactive maintenance approaches are required to be implemented. (See Section 2.7.1 & 5.3) 

Big data analytics could provide knowledge on how to identify the root causes of problems faster, 

prevent and predict future failures, perform services and make decisions based on the condition of 

the products. Obtaining these insights from big data analytics, requires companies to create 

capabilities to perform big data analytics, as shown in Section 5.2. This includes collecting a large 

amount of data coming from different source (event and condition-monitoring data), building the 

technology infrastructure, implementing tools to store and process the data, and managing the data.  

In the case of Bosch Thermoteknik, collecting big data and performing big data analytics generate 

insights that could result in gaining many benefits. As shown in Section 5.3, benefits of the 

introduction of big data analytics would for example be enabling measures to reduce maintenance 

costs. During development of new products, insights from big data analytics could improve the 

quality of the products in an early stage before market launch and/or provide solutions for new 

products and services. By sharing results of the big data analytics with the installers, leading to 

faster and easier maintenance work, could lead to a competitive advantage where installers are 

choosing Bosch products over its competitors.  

6.2 Overall conclusion 

This thesis showed that great insights could be obtained through big data collection and analytics. 

Improving the customer experience, innovation of products and services, improving the 

organization performance, and improving business image and reputation are some of the identified 

value created from big data analytics. Insights obtained through analytics of big data could prevent 

and predict failures in the future and react faster to problems. This could result in the overall 

improvement of maintenance approaches, products and services. 

6.3 Suggestions for further research 

The case study’s empirical results were based on the interviews performed internally in the 

company. A future study (single or multi-case study) is recommended where customers are 

interviewed regarding their knowledge and view on big data as well as the values or benefits they 

are expecting from big data. In addition, what type and amount of information they are willing to 

share with the suppliers and/or manufacturers, as well as understand the reasons why they are not 

willing to share any information (i.e. Is it because they are not fully aware the use of it by 

companies? Or could it be that they see a lot of risks?). This could result in assisting many 

companies working with big data to target specific values that would satisfy their customers. 

Companies could also deploy resources and develop capabilities to perform big data analytics 
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based on these targeted values. In addition, it could also provide reliable information and insights 

on how to address the challenges regarding privacy, security, and ethical aspects. 

Overall, more case study research should be carried out regarding the big data topic, as this could 

be considered a way of spreading awareness among successful companies which are interested to 

invest and implement big data analytics within their organizations.   
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Appendix I – Interview Template 
 

Interview Form 

 

Interview Aim:  

Identify potential values which could be obtained by understanding and analyzing big data 

collected - Obtaining information regarding big data, maintenance services, failure modes, and 

heat pump 

RQ1: How can value be created by collecting and analyzing big data? 

RQ2:  How can big data be utilized to improve maintenance approaches? 

 

People/department to interview: 

 Research & Development (R&D) 

 After Sales (ASA - 2nd and 3rd level support) 

 Quality Material Management  

 Engineering Product Quality 

 Project Management  

 Product Management 

Questions regarding big data 

1. When did Bosch start to log data from connected heat pumps?  

2. How many appliances/heat pumps are currently connected? (Also future goal?) 

3. What types of data is collected? 

4. How often (i.e., velocity)? 

5. How did you decide on what data are needed to be collected and analyzed? 

6. Who uses the data collected?  

7. And how? 

8. What information, knowledge, and value is expected to be obtained from using the data? 

9. What new activities (e.g., condition-based maintenance) could be considered from using 

the data? 

10. What new (non-free of charge) business offerings could be considered from using the data? 

11. What are some issues noticed and realized while looking and/or using the data? 

12. How uncertain is the information provided by the data collected? (i.e., veracity) 

13. Is the information provided by the data collected sufficient? What other information would 

you need  (what other parameters are needed) 

14. How could the data be used to support i.e. service support team, designers? 



 

15. How could the data support you better in your daily work? What improvements would you 

recommend? 

16. What data could be collected in the future? 

Questions regarding failure modes and maintenance  

17. What kind of maintenance activities do you perform? 

18. Which are the most frequent failures?  

19. Can you categorize the failure modes regarding functioning/malfunctioning in advance     

(non-critical to critical)?  

20. Can these failures be predicted (predictive) in the near future? If so, how (what are the 

symptoms?  

21. What can be measured to capture the symptoms? 

22. What can be controlled to prevent the failures?  

23. How long in advance can failures be known? 

24. What failures should be addressed or avoided if condition-based maintenance is 

implemented? 

25. What should be done to predict and/or prevent each failure? 

Questions regarding product (heat pump) 

26. What are the important heat pumps’ components for their expected function? 

27. What are the important heat pumps’ components that would benefit from monitoring? 

28. What are the important monitoring parameters for the expected function? 

29. What are some of the heat pumps’ components that are important to be proactively 

maintained? 

30. What were the changes done to the product design in order to collect data? 

 

 


