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Abstract 

The Internet of Things is increasingly becoming an essential factor for 

organisational success. This study focuses on a micro level perspective how sensor-

based IoT systems address process information requirements in organisations. The 

study encompasses three different cases were IoT-based systems were implemented 

and what the automational, informational and transformational effects have been 

on their processes. To gauge these effects, we have used a framework for assessing 

the business value of the IoT implementations. Moreover, we have used a 

framework for generating digital options to address the information requirements 

in processes. The purpose of the study is to measure the effects on business 

processes, how actors explore innovation opportunities enabled by IoT and how 

sensor-based system address information requirements. The results of the study 

identified several complex factors and contribute with practices on how to utilise 

sensor-systems as an enabling technology for continued process innovation.  
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1. Introduction 

The Internet of Things(IoT) signifies a new paradigm in data processing and 

communication. It represents a convergence of different technologies building on the 

existing infrastructure of the internet, it enables everyday objects to connect to the internet 

and with each other (Wortmann & Flüchter, 2015). The global market for IoT is growing 

tremendously, resulting in ever-expanding market opportunities and is expected to have a 

turnover at around 8.9 trillion dollars combined with an estimated 26-100 billion 

connected devices by the year 2020 (Statista, 2017).  

The last couple of years have seen an increased interest in the phenomena as companies, 

organisations and countries all over the world have recognised the need to quickly 

understand IoT to reap the benefits this paradigm proposes to bring to the market 

(Sundmaeker, et al., 2010). Sundmaeker et al. (2010) state in a report that it is of utmost 

importance to understand the phenomena since it will most likely impact society at large. 

As such, IoT may fundamentally change society, and it is imperative for entities at multiple 

levels (society, organisations, individuals) to gain an understanding of it (Sundmaeker, et 

al., 2010). 

Companies and organisations have invested a lot of money into different IT projects 

through the years with mixed results. Still, reports suggest only 1/3 of all IT projects are 

successful (Alter, 2006). One of the reasons for the low success rate is a technocentric 

perspective (Papert, 1990) when initiating an IT project, i.e. the assumption that desired 

results will be achieved just by implementing new technology without careful analysis of 

the processes and activities in the work system (Alter, 2006). In today’s hypercompetitive 

market the demands on a company are higher than ever if they want to be successful and 

become a major player in their market (Overby, et al., 2006). Companies must be 

responsive and agile to changing factors in the market, so they quickly can change and 

adapt to the new demands.  

When over 90% of companies asked in America say that they believe that IoT will be 

essential to the success of their business in the coming years (Forbes Insight, 2017), the 

importance of research in the area becomes apparent. Organisations of the world are 

currently exploring IoT, but there is not a clear understanding of why one chooses to 

implement IoT (Forbes Insight, 2017). Currently, there are significant uncertainties when 

companies choose to engage in IoT because it is very complicated. Lack of standards, 

lacking understanding of technology, security issues are all sizeable problems hindering 

development (Forbes Insight, 2017). A majority of companies feel uncertain which kind of 

IoT-sensors or likewise will collect the data they need, this results in a discrepancy in what 

companies need and what they get with regards to data and information (Forbes Insight, 

2017). In this thesis, we argue that this uncertainty can be mitigated through careful 

analysis of the information required to carry out activities in processes, and how IoT can 

support such information processing. To this end, we draw on theory on information 

processing and digital options afforded by IT (Sandberg, et al., 2014). We analyze the 

design of three service designs leveraging IoT for providing process support. Furthermore, 

we evaluate the effects of different IoT implementations by measuring automational, 

informational and transformational effects (Mooney, 1995).  

We have been involved extensively in two IoT-projects in our immediate environment 

and have seen these issues regarding information requirements and process analysis arise 
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throughout both. Because of this, we feel that there is an absolute need to understand both 

the working environment and the technology at hand. Most studies thus far have focused 

either on the technical or business side of IoT (Forbes Insight, 2017), we argue that there 

is a need to understand both aspects if one is to be successful. Since in most cases there is 

going to be humans interacting with the technology in their daily work life, we also argue 

that it is of great importance to understand the duality of technology and social activity. We 

have therefore focused on a micro-level perspective by investigating how IoT solutions 

affect work practices in three contexts.  

1.1. Purpose of study 

This study seeks to examine the effects of implementing sensor-based systems in 

organisations, i.e. how the implementation effects the process and value chain. This study 

will be limited to three separate case studies where sensor-based systems have been both 

designed and implemented in the organisations. The results of said case studies will be 

examined to find possible common denominators from the different contexts. Specifically, 

we explore the following the research questions, which are as follows  

• How do actors explore the innovation opportunities enabled through IoT 

capabilities? 

• How do sensor-based system address information requirements in business 

processes?  

• How do sensor-based systems generate informational, automational and 

transformational effects in organisations? 

 

2. Related research 

2.1. Internet of Things 

The Internet of Things or IoT for short is as stated in the introduction a new paradigm in 

data and communication. It represents a convergence of existing technologies as the cost 

of production, size of processors, battery life and broadband bandwidth have become cheap 

and sophisticated enough to allow for everyday objects and things to connect to the internet 

(Wortmann & Flüchter, 2015). It is not a new technology per se as it builds on the already 

existing infrastructure of the internet, Wortmann & Flüchter (2015, p. 1) describes IoT as  

 

“[…] a global infrastructure for the Information Society, enabling advanced services by 

interconnecting (physical and virtual) things based on, existing and evolving, interoperable 

information and communication technologies”. 

 

The term IoT was coined at around 2003 at MIT Auto-ID Center in USA where they were 

working with radiofrequency identification(RFID) and at the time were convinced that 

RFID was the new paradigm in machine-to-machine communication (Sundmaeker, et al., 

2010). However, the new paradigm proved short-lived as RFID became enveloped into the 

term IoT as just one aspect of a plethora of technologies (Sundmaeker, et al., 2010). IoT 

today has evolved into an ecosystem of possible objects or things to connect to the internet 

where basically anything that has an on and off switch can be connected. Smartphones, 
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dishwashers, cars and audio speakers are examples of the objects of IoT thus far and 

illustrate how the new paradigm offers opportunities for humanity to monitor and digitise 

the new world (Sundmaeker, et al., 2010).  

This possibility to monitor our environment and the real world offers opportunities for 

data collection and knowledge creation on a scale never seen before (Sundmaeker, et al., 

2010). Combined with an expected battery life of several decades for many sensors, it allows 

for data collection and monitoring around the clock, all year round. Sensors like this are 

making headway around the world with the emergence of smart cities, i.e. cities that are 

connected and efficient using data collection to manage its resources and serve its citizens 

in the best possible way (Sundmaeker, et al., 2010).  

This aspect is also one of the aspects that separate the IoT paradigm from the earlier IT 

revolution, IoT refers to connecting the disparate parts of the IT infrastructure and is more 

informational by nature i.e. sensor collect information first and foremost, making them 

more informative than earlier alternatives. As with the early days of IT, the goal was often 

to automate manual labour with the help of ICT; the IoT paradigm brings a more 

informative aspect to the automation as the new smart “things” monitor their working 

environment more accurate than ever before (Wortmann & Flüchter, 2015). These sensors 

can measure a wide array of values, ranging from chemical composition, decibel, 

movement, moisture and more. In this study, we have utilised three types of sensors; this 

has been in collaboration with a local company in our immediate environment that builds 

and sells IoT sensors. These sensors operate on LoRa technology; this will be covered in a 

section after this. 

2.1.1. Internet of Things in business processes 

IoT is argued to have great potential to create value in the process chain in an enterprise 

(Haller, et al., 2008). Current research on IoT in the process chain argues that IoT should 

and must be viewed as a business process resource and to be used integrally within the 

process chain (Meyer, et al., 2013). This can be seen a counterpoint to the issues 

organisations have had with the emergence of ICT throughout the 20th century and the 

lacklustre results many of the IT projects have had (Alter, 2006). Those problems are 

rooted in the belief that technology solves the issues in the organisation. The argument is 

that an IT system should be viewed as a resource for the solution and not the solution itself 

(Alter, 2006, Meyer et al., 2013).  

IoT is also argued to have a decentralising effect on the value chain in business as parts 

of the value chain become connected and “aware”. This means, that as the parts of the value 

chain become interconnected, they can communicate more accurately without necessarily 

being at the same place or in the same part of the value chain (Haller, et al., 2008). As the 

value chain becomes decentralised the decision-making rights are moved to the individual 

components in the chain, and the different parts become more independent, arguably 

creating a more efficient and streamlined process chain throughout (Haller, et al., 2008). 

As figure 1 shows the decentralisation effect on a value chain, Haller, et al. (2008) argue 

that information is created and distributed locally, and the smart devices become active 

participants in the value creation process. Figure 1 depicts how by implementing IoT 

devices in the process chain. The value creation is moved from central, back-end oriented 

decisions and actions, to a more decentralised chain where decisions and actions are taken 



 

7 

 

by the devices and machines acting within one specific process of the chain (Haller, et al., 

2008). 

 

Figure 1, decentralisation of a business process chain (Haller, et al., 2008, p. 17) 

We agree with the current research on this topic and argue that IoT needs to be a resource 

used and integrated into the process chain. However, we see that there has been much 

theorising in the research thus far and we would, therefore, add to the current research by 

enacting these principles in real-world implementations. Doing so with the intention of 

showing real-world scenarios with the technology in place, we argue that the current body 

of research will benefit by seeing how these types of projects are realised in a real-world 

context. 

2.2 A framework for analysing process effects with IoT and 
IoT capability 

In this study, we have chosen to utilise and combine two different theoretical frameworks. 

The first of these is a framework developed by Sandberg et al. (2014) to identify what digital 

options are available to organisations and what information requirements different 

processes have. The second framework is intended to measure the effects the chosen 

solution has on the processes where implementation have occurred and was developed by 

Mooney (1995) 

2.2.1 Information requirements 

Information requirements are used to identify what digital options there are for a specific 

business process (Sandberg, et al., 2014). This is grounded in earlier research, but Sandberg 

et al. (2014) further develop the concept of a specific tasks requirements about uncertainty 

and equivocality by adding connectivity to modernise the theory. We would extend the 

framework by using the information requirements in an IoT context where the three 

aspects are altered to fit better with the purpose of the study. 

The information requirements are the first step for our implementations where the 

framework is used to map if and how IoT can support or transform a business process. This, 

in turn, will generate the digital options available to organisations (Sandberg, et al., 2014). 

To identify information requirements there are, as mentioned before, three aspects to 

consider and analyse, these will now be described individually. 
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Connectivity 

Connectivity relates to the informational dependencies between processes and systems 

within an organisation, i.e. the need for information sharing across boundaries in an 

organisation (Sandberg, et al., 2014). By examining the connectivity needs, two things 

become apparent, the first of this is if the process or system requires information or 

knowledge that is located elsewhere in the organisation. If this is the case, then the 

connectivity need is regarded as high, and the focus for managers should be to remove 

barriers, be them technical or social barriers and try to increase Reach (Sandberg, et al., 

2014). Sandberg et al. (2014, p. 427) refer to reach as “the number information sources that 

can be accessed during task execution” i.e. how much information a process can access 

when it executes. 

On the other hand, information requirements may have low connectivity, i.e. when a 

process can efficiently collect the information it needs from appropriate sources without 

any boundaries interfering (Sandberg, et al., 2014). This means that the process has little 

need for information sharing or that appropriate action has been taken to ensure easy 

information sharing. When the connectivity need is low, Sandberg et al. (2014) argue that 

it then can be relevant to explore increases in Richness which refers to “the number of data 

points available regarding a given object during task execution” (Sandberg, et al., 2014, p. 

428). This means that instead of reach characteristics, the process should be enhancing the 

information it already has access to. 

Uncertainty 

The requirements related to uncertainty refer to the availability and accuracy of 

information needed for actors to execute their task within an organisation (Sandberg, et 

al., 2014). Uncertainty requirements can be addressed by continually balancing 

information production and information consumption, as argued by Sandberg et al. (2014). 

Information production occurs when actors generate new information based on stimuli in 

the process and its environment (Sandberg, et al., 2014). Information consumption turns 

the existing and available information into business process actions (Sandberg, et al., 

2014). If the information requirements are high in uncertainty, i.e. the current information 

is inaccurate, unreliable or insufficient, organisations should use their options to increase 

production of information as they should not want to consume inaccurate or unreliable 

information (Sandberg, et al., 2014). When uncertainty requirements are low, 

organisations can instead focus on consumption of information. If the information is 

reliable, and available options for consumption emerge, this can drive an organisation to 

make better data-driven results or have better insights into their key performance 

indicators (Sandberg, et al., 2014). 

Equivocality 

Equivocality requirements refer to confusion and lack of mutual understanding when 

executing a task, or the level of complexity and ambiguity in said tasks information 

processing (Sandberg, et al., 2014). This means that when a task is to be executed, there 

may be a need for enough mutual understanding between actors or processes, as they may 

have to rely on contextual knowledge. Conversely, there can be situations where actors or 

processes can rely on their codified knowledge and routines. If information requirements 

are high in equivocality, then the situation or task context is unknown for the involved 

parties. A good Relationship characterises success in these situations; there needs to be a 
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high level of understanding and trust within the system and in the systems supporting 

situational knowledge and contexts (Sandberg, et al., 2014). If the requirements are low, 

however, then the characteristics are based on Encounters where standardised protocols 

and workflows are utilised (Sandberg, et al., 2014). If there is little need to know much 

about the background and the situation relies mostly on the codified knowledge that follows 

a regular pattern, the equivocality is low. 

We argue that this framework provides a well-anchored conceptualisation to analyse 

and evaluate the different cases presented further down in the paper. We have encountered 

these requirements throughout the IoT projects and therefore feel it adequate to use in the 

context of this research. Sandberg et al. (2014) use the framework to assess digital options 

for investments in IT, we would use it in the more contemporary context of IoT to analyse 

what needs a process might have that can be supported by implementing an IoT solution.  

2.2.2 Digital options 

The digital options are potential investments enabled by existing IT and IoT capabilities 

that address relevant business opportunities (Sandberg, et al., 2014). Sandberg, et al (2014) 

distinguish between digital options as available, actionable and realized. The digital 

options are unknown to an organisation before engaging in a process improvement effort, 

they are then made available through analysis of information requirements and the desired 

characteristics (Sandberg, et al., 2014). Then they may be examined more thoroughly to 

sort out actionable digital options from the available options. Lastly, if a decision is made 

to invest in a proposed IoT capability the digital options is activated and becomes realized 

(Sandberg, et al., 2014). 

2.2.3 IoT capabilities in organisations 

Sandberg et al. (2014) refer to the organisation’s IT capabilities as a firm’s previous 

investments in IT resources, such as technology or IT competence. We use the concept and 

expand upon it to fit the field of IoT and thereby call them IoT capabilities instead. What 

this means then, is that IoT capabilities reflect an organisation's previous investment in IoT 

resources, be it infrastructure, technology or knowledge. Furthermore, as IoT-based 

systems are a part of ICT, the already existing IT infrastructure in an organisation can be 

used in conjunction with an intended IoT implementation.  

The aforementioned information requirements then reflect which digital options are 

most viable for an organisation exploring the idea of implementing IoT in the business. 

Table 1 shows both information requirements, their corresponding digital options and 

examples of IoT capabilities that reflect the requirement characteristic. This table was first 

formalised by Sandberg et al. (2014), but for this study, we have altered it with IoT 

capabilities instead of IT. 
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Information 
Requirement 

Corresponding digital 
option characteristic 

Example of IoT 
capability investment 
generating the 
characteristic  

 
Connectivity: extent to which 
information must be shared 
across several entities and hence 
the gap between the existing and 
required access to relevant 
information sources in other 
tasks and entities             

 
 

High 

Reach: the number of 
information sources that 
can be accessed through 
IoT during task 
execution 

Open data sharing of sensor 
data between organisational 
departments, generating easy 
access to new information 

 
 

Low 

Richness: the number 
of data points available 
through IoT about a 
given object during task 
execution 

Flow sensors generating exact 
measurements of waste flow in 
a waste management facility 

 
 

 
Uncertainty: availability and 
reliability of information needed 
to execute the task 

 
High 

Production: the extent 
to which IoT supports 
the creation of 
information from 
stimuli 

Multiple sensor measuring soil 
and crop health in modern 
agriculture 

 
Low 

Consumption: the 
extent to which IoT 
support translation of 
information into action 
taken 

Heatmaps showing movement 
patterns of visitors in a public 
building 

 
 
 

 
 
 
Equivocality: complexity and 
ambiguity in a tasks information 
processing 

 
 
 

High 

Relationship: extent 
to which IoT supports 
contextual 
consideration and 
development of trust by 
adaptation and sharing 
of information across 
subsequent episodes 

Correct analysis of contextual 
environment with the 
implementation of sensors that 
measure the exact values 
needed for the task 

 
 
 

Low 
 

Encounter: IoT based 
on a standardised 
approach without 
variation across 
customers; limited 
regarding time and 
flexibility but efficient 
due to uniformity   

Photoelectric sensors 
measuring visitors entering and 
leaving a facility from a 
permanently fixed position  

Table 1, Sandberg, et al. (2014) framework extended for IoT 

2.3 Framework for measuring effects of IoT on processes 

We draw on Mooney’s (1995) framework for assessing the business value of IT. Sensors 

collect a limited range of data in a particular environment which in turn supports business 

processes. Business performance is best measured from the performance of its processes, 

(Ray et al. 2004 and Mooney, 1995). Therefore, we conclude that examining sensor 

implementation impact is most efficiently done in the context of the processes which they 

intend to support. In this study, we analyse the automational, transformational and 

informational effects of the IT-systems designed for each case, which are classifications 

derived from Mooney’s process-oriented framework (Mooney, 1995) and have been used 

in similar studies (Stenmark & Jadaan, 2010). 
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 IT impact on business value  

 Automational Informational Transformational 

Operation    

Management    
Table 2, Mooney's (1995) framework 

The automational dimension relates to how sensors data collection can substitute manual 

labour (Mooney, 1995). Different kind of sensors can continuously collect data which are 

to support or initiate processes. Automational effects on business value are gained through 

aspects such as improved customer service, increased productivity and a more efficient 

labour distribution (Stenmark & Jadaan, 2010).  

Informational effects are those that are caused by IT-enabled collection, storage, 

processing and spread of information acquired from the sensors (Mooney, 1995). Case 

studies of RFID implementations have shown to create business value from improved 

resource management and reduced manual labour (Stenmark & Jadaan, 2010). 

The transformational dimension affects aids and supports process innovation and 

transformation (Mooney, 1995). Sensor data may support and improve existing processes 

but may also be utilised for business innovation. Data acquired to support a specific process 

chain can be used in combination with other aspects of the organisations' knowledge base 

to innovate the business (Stenmark & Jadaan, 2010).   

2.3.1 Existing research using Mooney’s framework 

Research using Mooney’s framework has been conducted and albeit a little dated, these 

studies have had a similar focus on how we propose using it. Visich, et al. (2009) conducted 

a grand study where they examined 55 different business processes that were altered using 

RFID technology and then mapped the results to the framework. The study primarily 

focused on Wal-Mart in the USA that decided to implement automatic re-stocking and 

ordering of goods in their stores using RFID sensors. As Wal-Mart is a large business that 

employs thousands of people, they require an extensive inventory that before the test was 

estimated at a value of 20 billion dollars (Visich, et al., 2009). With 75% of the 

responsibility of ordering and restocking resting at the store level and an average out-of-

stock in store shelves at 8.5%, losses were being made due to store employees not being 

quick enough to make orders and restock. 

After the implementation of an RFID based ordering system that affected the entire 

process chain with the two primary objectives of reducing inventory and out-of-stock 

merchandise Wal-Mart were able to free up 12-14 billion dollars of the 20 billion that was 

previously locked up in inventory (Visich, et al., 2009). The effects were then measured 

using Mooney’s (1995) framework and could show some improvements with regards to 

automational, informational and transformational effects on the process chain (Visich, et 

al., 2009). Some of the findings of the tests are listed below: 

• Labour cost 

o Production employees reduced from 20 to 12 with no change in production 

volume 

• Efficiency 



 

12 

 

o Retail shelf inventory replenishment three times faster 

• Inventory cost 

o Warehouse inventory reduced by 50 percent 

These are some of the automational effects the RFID implementation had on Wal-Marts 

process chain (Visich, et al., 2009). There were also significant informational effects seen, 

some examples are: 

• Utilisation 

o Reusable container purchasing cost reduced by 4 million pounds per year 

• Responsiveness 

o Supply chain response time reduced from seven to five days 

Moreover, there were transformational effects as a result of the first two effects. This 

meant that Wal-Mart could innovate and reimagine processes within their process chain 

(Visich, et al., 2009), some examples of the transformational effects that took place are:  

• Production cycle time reduced from 88 to 46 minutes 

• Parts replenishment process redesign freed up 50 percent more floor space to the 

manufacturing line which along with efficiency improvements from RFID to boost 

production from 175,000 units annually to 275,000 (57 percent capacity increase) 

without expanding the facility and with a reduced workforce 

Visich et al. (2009) show through the usage of Mooney’s (1995) framework the gains Wal-

Mart could achieve through implementation of RFID sensors in their stores, production 

plants, warehouses and logistical unit.  

Furthermore, Daniel-Lee et al. (2004) propose using Mooney’s (1995) framework in a 

broader perspective by utilising it in a new framework that has a two-level perspective for 

organisations IT capability. This proposed framework is quite extensive as it suggests using 

not only the process view from Mooney (1995) but also a resource view and capability view 

to explain the role of organisational IT (Daniel-Lee, et al., 2004). The authors themselves 

argue that this framework is conceptual as it has yet to be tried in a real-world environment 

and therefore are unable to make any hard claims. However they argue that a more holistic 

view is needed than Mooney (1995) provides on its own (Daniel-Lee, et al., 2004).  

We argue that for this thesis and the research we have conducted, the framework helps 

our study as it provides the conceptualisation needed to identify the effects we have seen in 

our research (Mooney, 1995). The automational, informational and transformational 

effects cover a broad range of effects that IT and in our case IoT can have when 

implemented in an organisation. Lastly, we have seen that the research done using 

Mooney’s (1995) framework is quite dated with ICT standards as the field develops in a 

rapid pace and we argue that the framework is extensive and relevant enough by today’s 

standards to suffice for the needs of this paper.  

3. Research method 

This chapter describes our method of choice and its limitations when investigating the 

research questions. It also describes the technology involved and our iterative approach to 

data collection and analysis.  

3.1 Multiple cases 
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For this paper we conducted a multiple case study consisting of three cases where sensor-

based IoT-systems, collecting and visualising data, were designed and implemented to 

support different process chains in organisations currently experimenting with digitising 

aspects of their operations; and investigated the systems effects using qualitative methods. 

We chose the cases based on an analysis of two different research sites. The classification 

for inclusion was that the case should present one or several concrete problems in a process 

chains where sensor-based technology could be a solution. These problems could either be 

a lack of ability in performing activities which could be enabled by the technology or 

addressing problems currently present in an organisation.  

Case studies are a preferred strategy when research questions related to “how” and 

“why” are posed (Yin, 2003), and multiple case-studies when the logic of the study is to 

“produce contrasting results but for predictable reasons” (Yin, 2003, p. 47). We argue that 

this makes a case-study approach viable for this study with regards to the framing and 

research questions stated earlier. By evaluating this innovation process through multiple 

cases, we intend to generate general findings and propose practices which could be built 

upon in further research.  The cases were chosen for where conditions are such that a 

sensor-based solution could be implemented to generate specific sets of data that have 

potential importance in the organizational work processes. This has encompassed areas 

such as motion activity to prioritise cleaning, measuring water temperature and displaying 

air temperature in ski tracks.  

Each case’s process chain was broken down into sub-processes depending on what type 

of activities and the complexity of the tasks performed. We then mounted sensors at each 

research site to collect data and designed IT-artefacts with the purpose of solving specific 

problems related to the sub-process. An IT-artefact is defined as “A man-made piece of 

technology with some information-processing and mediating capabilities.” (IGI-Global, 

2018), which in this context is a part of the software functionality we developed for the 

systems, e.g. a graph displaying the collected data. The effectiveness of these systems was 

analysed in the context of what type of value and effects the data generated when 

innovating operational and management processes of the chosen organisations. 

A process is “a structured, measured set of activities designed to produce a specified 

output for a particular customer or market” (Davenport, 1993, p. 5) and a term that can be 

classified into two different categories; operational processes and management processes 

(Mooney, 1995). Operational processes are the set of activities an organisation performs to 

produce something that generates value and is referred to as an organisation’s primary 

activities (Mooney, 1995). Management processes are related to streamlining and 

improving the efficiency of an organisation's primary set of activities such as coordinating 

and handling different information (Mooney, 1995). Process innovation in this context 

refers to the practice of analysing an organisation’s processes and redesigning them using 

innovative technology to improve performance and support the processes (Davenport, 

1993). In this case, that innovative technology is LoRa-sensors, which is a low-cost 

technology to enable remote monitoring and controlling of different aspects of a process, 

and the IT-artefacts of the software designed to visualise or manipulate the data generated 

by the sensors.  
 

Organisation Process Chain 
Sub-Process 

Sensor-type, Placement, IT-artefact 
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Ski Club 1. Communicate ski track 
conditions (to optimise ski 
waxing) 

Measure air temperature 
Communicate temperature  
 

1. 2 ELT-1 with an external 
antenna, beginning of ski track & 
hill, tables displaying temperature 
data on the website 

Public 
swimming pool 

1. Assess usage of facilities 
Measure activity in different areas of the 
bathhouse 

2. Communicate pool 
temperature 

Measure pool temperature 
Communicate pool temperature 

3. Optimize heating 
Measure pool temperature 
Analyse heat cycle 

4. Document pool water quality 
Measure pool temperature 
Measure level of chlorine 
Measure pH value 
Note and catalogue measured values 

1. 4 ERS, cafeteria, entrance, dressing 
rooms (male & female), Tables and 
graphs displaying motion on website 

2. 1 ELT-1 with an external 
antenna, bottom of the pool, a graph 
displaying temperature data, 
dashboard displaying current 
temperature on website and screen at 
the research site  

3. 1 ELT-1 with an external 
antenna, bottom of the pool, a graph 
displaying temperature data, 

4. 1 ELT-1 with an external 
antenna, bottom of the pool, 
automatically noted and catalogued 
data accessible through tables on the 
website 

Cleaning 
company 

1. Prioritize cleaning after the 
weekend 

Measure activity in classrooms 
Evaluate cleaning need (floor, ceiling, 
tables, whiteboard & waste bin) 
Set prioritisation-order of classrooms 
depending on cleaning need 

2. Asses if the classroom is vacant 
and cleanable 

Collect data on current activity 
3. Compare bookings of 

classrooms to actual usage  
Collect historical data on the activity of 
bookable classrooms 
Compare the historical data with the 
information in the electronic booking 
system 

4. Assess cleaning need for toilets 
and level of consumables 

Collect data on toilet usage 
Approximate refill needs of consumables 

 
 

  

1. 13 ERS, classrooms in the university 
building, activity bars showing 
accumulated motion data and last 
cleaning date displayed in a web 
application, graphs showing 
historical data of motion in a web 
application,  

2. 13 ERS, classrooms in the university 
building, a two-colour icon 
displaying information about 
vacancy last 10 minutes 

3. 13 ERS, classrooms in the university 
building, graphs and tables 
displaying historical data on activity 
in classrooms 

4. 24 ESM5K, bathroom doors in the 
university building, activity bars 
showing the accumulated movement 
of the door to show toilet usage  

Table 3, Overview of featured cases 

 

3.2 Research sites and sensor technology 

Sensor technology is based on the principle that a connection to the internet is needed to 

deliver data. The sensors used in the project are based on LoRa technology, and a specific 

type of gateway needs to be in place to deliver the connection to the sensors. These gateways 

are called base-stations they are preferably mounted as high up as possible to minimise 

disruption by radio signals on ground level. Because of lacking infrastructure in the 

northern municipality, we were tasked to mount two base-stations; this implementation 
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took place in September 2017. One of these base-stations was installed on the highest peak 

in the town, which is a water tower, the other one on the roof of the local secondary school.  

We also installed a base-station in the city of Umeå where the cleaning company project 

took place to further the existing coverage and guarantee uptime. Figure 2 depicts one of 

these base-stations being mounted by the authors on the school roof in the municipality. 

 

Figure 2, Installing a base-station 

The base-stations have guaranteed coverage of a 3 km radius around, however, depending 

on disruption and quality of air it may be larger than that (LoRa-alliance , 2015). The base-

stations can either operate on GSM or with an ethernet cable, this is circumstantial and 

depends on what infrastructure is placed around the base station. In the municipality, the 

base-stations needed to operate on GSM as there were no ethernet connections close 

enough. 

3.2.1 LoRa & LoRaWAN 

LoRa stands for Long Range and is the physical layer utilised to create long-range 

communication links. LoRa is based on chirp spread spectrum modulation, this technique 

uses its entire spectrum of bandwidth and is therefore very resistant to channel noise 

(LoRa-alliance , 2015). The technology was developed and used by the military and space 

industry for decades due to its long range, low power and resistance to interference. 

However, LoRa is the first low-cost implementation aimed at commercial use (LoRa-

alliance , 2015).  
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LoRaWAN is based on Low Power, Wide-Area Networks or LPWAN for short, and 

defines the communication protocol and system architecture for the network. LoRaWAN 

has the most influence on battery times for nodes, network capacity, security and quality 

of service (LoRa-alliance , 2015). LoRaWAN offers battery time of many years, and it is 

explicitly designed for sensors and applications that need to send small amounts of data 

over long distances at different time intervals, making it ideal for IoT sensors applications 

(LoRa-alliance , 2015).  

However, as IoT is still a new phenomenon and standards are currently lacking, other 

technologies are competing to become the business standard. Both Wi-Fi and Bluetooth 

are standards that function very well in urban areas with good connectivity; cellular 

networks are also suitable as they provide high data throughput, but those sensors or 

gadgets often need a power source (LoRa-alliance , 2015). In likeness with LoRa, several 

LPWAN networks are emerging as competitors; examples are Sigfox and Narrowband IoT 

that operate in the same way (LoRa-alliance , 2015). However, in the context of our study, 

we have exclusively worked with LoRa, and it has been the only technology available for 

serving the needs required by the study. 

 

 

Figure 3, LoRa Network Architecture 

3.2.2 Sensors 

In this study we have used three different types of LoRa-sensors, they measure different 

values but have some similar readings which are; the temperature inside the casing, 

humidity at the sensor and battery-level. The first of these sensors is the ERS which is 

mainly a sensor that measures movement with the help of a passive-infrared sensor (PIR). 

It is used throughout the cases mostly to measure the flow of people in and out of different 

rooms and areas.  

Another type of sensor used in our cases is the ESM5K which is a small accelerometer-

based sensor first developed for use in the heavy production industry. However, it proved 

valuable as a sensor for measuring the movement of doors which in our cases led it to be 

used as an indicator of toilet usage. 

The last sensor-type to be used is the ELT-1, which a multipurpose sensor that has an 

analogue input plug capable of capturing many values. This means that the sensor can be 

combined with a plethora of measurement tools that give an analogue output that can be 

measured. In our study, these sensors were coupled with an external thermometer that was 

used to measure the external temperature around the sensor. 
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3.3 Data collection process  

During this study, we utilise several methods of data collection. We refer to these as 

interviews, meetings, workshops, observations and informal encounters. All interviews 

conducted are semi-structured and consisted of us collecting data from subjects who 

participate in a process chain. We conducted interviews with staff involved in both 

operational and management aspects of the organisation regarding specific work practices. 

Workshops are in this context meetings where we collected data related to our subsequent 

design choices. The data collected during the workshops are related to the problem 

backgrounds posed for each process chain, and regarding the organisational innovation 

processes. We conducted workshops with both operational and management staff. 

Observations refer to an activity where we have studied staff members performing the 

process chains present in the case, as well as documenting areas of interest. The data 

collected from these occasions relate to nuances and details of specific process chains that 

we believe might be missed by merely communicating with the participants. The 

observations have focused on operational processes. Informal encounters are the 

interactions with the organisation where we have performed different tasks or exchanged 

minor pieces of information related to the projects. The purpose of informal encounters 

has not been to change the course of the project but to discuss practical matters related to 

its realisation and us. An example of an informal encounter would be us mounting sensors 

together with representatives of an organisation, feedback from an e-mail conversation or 

a quick exchange of opinion on a practical matter. The point of distinguishing this from the 

other methods of data collection would be to further illustrate our iterative approach, which 

has consisted of multiple interactions during the span of the project, both planned and 

spontaneous.  

The data collection process consisted of an analytical phase where we became 

acquainted with each organisation and collected data regarding the problem background 

of their organisational process chains. An implementation phase where we studied the 

physical environment of the research site, collected data relevant to the practical 

implementation of the system, and an evaluation phase where the data related to the results 

of the system was collected.  

The analytical phase of each case started with us conducting workshops at the research 

site, interviewing and observing representatives from the organisation studied. During 

these occasions, we noted how the representative present the specific problem area and its 

background, their line of thinking on how to solve the problem, and what practical steps 

we had to take, to design a system capable of performing according to the stated 

organisational needs. During this phase, we used the data from the organisations to map 

each sub-process related to the process chain. This data was described and abstracted into 

the form as displayed in table 2 and created more detailed descriptions of the process 

chains using work system snapshots, as described in the work system method (Alter, 2006). 

In the case of the ski club and public swimming pool, this is based on the input generated 

from interviews, workshops and meetings describing the process chain. In the case of the 

cleaning company, the input is based on meetings and observations performed during both 

the analytical phase and the later evaluation phase.  
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The implementation phase initiated after we had established for what process chains to 

design sensor systems. During this phase, we analysed the environment regarding where 

the sensors should be placed to generate the requested data specified by the design 

produced in the analytical phase. It also involved investigating possible infrastructural 

problems that could arise when mounting the sensors such as a lack of coverage from the 

base stations or other technical problems related to the placement of the sensors. 

Depending on the case this type of data collection was either performed singlehandedly by 

us or in conjunction with the organisation studied due to their local knowledge of the 

physical environment. Data related to the placement of temperature sensors in the ski 

tracks is an example of the type of data collected during this phase, where the local ski club, 

in this case, provided us with information on where they currently measure the 

temperature when providing their service.  

During the evaluation phase, we collected data regarding how well the implemented 

sensor-system performed in relation to its intended purpose. In the case of the ski club, this 

data was collected based on feedback from the organisation of the test period through 

interviews and informal encounters after the test was complete. In the swimming pool case, 

the data was collected through meetings with the organisation where we together evaluated 

the resulting data. We also studied the graphs generated by the sensor data and 

documented findings which we found interesting during the test period, without basing it 

on input from the organisation. In the case of the cleaning company, interviews were 

conducted with both the staff performing the process chain studied and the management 

group responsible for the project. During this phase, we also conducted five observations 

where we photographed the areas of interest in the case and later compared this to the 

collected sensor data; this process involved four observations where we photographed 

every classroom containing a sensor and one observation where we photographed the 

bathrooms containing sensors.  

A total of 11 interviews, 12 observations, nine workshops and 55 informal encounters 

were conducted, spanning all three cases in the study during a time frame spanning from 

20th September 2017 to the 29th of Mars 2018. Results of the data collected were noted 

during the data collection occasions and its results summarised. 

 
Case Interviews Observations Workshops Informal 

encounters 
Ski club 2 1 2 9 

Public swimming 
pool 

4 5 2 7 

Cleaning company 5 6 5 39 

Table 3, Summary of data collection 

3.4 Data analysis and limits of our method 

This study mainly aims to identify problems within a context to enable further research, 

which would classify the research as exploratory (Nunamaker, et al., 1990). This is 

accomplished by involving ourselves in the innovation process and studying both the 

effects of the implemented systems and how the organisations have conducted their 
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internal innovation processes during each of the cases. Since the results of each case have 

resulted in one or several IT-artefacts being created to address the problems identified, it 

could also be classified as design-science (Hevner, et al., 2004).  

The purpose of carrying out three separate cases and involving ourselves in all aspects 

throughout the projects, from system design to implementation, has been an effort to 

generate insights that aren’t uncovered when studying already implemented sensor 

systems or only conceptualising a system design. We believe that placing us both in the role 

of an active implementer and at the same time a passive observer of the organisation 

contributes with findings missed in studies focusing on already implemented systems. This 

mainly relates to studying the planning, analysis and dynamics of the preparatory work in 

innovation projects, which is troublesome for many organisations conducting innovation 

work (Alter, 2006). 

 The line of reasoning behind this exploratory approach is derived from Klein & Myers 

(1999) principle of contextualization when conducting interpretative field research. The 

principle states that “a critical reflection of the social and historical background of the 

research setting is required so that the intended audience can see how the current situation 

under investigation emerged” (Klein & Myers, 1999, p. 72). The knowledge generated by 

this added dimension both relate to practical implications when using the systems for 

business innovation and the organisational competence of analysing their processes and 

specifying the requirements for innovating with the systems. All the IoT-systems in this 

study primarily represent a sensor-based solution to a known problem of the organisation, 

with no input from us in validating of how valuable this solution is or will be to the overall 

organisational work system. The point has been to mimic a generic implementer, solving 

the problems presented by the client, and then studying the client’s behaviour and 

innovation processes to contribute with knowledge applicable in further research.  

Due to the explorative nature of our case study and its few participants, the findings of 

our data collection can be considered hard to generalise (Yin, 2003). An important point 

when trying to generalise interpretative research such as ours is the central role of utilising 

established theory to distinguish it from being merely anecdotal (Klein & Myers, 1999). 

During our analysis, we have used the approach of generalising our empirical statements 

to theoretical statements as the output of our generalisation, a process described as 

generalising from description to theory, or ET-generalization (Lee & Baskerville, 2003). 

Two theoretical frameworks are used to generalise the findings around the themes of 

information requirements & IT-capabilities and process effects in the context of 

implementing IoT-systems.  The data analysis was performed in iterations together with 

the organisation throughout the time-frame of the data collection, where the input in the 

analytical phase formed the basis for our description of the information requirements and 

IT-capabilities in each case. The results of the evaluation period (where we tested the 

systems in practice) formed the input for the process effects each system had on the 

corresponding process chain it supported. 

We argue that the limitations of our method mainly concern concluding how 

organisations act when innovating with the technology in our study. Since only two small 

separate research sites are featured, this results in a few numbers of participants 

influencing the outcome of each project and the competence of these people constitutes the 

basis of our analysis. These findings are not generalised around a theoretical framework in 
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the same manner as the findings regarding the research questions of information 

requirements and effects which is a factor also contributing to its lesser generalisability. 

We believe however, that the empirical descriptions contribute as possible indicators of 

problems more generally present within organisations of a similar level of experience and 

competence.  

4. Results - Three cases of sensor implementation 

In this chapter we describe the details of each case featured in this study with regards to its 

research site, problem background, the practical implementation and the resulting effects. 

We conclude the chapter with a general analysis of the automational, informational and 

transformational effects of the systems implemented. 

4.1 Ski club 

4.1.1 Research site 

The ski club featured in this study is a small non-profit run organisation located in a 

municipality in the northern parts of Sweden. It regularly hosts training sessions for the 

youth living in the municipality and arranges around five major competitions yearly. 

Implementation of IT-systems and technology has historically not been a significant 

concern to maintain the organisation’s primary process chains which mainly focuses on 

organising events, generating and maintaining the ski tracks and informing participants of 

details regarding events and the club in general. They do however maintain an updated 

website where information related to their events is displayed. We identified one work 

process with potential, which is why we chose the organisation as one of the research sites. 

4.1.2 Process Chain & Problem background 

Information regarding the conditions of the ski tracks is a service that the organisation 

offers the participants mainly in conjunction with competitions. The critical information 

requested is the air temperature around the ski tracks which is taken into consideration by 

the participants when choosing what type of and how to wax their skis to optimise 

performance. Air temperature is a fundamental starting point for evaluating which type of 

wax is optimal, and readings should be done at several points at a ski track to generate an 

overall insight of the temperature conditions (SWIX SPORT AS, 2015). Other factors 

influencing which type of wax to consider are humidity, snow granulation, and snow 

friction (SWIX SPORT AS, 2015). Data regarding these factors of the area is available 

through other sources, but the point of performing the process is to generate a micro 

perspective and collect data of local temperature variations in the ski tracks which larger 

weather websites fail to collect. Previously, the organisation only collected and 

communicated temperature data. The process was performed manually using a 

thermometer, measuring the air temperature at different points of the track, manually 

noting it, and communicating this by phone to the participants who called and requested 

this data. The previous process of manually collecting the data was time-consuming and 

performed several times running up to the competition date adding up many hours of 

manual labour in the long run and the reason we chose to focus on this problem.  
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Based on this analysis, we conclude that the process chain has information requirements 

that are high in connectivity due to the need of collecting data at several remote places to 

generate an accurate output and high in uncertainty due to the local temperature variations 

requiring a micro perspective to generate useful information in the context of optimising 

waxing. The equivocality of the information requirements is low since there is little 

complexity in interpreting the temperature data in the context.  

4.1.3 Implementation 

To address the information requirements in this case and generate the characteristics of 

increased reach and production, we designed the IT-system with the purpose of automating 

the data collection and visualisation aspect of the process chain. Sensors measuring the air 

temperature were installed at two points at the track. One at the start of the track, and the 

other one at a hill which was known to have a colder temperature. The sensors were 

mounted in the shade of light posts with the position of the sun taken into consideration to 

not have the temperature data influenced by sunlight and measured the temperature in 

thirty-minute intervals. This data was then uploaded to a database and imported into a 

table made visible to the organisation through a web application (see figure 7). The 

organisation informed its members and other potential participants of where this data 

could be accessed through its website and linked to the web application. Since the process 

chain of communicating the ski track conditions is performed when the organisation 

arranges competitions, the system was tested in practice at the first competition after the 

implementation of the IT-system. That date was 17/3 2018.   

 

Figure 4, Rudimental visualisation of temperature data. The column of interest here is the 
"Exttemp". 

4.1.4 Effects 

The system was fully operational with no technical problems during the test phase (17/3 

2018), and its effects evaluated by the input we received from the staff and participants in 

the competition. Overall the system fulfilled its intended purpose and had mostly 

operational effects on the process chain encompassing all three aspects of the framework 

used in this study.  
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“For me, there was a big difference. I usually get up at 05.30 to collect readings of the 

temperature and then update this around every 30 minutes. I did not have to do it this 

time. Usually, people call us as well asking about the temperature in the tracks, and this 

time no one called.” – Staff member, Ski club 

   

The effects described above relates to the automational and informational effects of the 

system. Since the sensors automatically performed the process of collecting temperature 

data during the test phase, we argue that it increases productivity and generates a more 

efficient labour distribution when the staff member is freed up and utilised in other 

processes of the organisation. These effects described by the staff member coincides with 

the characteristics of automational effects (Mooney, 1995). Another effect due to the 

automation of the data collection process is that the task of selecting a staff member to 

perform this process chain is eliminated and the system could in that sense be considered 

as supporting a management process of the organisation (Mooney, 1995). Informational 

effects of the system relate to the sharing of the temperature information to the participants 

made possible by the sensor data and the artefact displaying it. This informational aspect 

had an automational side-effect on the organisation in the sense that the system reduced 

the amount incoming callers by automating the communication of the temperature to the 

participants. In practice, this is due to the solution that participants can retrieve the 

temperature by visiting the ski club’s website.  

 

” Some parents noted that it was possible, and praised the ability to study the 

temperature curve during the whole previous day” – Competition organiser, Ski club 

 

The above quote relates to additional informational effects the system has had, and to some 

extent transformational. Due to lack of resources, the organisation could not collect 

requested data during longer time frames and present historical data on the temperature 

for its customers. This ability is enabled by the implemented system and has an enhancing 

effect of their service of providing this information, which would classify it as a 

transformational effect (Mooney, 1995). Previously the organisation only shared this 

information with its members during competition dates, which in practice meant that the 

service was only available to participants in the competitions arranged by the organisation. 

With the implemented it-system the organisation can now provide this service all-year-

around to not only competition participants but everyone using their facilities.  

4.2 Public swimming pool 

4.2.1 Research site 

The research site of the public swimming pool-case is located in the same town and 

municipality as the ski club described above and run by a small municipal organisation of 

six people who maintain the pool, a gym and a gymnasium in the same building as well. 

The public pool is a facility open during weekdays and Saturdays on regular weeks. The 

organisation hosts several group training-related activities during the week. It contains a 

swimming pool and a play pool for children. The current usage of IT-systems is limited to 

a booking system for the facilities provided and a web site containing information on 
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planned activities and opening hours. We chose to include the public swimming pool as a 

case in this study since we identified several process chains with problematic aspects we 

believed sensor data could be a partial solution. 

4.2.2 Process chains & Problem backgrounds 

The organisation previously lacked data on the number of visitors and which hours and 

days during the week that generate most activity. This data is interesting for the 

organisation when optimising staffing, air quality and create an overview of when and how 

much the facilities are being used throughout the week. It cannot currently generate this 

data since the only means it currently has available would be to employ one of their staff to 

generate this data manually, which they lack the resources to perform. The main areas of 

activity which the organisation found interesting were the entrance to estimate the overall 

number of customers, the cafeteria to investigate the air quality during peak hours, and the 

locker rooms for each gender to investigate differences in attendance between the genders 

and possibly optimise the cleaning schedule depending on activity. Their current inability 

to generate this data is problematic and the reason for why we chose to include it. 

The second and third process chains in the case are communication of the current water 

temperature and optimising heating of the main swimming pool of the facility. According 

to the staff, a significant number of calls to the facility are requests for information on the 

temperature of the water. The reason for this is most probably due to the organisation’s 

practice when warming the pools. According to the person responsible for this routine, the 

pools are warmed to 32 °C every week during Tuesday nights, and then the temperature 

falls successively to around 27 °C during the weekly cycle until it is heated again. This 

practice leads to uncertainty amongst the customers on the current temperature and 

generates phone calls to the organisation increasing the workload. This practice has led to 

increased wear in forms of mould and general moisture damage on the facilities due to the 

increased evaporation generated by higher temperatures, which in the future will need 

renovation. Due to the manual labour involved with communicating the temperature and 

the suboptimal process of heating the pool, we found this process chain to be problematic.  

The fourth process chosen for this case is the documentation of pool water quality, which 

is a process chain performed by the staff daily to discover anomalies and potential health 

risks related to the pool water. Three units of the water are collected, analysed and 

documented as the first task of every day: water temperature, pH-value and chlorine-value. 

To collect this data, the staff places a thermometer in the pool water where it is submerged 

for 15 minutes. During this time, they take two water samples which are analysed using a 

pool water quality kit establishing its pH-value and amount of chlorine. This data is then 

documented manually in a binder and stored in the staff office of the facilities. Due to the 

repetitive nature of the data collection and documentation in the process chain we chose to 

include it in our case, we believe it to be a process chain which could be fully automated 

using sensor technology. 

Based on this analysis we were able to establish the information requirements of the 

case and identify corresponding digital options. We found that the connectivity 

requirements, in this case, were quite low as the staff do not have to collect information 

from anywhere else in the organisation or draw on information from another process to 

execute their tasks. Therefore, we argued that they should choose a digital option that 
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focuses on richness to increase the information regarding the heating cycle of the pool and 

how the temperature fluctuations occur. As for uncertainty requirements, we found them 

to be high as the current information available was practically non-existent and therefore 

highly unreliable. We suggested a digital option focusing on the production of information 

to further the information available and reduce the apparent uncertainty. Lastly, the 

equivocal requirements were low as the problem was related to measuring temperature. 

That value by nature has low equivocality as a thermometer measures temperature 

exclusively. 

4.2.3 Implementation 

To support the first process chain, we mounted four sensors at areas for which the 

organisation had expressed interest. The main units of observation these sensors were to 

measure were motion activity and temperature in each respective area. The sensors were 

placed at the entrance of each respective area at the height of around 150 cm’s to ensure 

that the sensor measured every individual passing. Placement of the sensors was not a 

concern when collecting the temperature data since that data was supposed to represent 

the temperature felt by the people in the room, not specifically floor or ceiling-temperature.  

This motion activity and temperature-data were then uploaded every 30 minutes to a 

database, imported into tables and transformed into graphs, both real-time and historical. 

The information was made accessible to the organisation through a web application where 

it could be studied and form part of the basis for innovating different organisational 

processes (see figure 8). The implementation has the characteristics referring to the 

production of information to lower uncertainty of information requirements. As this 

process aims to collect information about motion and temperature in the facility we argued 

that the four sensors would meet the requirements of the process and help with the 

uncertainty requirements.  

 

Figure 5, Temperature fluctuations of the reception area at the Swimming pool 

To support the second chain, we mounted one temperature sensor in the bottom of the 

swimming pool, hidden behind a ladder and out of reach from customers. This sensor 
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uploaded data of the water temperature every 30 minutes to a database and imported it 

into tables and graphs made available to the organisation (see figure 9). The point of 

displaying current data would be to inform its customers of the temperature to decrease 

the number of phone calls related to this issue. How they would go about informing 

customers was left to the staff of the organisation, but we also designed a simple dashboard 

displaying the temperature, which was made available as an option to simplify this task. 

This task had connectivity requirements as information had to be collected manually from 

the pool at first, as the connectivity requirements were low we argued that a temperature 

sensor would increase richness as they would not have to collect the temperature manually 

and could, therefore, convey the temperature more accurately and frequently to their 

customers. Supporting the uncertainty requirements, a dashboard was created to increase 

the consumption characteristics; this, however, has yet to be implemented and further 

research will have to be conducted to study the effects it could have.  

 

Figure 6, Temperature in swimming pool as it heats up 

The third process chain is supported by the historical data generated by the sensor and 

could be utilised to measure how much time it takes to heat its pool to the preferred 

temperature and get a more detailed overview on the time frame of its heating cycle. This 

data could serve as a basis for innovating their heating process chain and minimise the 

problems arising from their current practices. This process had equivocality requirements 

as well as uncertainty requirements; we argue that these would best be met with the simple 

temperature sensor as it has low equivocality as well as it produced information based on 

a set time interval which lowered the uncertainty.  

The fourth process chain utilised the same temperature sensor as the second. The 

readings on the temperature differed +-0.5°C on the LoRa sensor in comparison to the 

thermometer currently used for the same purpose, for which the temperature data collected 

by the sensor later were adjusted to match. No further sensors were mounted so in the pool, 

so the only relevant unit in the process chain is automatically collected and documented is 

the temperature data. This data was then uploaded every 30 minutes and presented in the 

form of tables and graphs. For this process, we focused on the connectivity and uncertainty 

requirements as equivocality was low with the sensor, with intent to increase the richness 

by collecting data with the sensor as well as produce more information to lower uncertainty. 
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This was done with the same temperature sensor as in the other processes to support the 

information requirements set out in the problem background. 

4.2.4 Effects 

In this case, the general purpose of the implemented system was to generate the ability to 

collect specific sets of data or support the current process of data collection. The test phase 

could, therefore, be classified as beginning when the sensors were mounted on the 27th 

September and are ongoing until the sensors are de-mounted. Due to the purpose of the 

system, the general effect of the system has had an informational character, although this 

varies between the different process chains supported in the case. We performed data 

analysis together with the organisation, and the evaluation of the effects is based on this 

joint analysis. 

The effects on the first process chain proved to be both informational and 

transformational. The data collected from the motion sensors have generated the motion 

data predicted, and a rough estimate of which areas that generate the most activity, and 

during which hours can be established by studying the graphs in the web application. 

During the test phase, the organisation had some ideas of using the data to optimise the air 

conditioning. However, the functional capabilities of adjusting the air conditioner cycles to 

reflect usage or be automated by the data seemed to be limited which was uncovered later 

in the project when this issue was discussed with a janitor who was handling the air 

conditioning.  

The sensors mounted in the swimming pool-facilities recorded other data, such as 

temperature in the sensor casing. A side-effect of studying the comprehensive dataset was 

the discovery that the temperature around the reception area rises around 2-3°C during the 

nights when no one is present in the facilities (see figure 8). This occurrence was unknown 

to the organisation when they were informed of it, and according to one of the staff 

members, this may be related to the floor heating system being active during the night time 

when the ventilation is inactive.  

The effects on the second process chain have yet to be established since no artefact 

displaying the data has been made available to the public. We believe however that the 

effects will have similar automational effects, reducing the number of incoming phone calls 

about the temperature, like the system implemented in the ski tracks due to the basic 

functionality of the artefact. The key for the organisation to utilise the system to support its 

processes will be to inform its customers of where the information can be found so that the 

process of informing the customers is automated. 

The effects of the system in the third process chain had informational effects and could 

have transformational effects depending on the organisation’s ability to innovate the 

heating process. The historical data generates a clear and consistent timeframe over how 

long it takes for the swimming pool to reach its intended temperature and show some 

anomalies which could be signs of inefficiency in the process. An example of that is the re-

warming of the pool, which usually happens around 4 hours after it has reached its 

maximum temperature. Why this happens is unknown to us right now but will be of interest 

in the further evaluation of the system and the process chain.  

The system in place to support the fourth process chain has potential to automate the 

whole process chain, but since the sensors automate only 1/3 of the data that is currently 
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being routinely collected, the staff performing the process chain must still perform it in the 

same manner as before the implementation of the system. A future update of the system 

will be to implement sensors collecting data of the chlorine level and pH-value. With a 

complete system in place, the whole process will be performed continuously during the day 

and automatically document the data in the same way as current practice. The permanent 

character enables transformational possibilities in the sense that with a system 

documenting the water quality continuously, anomalies in the water can be discovered 

faster and inform the staff on possible implications.  

4.3 Cleaning company 

4.3.1 Research site 

The research site for the case of the cleaning company is located in a mid-sized Swedish 

city in one of the buildings that constitute a university campus. The organisation is 

responsible for cleaning all facilities and have a staff of six managing and executing this 

task at the research site. The different process related to cleaning the facilities are 

performed by its staff members on weekdays, with the weekends left without cleaning. 

Students attending the university have access to its facilities around-the-clock which means 

that there’s activity in the facilities during times when no cleaning is not performed.  

The organisation has expressed an ambition to shape its current process chains to be 

more condition-based rather than routine-based and has integrated IT-based support 

systems which have some informational effects on its daily activities. These systems are in 

the form of an electronic booking schedule, visualising presumed activity at certain places 

during the workday, and a QR code system where the staff employees can scan a code 

outside each room and be presented with this information. This booking system is also 

utilised for management processes when allocating labour.  

4.3.2 Process chains & Problem backgrounds 

Since there is student activity in the university facilities during weekends when no cleaning 

is performed, the staff have expressed a problem of how to prioritise in which order that 

classrooms are cleaned after the weekend, mainly during times when they may be 

undermanned due to sickness or other factors. The current situation is such that the activity 

in the classrooms is unknown to the staff when they begin to perform their cleaning 

processes during Mondays, and they clean each room in a set routine. The ambition is to 

meet the cleaning needs of its customers, in this case, the students and teachers attending 

the facilities. The consequence of cleaning in a routine-based manner could result in rooms 

with less cleaning needs getting cleaned, and rooms with more of a cleaning need left 

unattended before the customers arrive and use the rooms.  

The cleaning process of each room constitutes four sub-processes: cleaning the floor, 

cleaning the tables, wiping the whiteboard and emptying the waste bin. Since the 

organisation currently lacks data on the activity in the classrooms during the weekends, it 

cannot innovate its processes in such a way that it aligns with the ambition of working more 

condition-based. For this reason, we argue that sensor-based technology enables the data 

collection necessary and support this process. 

The second process chain presented as problematic by the organisation is assessing if a 

room is vacant. In the current situation, the staff do not clean rooms which are occupied 
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and wait until the rooms are vacant to clean them. This problem means in practice that they 

sometimes spend time visiting rooms only to discover that they cannot be cleaned, and 

delay that process until later, having wasted some time moving to the classroom.    

The third process chain is the comparison between the presumed usage based on the 

current input in their booking schedule and actual usage of the specific classrooms. 

According to the organisation, it is not uncommon for a classroom to be booked during the 

week, but its actual usage is unclear. The staff can plan the cleaning of classrooms only to 

discover that they have not been used and so are not in need of any cleaning. This could 

also be used as a basis when negotiating terms with its currently largest customer which is 

the university itself. Part of how many hours the company can bill the university is based 

on the number of hours booked in the electronic booking schedule. If the organisation could 

provide additional data on how much the rooms are being used and argue that the usage is 

higher than the number of hours presented by the booking schedule, it may prove to be 

beneficial in upcoming negotiations.  

The fourth and final process is assessing cleaning need of toilets and refilling of 

consumables, this process has been carried out in conjunction with cleaning classrooms. 

The cleaning staff cleans the toilets outside the classroom as they move from room to room. 

This need was expressed as secondary from the staff as it had not been a significant issue 

for them, although some notes had been made with regards to some toilets always having 

a more substantial cleaning need than others.  

4.3.3 Implementation 

To support the process chains 1-3 described in the case we mounted 13 ERS sensors in 

classrooms collecting motion data in each chosen classroom. The sensors were placed at 

the entrance around 170cms from the floor, registering every motion near the entrance 

door (see figure 7). For the fourth process chain, we mounted a total of 24 ESM5K sensors 

on the top corner of the toilet doors in the building. They were mounted on the outside of 

the door to guarantee a non-intrusive implementation as students as faculty may feel 

watched on the toilet if the sensors were mounted on the inside of the door. This data was 

uploaded every 10 minutes to a database and stored. We then designed a web-application 

containing various artefacts which utilise this data in manners that would support the 

organisational process chains. The information requirements were high in connectivity 

which resulted in an increase of reach with the sensors, so that information needed for the 

task execution was readily available through multiple data collection points. For the 

uncertainty requirements, there was an apparent need for both production and 

consumption to help thwart the issues relating to the uncertainty. The sensors that were 

installed addressed the information production aspect, and the web application was 

developed to increase consumption of information. As the equivocality requirements were 

high, the need for a relationship characteristic was of high priority to meet the requirement. 

Due to the organisation wanting to measure cleaning need in the rooms, which in itself is a 

highly equivocal measurement, the sensors and web application needed to be utilised in 

conjunction with the cleaning staffs’ knowledge and routines. 

The artefacts contained in the application display three sets of data; accumulated motion 

in each classroom (process chain 1, see figure 8). A two colour-button signalling if motion 

has been detected the last 10 minutes (process chain 2, see figure 8) and historical data 
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available for export in the form of graphs (process chain 3, see figure 9). The application 

was made accessible for the cleaning staff in their day-to-day work by a tablet placed on 

their cleaning cart from where they could access the application.  

The system was tested for three weeks, to which the staff had access and utilised it when 

performing their tasks. Furthermore, they graded the experienced cleaning need which was 

defined on a three-grade scale where one was clean, two was normal and three related to a 

high cleaning need. Interviews with the staff were conducted before, during and after the 

test period. During this period, we also tested the hypothesis that increased activity in a 

classroom during the weekend generates a higher cleaning need. This hypothesis was tested 

by photographing every aspect related to the sub-processes of the cleaning process chain 

after the weekends and compared the empirical findings with motion data captured by the 

sensors.  

 

Figure 7, Placement of movement sensor next to classroom door 

 

Figure 8, Front-end of cleaning application, shows usage of classrooms 
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Figure 9, Historical view of usage in a classroom, both last 24 hours and monthly view 
available 

4.3.4 Effects 

The implemented system has had various effects on the organisation depending on which 

process chain it supports, but how well it improves the general organisational performance 

remains inconclusive and needs to be evaluated further. Although the system generated the 

set of motion data we presumed when designing and implementing the system, the 

usability of this data in the context of the first process chain, determining the cleaning need 

of a specific classroom, is still unclear. The system was designed to have mainly 

informational effects on the first process chain, by presenting information to the staff which 

could be used to determine which classrooms that had a more significant cleaning need. 

Also in the long term, be used to better allocate the labour by the need, which align with 

the organisational goal of working more condition-based.  

The empirical findings, however, related to the hypothesis that higher general motion 

activity generates a higher need are vague. There have not been any specific sub-processes 

which we could link to the data that would prove useful when predicting if this needs to be 

performed or could be skipped and still consider the process chain of attending to the 

cleaning need to be accomplished. During the test period, there was a lower level of activity 

according to the cleaning staff, possibly due to the third-year students writing their 

bachelor theses, which make the circumstances for the test non-ideal as well, since the 

general need was lower and could be managed by the staff without an extra need of 

prioritisation. We believe that further evaluation of the system is necessary to establish its 

effects.  

The effects of the system on second process chain, which was to inform the staff if a 

classroom is vacant and possible to clean, has mainly been of informational and 

automational character and with the intended ability successfully generated. According to 
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the staff, the system correctly identifies if a classroom is vacant or if there are students there 

at present, which has informed them in a way that improves their performance. Since they 

do not have to spend time collecting this information manually, it has automated the 

process chain. The long-term effects of having this ability, its possible flaws (no motion 

input if students are very still) and how great of a value it brings to the organisation, due to 

it solving a relatively minor problem, will have to be further evaluated.   

The system has generated the desired ability to analyse and compare between the 

booked hours in the electronic booking schedule and the actual amount of activity in the 

classrooms, which would classify it as having a transformational effect on the organisation’s 

ability to innovate (Mooney, 1995). This ability may contribute to having informational 

effects which improve performance, depending on how the data generated is utilised. The 

organisation has expressed an ambition to integrate the graphs, and sensor data with the 

current electronic booking schedule to easier compare the data, but this feature has yet to 

be implemented.   

4.4 Analysis of effects 

In this section, we will evaluate and discuss the results shown in this chapter and compare 

it with related research and questions asked at the beginning of this paper. This is done 

with the intent of showing similarities, differences and connections between the results and 

the field of research.  

Often the most apparent effects to see as argued by Mooney (1995) and Stenmark & 

Jadaan (2010) and also by Visich, et al. (2009) are the automational effect when 

implementing IT or IoT in a process chain. This is because of the nature of automation that 

occurs with the effect, a job or process that earlier was executed manually, often by a human 

in the workforce. If that process no longer requires human interaction as automation takes 

place cost savings often emerge, with the possible side effect of someone losing their job or 

having their hours cut (Visich, et al., 2009). As a result, the automational effects are often 

disruptive for the workforce and can cause discrepancies between the operation and 

management levels of a work system. However, the economic gains for the organisation 

often motivate the required disruption (Mooney, 1995).  

In the cases presented by both Stenmark & Jadaan (2010) and Visich (2009) most of the 

effects occur as automational, this can, however, depend on different variables. Mainly 

because the cases in these reports were conducted with a different kind of technology than 

those used in our cases. RFID technology is widely used throughout the world, but with the 

emergence of more sophisticated sensors brought in with IoT, organisations have begun to 

look at updating these RFID systems for IoT-sensors. There have been some automational 

effects seen in the results of our study that are attributed solely to the implementation of 

IoT-sensors, the cases are however relatively small-scale which in turn do not generate 

substantial results in their respective contexts. The results seen by Visich et al. (2009) in 

the Wal-Mart case were significant for a store chain of that magnitude which shows the 

power of IoT, even in the earlier days of the phenomenon that the study was conducted at 

the retail giant.  

In our cases, the more sophisticated sensor-based systems generated more 

informational effects than had been seen in earlier research. Some of these informational 

effects where accidental or unintended effects of the implementations, as the sensors 
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created opportunities for data collection on variables that were impossible before the 

sensors were there.  

Tables 5-7 show all the effects summarised per case and on which level these effects 

occurred. In those, we see that most of the effects that have emerged are the informational 

effects, as was argued earlier some of the automational effects only occur because they were 

informational.   

 
Level Automational Informational Transformational 

Operation • See which 
rooms are 
empty 

• Usage data for 
optimised 
cleaning time 

• Prioritization 
based on 
actual usage 

• Decide which 
classroom to clean 
based on sensor-
data 

Management • Where to 
allocate staff 
after 
weekends 

• Actual usage 
data for each 
classroom 

• Cleaning data 
for each 
classroom 

• The possibility of 
cross-referencing 
booking statistics 
with actual usage 
data 

Table 4, Cleaning company case effects 

  
Level Automational Informational Transformational 

Operation • Collection of 
temperature 
data 

• Relaying of 
information 

• Accurate 
information to 
citizens 

• A new medium for 
relaying 
information 

Management • Which 
temperature 
to relay to the 
public 

• Current 
temperature in 
the track 

• Data collection and 
analysing 

Table 5, Ski club case effects 

Level Automational Informational Transformational 

Operation • Collection of 
temperature 
data 

• Temperature 
data directly 
from sensor 
reading 

• A new way to 
display pool 
temperature for 
citizens 

Management • Collection of 
usage data 

• Facility usage 
data 

• Indoor 
temperature 
around the 
clock 

• Timeline for 
heating of the 
pool 

• Possibility for 
optimised pool 
heating 

• Knowledge of 
temperature 
fluctuations 

Table 6, Public pool case effects 

This shows an interesting aspect of the more modern IoT technologies where sensors are 

becoming the dominant force, that is that most of the automational effects occur because 

of the informational effects. As argued by both Visich et al. (2009) and Stenmark & Jadaan 

(2010) the transformational effects are the most coveted effects for a project to achieve. 

These effects enable process innovation and rethinking of how work is carried out in 
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specific processes along the process chain (Mooney, 1995). These effects are also the most 

complicated and hard to achieve and measure as an effect of a system implementation 

(Visich, et al., 2009), as we could see in some of our projects, the transformational effects 

that occurred were small as seen in a broader context. Nonetheless, they occurred and had 

allowed for remodelling of processes within its process chain, resulting in a new way to 

conduct a process. We share the assessment that transformational effects are highly 

lucrative in a project and if the goals for a project are aimed at process innovation these 

effects need to central to the project’s success.  

There are similarities with the current research in the field with regards to results of the 

cases; the differences are mostly based on technological differences when the 

implementations took place. As RFID was the dominant technology for the early sensor-

based system, the results were mostly automational and now that we are moving into an 

era where smart sensors that collect data around the clock, informational effects seem to 

be the dominant effect.  

5. Discussion 

In this chapter, we expand our analysis and discuss the results in relation to the studys 

research questions and propose practices related to our conclusions.   

First, we discuss innovatory aspects of our findings which relates to the research question 

of:  

• How do actors explore the innovation opportunities enabled through IoT 

capabilities? 

Secondly, we discuss how sensor-based systems generates organisational effects which 

relates to the research question of:  

• How do sensor-based systems generate informational, automational and 

transformational effects in organisations? 

Thirdly, we discuss how sensor-based systems address process information requirements, 

which relates to the research question of:  

• How do sensor-based system address information requirements in business 

processes?  

5.1 Exploring innovation opportunities enabled through IoT 
capabilities 

5.1.1 Identifying opportunities for innovation  

Based on the empirical findings in the cases of our study, we argue that a process chain 

intended to generate a certain output to accomplish its goal, must identify of which 

importance each sub-process carries in accordance to this parent goal in order to 

successfully innovate. A sub-process, wholly automated through the implementation of 

sensors, may have a small impact on the process chain its output informational resource is 

supposed to support if this is not aligned with the parent goal of the process chain. 

Similarly, a sub-process showing lesser degrees of automational effects through the 

implementation of sensors may have a substantial impact on the parent goal of the process 

chain its output informational resource is supposed to support. For instance, the process 

chain presented in the ski club case has a goal of communicating temperature in the ski 
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track. To accomplish this goal, it requires information regarding current air temperature, 

and that the information requirement aligns with the process goal. Then, the process to 

collect this temperature data is in alignment with its parent process goal. The identification 

of the informational requirements was evident in this case, which is reflected onto the 

positive results the sensor implementation yielded.  

In contrast, during the time frame of the study we were introduced to an additional case 

which we chose not to include but use as an example of a misalignment between addressing 

information requirements and the parent process goal. The situation was such, that a need 

to remove some crosswalks on the main street running through the town was identified. 

The stated goal of the project was to increase traffic safety, since too many crosswalks may 

undermine their purpose of providing safety to pedestrians. Project managers showed great 

interest in using sensors to collect information on which crosswalks used most frequently, 

and the results would act as the sole basis for deciding which crosswalk to remove. Hence, 

there was a decision-making process and a sub-process of collecting information to support 

this decision.  

This analysis proved to be a misalignment of process goal and sub-process output. When 

determining crosswalk location several factors, more than just frequency of use, such as 

visibility, passability and speed limit are to be taken into consideration (Hellberg & 

Palmberg, 2015). In this case, the only factor taken in consideration was the frequency of 

use, which in extension may result in keeping the crosswalk most frequently used, but the 

least safe when considering the other factors. This misalignment between what type of data 

the sensors collect to address information requirements can, in turn, be counter-productive 

to accomplishing the parent goal of improving traffic safety, even though the information 

requirement of the sub-process is met by the collected data. To overcome this complex 

aspect, we argue for the practice of thoroughly analysing the process information 

requirements with regards to the stated parent goal. This will increase the chances of the 

sensor implementation having a positive impact on the parent goal.  

 

 

Figure 10, Non-impactful sensor implementation 

5.1.2 Insights generated by side-effects 

During this study, some of the insights which we believe to have been most valuable for the 

organisation came as a side-effect while collecting data for other purposes, such as the 

facility heating example of the pool case. This can be considered strengthening the case of 

using multi-data sensors when performing this type of innovative work process. When 
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analysing process chains with information requirements high in equivocality, one of the 

more complex aspects we have encountered is generating a set of data that reflects the 

stated purpose. To better support this we argue for the practice of using multi-unit sensors 

if available, to collect data which could add additional dimensions of context. Even though 

the data’s immediate value at the moment is unknown, the increased possibility of 

discovering potentially valuable aspects may prove beneficial when conducting future 

studies or innovation work within organisations.   

5.1.3 Low-budget optimisation of legacy systems 

With a clear downward trend in the pricing of IoT-sensors (Goldman Sachs, 2016). We 

believe there is potential in the future for organisations with lesser resources to use sensor-

based systems to collect the data necessary for innovating their processes. Doing so in a 

way that complements the lack of functionality in their legacy systems or expands the 

capabilities for improving their performance without investing in fully automated systems. 

Examples of this type of application area can be found in the swimming pool case. Since 

the current system for heating the facilities surrounding the pool does not generate 

historical data of the temperature, the three-degree temperature raise during nights when 

no one is present has therefore gone unnoticed and could have saved resources for the 

organisation if discovered earlier. Modern heating and ventilation systems often have built-

in thermometers, and automatically adjust the temperature to the set level, which both 

have the informational and automational effects solving this problem. If the organisation 

is lacking the resources to invest in such a system, a low-budget sensor system such as a 

LoRa-system could for a smaller sum be placed in the same facility and provide the 

information necessary for the organisation to discover inefficiencies in their current 

processes. By collecting this data, the organisation can then evaluate what is causing the 

inefficiency, and in this case perhaps invest in a simple timer shutting down the floor 

heating during specific hours, if that proves to be the source of the increased temperature. 

5.2 Effects on processes generated by sensor-based systems 

Transformational effects of permanent systems 

Permanent systems in this context refer to the implementation of sensors in a permanent 

manner, i.e. sensors placed to support a process within a non-fixed timeframe.  

Examples of the transformational effects of permanent systems can found in both the ski-

club and swimming pool case where sensors have been mounted in a permanent place to 

allow for data collection from a fixed point with low equivocal characteristics. 

The processes in the cases presented in this study all show connectivity requirements. 

Due to IoT sensors capability to collect environmental data remotely and store it centrally 

they address process connectivity requirements to a high degree. Sensors may also entirely 

replace labour resources supplying processes with data collection and documentation. 

Information collected from the sensors is stored centrally, thus allowing its usage across 

process and organisational boundaries. For example, air temperature collected in the ski 

case is used not only by ski contestants but also by visitors. This data translates into a 

transformational effect since it enables the organisation to provide a new service. The 

previously provided service was based on manual measurements done early in the morning 

in conjunction with competitions which means that they only had the means of providing 



 

36 

 

the service to competition participants, or anyone interested in the data during competition 

dates.  

With a permanent system in place, this data is provided continuously and generates a 

new service where the organisation provides temperature data of the ski tracks to anyone 

visiting their website. Similar potential transformational effects of a permanent system can 

be found in the swimming pool-case. In the hypothetical case that the organisation installs 

additional sensors, measuring all the units of interest, this would enable new services in 

the form of notification-systems where the stated process chain goal of discovering 

anomalies could be performed at a higher rate due to the continuous data collection 

enabled by the system.  

5.3 Addressing information requirements with IoT-systems 

5.3.1 Aligning sensor capabilities with process output 

The process information requirements in part determine the degree of automational effect 

the sensors have in the process which they intend to support. A process whose goal is to 

collect or communicate one type of data may be automated in its entirety through 

implementing a sensor-based system. Automational effects of this kind are shown in the 

ski club case where the process chain was automated completely. Consequently, labour 

resources, previously being a requisite to initiation and completion of the process chain, 

has been replaced by the sensor. This high degree of automational effects is due to the how 

the information needed to complete the process aligns with sensor data output.   

 

Figure 11, Automation of a business process 

Figure 11 illustrates how a manual labour resource supplying a process may be replaced 

with a sensor-based system if it can produce the same output. The cases presented in this 

study show that processes with univocal information requirements, such as temperature in 

the ski club case, is efficiently aligned with IoT sensors. 

This idea is contrasted with a process with high equivocal information requirements, 

such as the process of evaluating the cleaning need presented in the cleaning company case 

where there are four sub-processes to complete the process chain. Each sub-process 

requires information with regards to its specific cleaning need, and the sum of the 

informational output from these sub-processes are then what constitutes the cleaning need 

of the classroom. The sensor used to support this process chain provides information of 

movement around the entrance to the classroom. This information of movement does not 
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map 1:1 to any of the sub-process outputs of assessing a cleaning need. For example, to 

assess if a whiteboard needs cleaning there is a requirement of visual examination of the 

whiteboard and from this draw a conclusion regarding its need for cleaning. Information 

of movement is not of the kind to support such conclusions in any direct manner. Similarly, 

to assess if the floor needs mopping, one requires information of the amount of dust and 

dirt that is currently present on its surface. Again, the type of information provided by the 

sensor used does not immediately support an assessment of mopping need.  

The sensor-provided data may be used to make assumptions of cleaning need based on 

the information of activity around the sensor, without showing a one to one relationship 

between the amount of movement and the equivocal cleaning need. For instance, while 

movement information does not show how dusty or dirty the floor is, it shows the cause of 

this effect: people have walked on the floor. Any value of activity data means that the floor 

has been walked upon. If the floor has been walked upon, it is reasonable to assume that 

some amount of dirt and dust have been transferred from the shoes to the surface of the 

floor. Thus, a value of activity data increases the need of mopping the floor. The activity 

data shows a cause, a person stepping on the floor, which in turn can be used to inductively 

conclude the effects, i.e. the floor getting dirty.  

This reasoning may be used on the other sub-processes of the cleaning case as well, 

though with a weaker conclusion. We have argued that movement information show a 

relationship with the degree of dirt on the floors. However, movement information does 

not show a direct relationship with the whiteboards being used. Any value of activity data 

means that there has been a person around the entrance of the classroom. It is unknown to 

us that, if a person has been around the entrance of the classroom they have also used the 

whiteboards. Similarly, it is unknown to us that, if a person has been around the entrance 

of the classroom they have also thrown waste into the waste bin. The IoT sensor capabilities 

do not address these equivocal information requirements directly.  

Conclusions with regards to cleaning need of these processes cannot be drawn solely 

from the information provided by the sensor. Movement information may, however, be 

used in conjunction with visual evaluation of the state of classrooms over time to show 

statistical probabilities of whiteboard cleaning need, waste bin level and table dirt. Cleaning 

staff collected this data during the testing phase of the cleaning case by grading the 

classrooms total cleaning need in conjunction with them cleaning it. This method of 

evaluation could be improved by splitting it into an evaluation of each sub-process, thus 

increasing its accuracy.  

There are degrees to this relationship between process information requirements and 

sensor data output. This relationship spans from misaligned, exemplified by assessing 

cleaning need of whiteboards with movement sensors, to aligned, as shown by addressing 

temperature requirements with a temperature sensor (figure 12). Thus, we argue that IoT 

sensors could be implemented to processes with various degrees of success depending on 

the process equivocality information requirements. 
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Figure 12, Relationship between sensor data output and process equivocality information 
requirements.  

To conclude 5.1.1 and 5.3.1, IoT-system implementations align with processes in two 

separate, but interconnected manners. First, the prospect process to be innovated needs an 

analysis of its information requirements to identify what sub-process supplies it with what 

information. The identified sub-process informational output aligns with its parent goal to 

various degrees. Second, the identified sub-process information output may then be 

mapped to the IoT sensor capabilities. These capabilities align with the sub-process 

information output to various degrees, depending on the level of information equivocality. 

An IoT-system may be implemented to a process in alignment with its parent goal, and at 

the same time be misaligned with regards to its capabilities to address the specific process 

informational requirements, and vice versa (figure 13).  Therefore, we argue that both 

process information requirement and sensor capabilities need to be aligned for a successful 

IoT-system implementation.  

 

Figure 13, Sensor alignment in relation to information requirements 

5.3.2 Aligning sensor capabilities with information requirements 

In each of the process chains presented in this study, we have analysed the information 

requirements and categorised them with regards to their connectivity, uncertainty and 

equivocality expanding upon the framework of Sandberg et al. (2014) in the context of IoT-

systems. In general, sensors displayed different capabilities to address these information 

requirements these are summarised as follows; 

IoT sensor misalignement

Information requirements 
alignment

IoT sensor alignment

Information requirements 
alignment

IoT sensor misalignment 

Information requirements 
misalignment

IoT sensor alignment

Information requirements 
misalignment
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Processes with low connectivity information requirements benefit from the sensors 

capabilities to increase information richness. Where manual labour other resources are 

used to collect information, sensors may be used to collect the same information 

continuously, thus increasing the information richness.  Processes with high connectivity 

information requirements benefit from the sensors capabilities to facilitate information 

reach. IoT sensors have the capabilities to transfer information across process and 

organisational boundaries. These capabilities are not specific for a certain type of sensor, 

but rather capabilities of IoT technology in large.   

Processes with low uncertainty information requirements should focus on information 

consumption since the information required is already at hand. Sensors do not address this 

adequately. A process with high uncertainty information requirements need information 

produced to be able to achieve its goal. The IoT sensor capability of continuous information 

collection addresses this need directly.  These capabilities are not specific for a certain type 

of sensor, but rather capabilities of IoT technology in large.   

Processes with low equivocality information requirements benefit from sensors if sensor 

can collect data which aligns with the informational requirements. Processes with high 

equivocality information requirements benefit from sensors if the sensor can collect data 

which aligns with the information requirements. The degree to how IoT sensors addresses 

equivocality information requirements is contextual and depends on what the information 

requirements are and what sensor is utilised to address these.  

6. Conclusion  

In this study, we have explored three different implementations of IoT systems and the 

effects of these in organisations. We have found areas where the sensors have shown 

potential for process innovation and successfully used Sandberg et al. (2014) framework to 

show its usefulness when applied in an IoT context. Through this we have been able to 

identify areas where complexity becomes an issue for implementation of IoT systems. We 

have argued that organisations should improve their competence of process analysis to 

identify values to measure.  

We have also employed Mooney’s (1995) framework for identifying the effects we have 

seen in the different cases with the satisfactory outcome. Some of the cases are ongoing 

projects and further research on the cases should be conducted further down the line to 

understand the implications of IoT in those organisations fully. 

Lastly, we have argued for a need to understand IoT with a more micro-level perspective 

in organisational processes and proposed a set of practices for overcoming complications 

we have encountered. As the field continues to grow we believe it to be essential for 

organisations to further understand how to utilise IoT-systems when innovating their work 

processes.  
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