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SUMMARY
Big-data and data analytics are today seen by many industry experts and researchers
as key in creating competitive advantage. Insights once hidden in vast amount of data
are through digital tools now becoming available. Traditional manufacturers are today
realising the necessity of data-driven decision-making, there is however a lack of knowledge
of viable use cases. Inventory record inaccuracy (IRI), the mismatch between the recorded
inventory and the physical inventory, is a common issue for manufacturers. The literature
have concluded that there are multiple causes to the problem, but there is a lack of
research on the impact of manufacturers. The characteristics of the problem of IRI makes
it highly suitable for utilising the tools of data analytics in order to better understand
the issue. However, to our knowledge, there is a gap in the literature on how to utilise
data analytics to tackle such a problem. Data-driven decision-making heavily relies on
the available data for reliable and valuable output. Organisations are therefore further
challenged to find ways of assessing their data’s quality to ensure the correct output.

This thesis aims to investigate the impact of IRI at a manufacturing company, and analyse
the extent of the problem through data analytics. Additionally, the thesis aims to propose
how data quality in organisations should be assessed to facilitate future data analytics
projects. A mix of quantitative and qualitative methods were used to generate the results.
Interviews, observations, and data from existing databases of the company were used as the
primary sources for data collection. The findings indicate that the impact of IRI is severe
and affect multiple functions of the investigated company. Further on, IRI is identified
to have direct and indirect consequences, where the latter are found to have the greatest
impact on the company. Data analytics is demonstrated to facilitate quantifying the
extent of IRI, furthermore, the comparative deviation demonstrates a strong foundation
for further categorisation of inventory record deviations. To facilitate future data analytics
projects, organisations should centre their assessment of data quality around the data
consumer, and through frequent reviews, aim to constantly strive for better alignment
between their data and the data consumers’ needs.

Keywords: Inventory record inaccuracy; Data quality; Data analytics; Digitalisation; Pro-
duction logistics; Inventory control; Data-driven decision-making;
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1 Introduction

The first chapter, Introduction, includes an introduction to the scope and context of the
study, which can be found in section 1.1. This is followed by the purpose of the study
in section 1.2, which in turn is followed by delimitations in section 1.3. Specification of
issue under investigation is located in section 1.4. Lastly a walkthrough of the complete
outline of the thesis can be found in section 1.5.

1.1 Background

Traditionally, manufacturers have been able to compete through excellent operations
(Azeem et al., 2022). With the rise of big-data, being digitally excellent has become
essential as well (Azeem et al., 2022). Organisations that want to stay competitive have
to embrace data and utilise the digital information available to them to increase their effi-
ciency (Capgemini, 2015). It is a matter of intuitive versus data-driven decision-making,
where the latter is shown to be preferred (McAfee & Brynjolfsson, 2012), but it is also
about new insights, once hidden in the vast amount of data, that now becomes avail-
able (Azeem et al., 2022; Brynjolfsson & Mitchell, 2017). As a note on their large scale
study on the adoption of data-driven decision-making, McAfee and Brynjolfsson (2012)
conclude: ”The more companies characterized themselves as data-driven, the better they
performed on objective measures of financial and operational results ... companies in the
top third of their industry in the use of data-driven decision-making were, on average, 5%
more productive and 6% more profitable than their competitors”.

There are several areas in a manufacturer’s organisation where data analytics and data-
driven decision-making could contribute to and benefit the business (Azeem et al., 2022).
Due to its complex characteristics and difficulty to get an overview of, utilising data
analytics for logistics and supply chain management (SCM) related issues have a very high
potential (Thieullent et al., 2016). This is strengthened by Herden (2020) who discusses
the role of data analytics as an enabler for overcoming complex problems related to logistics
and SCM. Waller and Fawcett (2013) have a similar viewpoint by highlighting SCM data
science as a facilitator to improved performance and problem solving for SCM related
issues. A common problem in manufacturing firms is the issue of IRI, a logistics related
issue that originates from that the inventory records do not match with the inventory
currently present in the warehouse (M. Li & Wang, 2017). The issue of IRI is complex,
could appear due to a large number of reasons, and its extent is very difficult to measure
through the use of traditional methods (Chapman et al., 2003). The characteristics of the
problem makes it highly suitable for the use of data analytics in order to quantify and
further analyse the problem (Waller & Fawcett, 2013)

Building an organisation that fully embraces data-driven decision-making requires funda-
mental changes in how organisations are organised (Fountaine et al., 2019). The success
stories of companies starting with a digital first attitude are many. Amazon put a lot
of traditional bookshops out of business through utilising data-driven decision-making,
Google spread chaos in the advertisement industry through utilising data to maximise the
efficiency of advertisement, to name two (McAfee & Brynjolfsson, 2012). Even though
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these companies have started fresh, the potential of traditional firms, if they succeed to
transform their operations, are huge (McAfee & Brynjolfsson, 2012).

Transforming a business takes time, building a data-driven organisation commonly takes
18 to 36 months, with some transformations taking up to five years (Fountaine et al.,
2019). Keeping momentum, and avoiding common pitfalls, throughout the transformation
is therefore crucial. One of the most common causes of a failed transformation is to
isolate analytics from the business, instead of embracing that analytics must be done in
collaboration with the business (Fountaine et al., 2019).

Deep domain knowledge and deep analytical knowledge are highly unlikely to be found in
one person, since both of the fields requires large investments of time, therefore collabo-
ration between people is key (Waller & Fawcett, 2013). Collaboration do however require
common understanding of the concepts and possibilities of the new technologies, there-
fore, it is critical that the whole organisation are educated in the new concepts (Fountaine
et al., 2019).

1.2 Purpose

In the light of the increasing demand on being data-driven to stay competitive, this case
study was formed in collaboration with a company that have identified the opportunity
and have started their digital transformation. The case study is carried out at one of the
company’s manufacturing plants, and aims to bring practical examples on the utilisation
of data, to reach higher production efficiency.

The company is experiencing IRI, to the extent that the assembly line inventory bal-
ances cannot be trusted. The purpose of this study is to display how data analytics can
contribute to higher operational efficiency, through investigating the problem of IRI and
utilising data analytics to perform a health assessment of inventory records at the assem-
bly line. Furthermore, the study aims to investigate how data quality in organisations
can be assessed in order to facilitate future data analytics projects.

1.3 Delimitations

The results presented in this thesis are limited to one plant with a specific warehouse
and production setup, which affect generalisation of findings for areas that depend on
contextual factors. Furthermore, the quantitative part of this study will not include new
data collection. Data will be retrieved from existing databases and the forming of new
data will only be carried out through combining different sources of data.
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1.4 Specification of issue under investigation

During the development of digital tools, it is important to root the projects in actual value.
Therefore, assessing and mapping the impact of IRI becomes an important part of the
case study. Furthermore, due to the complex environment of manufacturing companies
and the difficulty of reaching a holistic picture of the impact of IRI due to its many causes,
such analysis can contribute to the general understanding of IRI problems, which leads
to research question one.

• RQ1: What impact does inventory record inaccuracy have on material planning,
production cost, and production quality, in a manufacturer’s high product variety
assembly plant?

In order to improve the situation of IRI, it is vital to understand the extent of the problem.
Insights not previously accessible, can through the use of data analytics be made available
due to its ability to handle large amounts of data and condense it into comprehensible
information, on which meaningful actions can be taken. Therefore, the second research
question aims to find a way to quantify and categorise inventory record inaccuracies.

• RQ2: How to quantify inventory record inaccuracies, through the tools of data
analytics, in order to aid prioritisation of inventory inaccuracy improvements?

The quality of the data is essential for valuable data analysis. In the light of the increasing
importance of utilising the tools of data analytics to reach higher efficiency in organisa-
tions, assessing the organisation’s data quality becomes highly important. Data quality
may be viewed as the measurement of how well an organisation’s data is able to cater the
needs of its users. There are multiple different frameworks describing data quality and
how it can be assessed, however, examples of use cases for companies are few. Therefore,
the focus of the third research question is to evaluate the role of a data quality framework
in facilitating further data analytics projects, through the assessment of data quality in a
manufacturing context.

• RQ3: How can a data quality framework contribute to improving the data quality
of a manufacturing company to further facilitate data analytics projects?

3



1.5 Thesis Outline

The thesis is structured into seven parts, introduction, theoretical background, factory
design at the case company, methodology, result, discussion, and lastly, conclusions. In-
troduction, chapter 1, includes a background to the subject, aim of the case study, and a
detailed specification of the purpose of the study. The introduction is followed by chap-
ter 2, theoretical background, where previous research on the subject together with the
concepts of IRI and data quality are explained. Chapter 3, Factory design at the case
company, gives a detailed description of the case company’s plant where the case study
has been carried out, later followed by chapter 4, Methodology, which explains the re-
search’s structure and design. In turn, Methodology is followed by the Result chapter,
chapter 5, which gives a detailed description of all the findings of the case study. Chapter 5
starts with results connected to RQ1 in section 5.1, followed by section 5.2 which presents
the findings connected to RQ2, and lastly, the findings connected to RQ3 is presented
in section 5.3. The results are then later discussed, and recommendations and further
work is presented in chapter 6, Discussion. The result of the case study is then shortly
summarised in the final part, Conclusion, chapter 7
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2 Theoretical Background

In chapter 2, previous research on the relevant subjects for this thesis will be laid out.
Furthermore, a theoretical background to the subjects involved in this case study will
be presented in order to provide theoretical support. This case study has a dual focus,
where one part aims to investigate the combination of data analytics and IRI, and where
the other part aims to investigate how the readiness of data for digitalisation projects in
large organisations can be assessed. As a result, the literature review have naturally been
divided into two parts. Firstly by exploring what have been done in the field of IRI in
section 2.1, and then exploring the field of data quality in section 2.2, in order to prove
the case study’s state of the art in both fields. Similarly, the theoretical walkthrough have
been divided into two sections, where IRI is explained in section 2.3, and the concept of
data quality is explained in section 2.4.

2.1 Previous research on the use of data analytics to address
inventory record inaccuracy in a manufacturing context

The subject of IRI is relatively well documented in academic literature. Record dis-
crepancies and its consequences was first introduced in 1960, with a case study of a U.S.
governmental supply facility, carried out by Rinehart (1960) where it was showed that dis-
crepancies in inventory can have a negative influence on operational supply performance.
Ever since, many contributions to the subject have emerged, analysing the consequences
of IRI. Kang and Gershwin (2005) concludes that very small discrepancies over time can
lead to critical out-of-stock events, especially in organisations practising lean theories.
El Hachem et al. (2016) mentions that IRI significantly can affect the profit margins of
organisations in a negative way. DeHoratius and Raman (2008) notes that, apart from
having negative effects on the focal company, IRI can also affect operations of supply
chain partners, in particular upstream members. Several papers have noted that com-
monly practised theoretical inventory and replenishment models do not consider IRI, and
therefore do not fully represent the dynamics found in genuine environments (Gershwin &
Kang, 2005; Rinehart, 1960; Thiel et al., 2016; Z. Wang et al., 2018). Consequently, the
advantages in applying these models in dynamic environments are reduced, and sometimes
even lost. Additionally, DeHoratius and Raman (2008) discusses how critical inventory
record accuracy is for the performance of automated decision-making systems that guides
material planners or logistics engineers.

When analysing existing literature in the field of IRI, it becomes evident that a majority
of research and case studies have been performed in traditional supply and retail envi-
ronments. In turn, research on IRI in manufacturing environments have been found to
be sparse. Which is surprising since the the costs related to IRI in manufacturing are
substantial (Chapman et al., 2003). This is strengthened by Chan & Wang (2014) who
states that even though IRI is present in the entire supply chain, it is often focused on
the early stages (unprocessed material) or final stages (consumer goods). The complexity
that follows with a high variety product manufacturing environment brings new challenges
and issues to IRI that existing literature, to our knowledge, do not sufficiently capture.
Brown et al. (2001), analyses the consequences of IRI in material requirements planning
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(MRP) processes, however in a simulation model, which omits factors that appear in a
high variety product environment.

Due to the complexity of IRI (Chapman et al., 2003), utilising data analytics to analyse
and capture its extent would be appropriate. Herden (2020) mentions data analytics as a
facilitator for complex logistics and SCM issues. Waller and Fawcett (2013) acknowledge
SCM data science as a viable method for improving logistics and supply chain performance.
Despite the obvious advantages, research about utilising data analytics for IRI is scarce.

To conclude, the absence of research about IRI in complex manufacturing environments
calls for further investigations on the topic. This research will contribute in filling the
current knowledge gap. Furthermore, it contributes by providing an example of how data
analytics could be used for analysing accuracy of inventory records. In parallel, it also
contributes to the relatively new field of SCM data science, where research are scarce and
requested (Waller & Fawcett, 2013).

2.2 Previous research on data quality

In the perspective of academic literature, the field of data quality is relatively new. The
first literature review on the subject was carried out by Richard Y. Wang, Veda C. Strong,
and Christopher P. Firth in 1995, which concluded that the existing research on the subject
refers to data quality management to ensure syntactic correctness (limiting the amount
of garbage data), and semantic correctness (how well the data represents the real world).
However, they further concluded that such a standpoint fails to address important issues
for the data user. In the following years, there are multiple researches that instead defines
data quality as how well the data is fit for use (Jarke, 2003; Strong et al., 1997; R. Y.
Wang & Strong, 1996).

The contribution of Richard Y. Wang, and Diane M. Strong, through their extensive
survey to data consumers, is seen as an important cornerstone for the research of data
quality as a measurement of the fitness for use (R. Y. Wang & Strong, 1996). This becomes
evident through the reappearance of the proposed important elements of data quality in
the following research on the subject, as highlighted by Monica Scannapieco and Tizian
Catarci in a later literature review of the subject (2002).

In later years, the data volumes have increased, creating new problems for assessing data
quality since manually overlooking the datasets is no longer possible (Taleb et al., 2016).
Taleb et al. has therefore proposed ways of sampling large datasets to provide subsets
that are representative the whole population (2016).

To handle the subjective nature of many of the dimensions of data quality, Naumann and
Rolker has researched ways of quantifying the different dimensions, in the process they
do however reach the conclusion that no way is perfect and there is no best practice on
how to quantify a data quality score (Naumann & Rolker, 2000). The increase of data,
and its different types, do also increase the difficulty of finding one way of assessing data
quality (Cai & Zhu, 2015). Cai and Zhu therefore proposes a dynamic model for data
quality assessment that can be adjusted to fit the project (2015).
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In the light of Naumann and Rolkers findings and the identified literature on the subject, a
knowledge gap of how to utilise the concept of data quality is identified. There is a lack of
literature on best practices for how data quality can be assessed in specific environments.
Therefore the work of exemplifying how data quality can be assessed to evaluate the role of
a framework for a manufacturing company in the context of stock level deviations analysis
will contribute to the existing literature.

2.3 Inventory record inaccuracy

Many factories, warehouses, and retail stores, experience problem with inaccurate inven-
tory records (M. Li & Wang, 2017). IRI can be defined as the difference between the
inventory that is recorded in a system and the inventory that physically can be found in a
shelf or a rack in the warehouse (Thiel et al., 2016). This difference could either be over-
stated or understated, meaning that the inventory records displays a higher, alternatively
lower, inventory than what is physically present (El Hachem et al., 2016).

Inventory record errors can originate from a large number of reasons and also have conse-
quences on operational performance (El Hachem et al., 2016). As previously mentioned,
this case study aims to investigate the impact of IRI in a manufacturing setting. There-
fore, some of the most common causes and consequences, both in a manufacturing and
retail environment, will be investigated here. This will aid the case study in the sense
that it provides data on which the result could be compared to, which in turn enriches
the discussion and evaluation of the results.

Kang and Gershwin (2005) lists four common causes that affect inventory accuracy nega-
tively, namely: stock loss, transaction errors, inaccessible inventory, and incorrect product
identification. Stock loss, or shrinkage, refers to when a product or part is lost, which
could be due to theft or that the part is broken. Kang and Gershwin (2005), divide shrink-
age into two categories, the known or unknown shrinkage, where the unknown shrinkage
is the one that contributes to IRI as the physical inventory decreases while the records
remains unchanged. Furthermore, transaction errors relates to mistakes that appears in
transactions processes, like not accounting for the correct number of inbound pallets in
connection with a shipment. Inaccessible inventory is inventory that cannot be used since
it cannot be located, often caused by a misplacement or mistake when entering the part
into the inventory record. This does not necessarily affect the stock levels, but could
result in decreased production performance as the parts needed for assembly cannot be
found. Incorrect product identification could happen if a label is put on the wrong pallet
or part. Related to incorrect product identification, Shteren and Avrahami (2017) lists
wrong scanning as a typical error, with the potential of causing record inaccuracies for
more than just one part. A scan that has not been registered at all, due to technical or
human errors, can also be included in the wrong scanning category.

Based on research performed by ECR Europe, it was revealed that the annual unknown
shrinkage are very costly for European manufacturers as 40% of shrinkage losses could
not be accounted for (Chapman et al., 2003). The costs connected to IRI can therefore
be substantial for large manufacturers, which emphasises the financial importance of in-
vestigating IRI. The consequences of inventory inaccuracy are many and appear in many
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levels of an organisation, from daily operations to long-term planning (Chuang & Oliva,
2015). Many organisations heavily relies on automated systems for material planning,
where the accuracy and performance are dependent on the quality of data. As an ex-
ample, material planners are often aided by a replenishment system that orders material
based on the recorded inventory balance. Dehoratius and Amman (2008) mentions how
IRI can have a negative influence on performance and lead to incorrect business decisions.
The consequences of these incorrect business decisions would for a material planner be
that excessive material are bought, causing overstocking, or that stock-outs emerges as
not enough material were ordered. Furthermore, Li and Wang (2017) points out that
inventory inaccuracy has negative effects on production control and how components are
fed to workstations. Brown et al. (2001) concludes that inventory inaccuracy distorts and
impact material requirement planning negatively.

Despite the very clear negative consequences of IRI, Chapman et al. (2003) notes that the
problem appears to be underestimated by many corporations, and that there are several
issues contributing to the general attitude. Firstly, IRI is a problem that affects several
departments and therefore require cooperation to overcome. This can be a greater issue
in larger organisations where silo mentality is present and where different views of the
problem complicates efficient problem solving. Secondly, the problem of IRI is hard to
comprehend and measure, resulting in that the information often is based on hearsay.
Therefore, IRI initiatives often gets lower priority compared to other projects. Thirdly,
since the causes of IRI are many, it is hard to identify an area of improvement that will
have a great impact on the problem. Furthermore, Gershwin and Kang (2005) highlights
that even though organisations appreciate the importance of IRI they have problems with
identifying when and where the inaccuracies occur and their true implications.

2.4 Data quality

Traditionally when discussing the concept of data quality there has been a great focus
on data accuracy (R. Y. Wang et al., 1995). Data accuracy is important, but to limit
the discussion to only include data accuracy is to neglect the perspective of the data
consumer, which will have a great negative impact on the value of the data (R. Y. Wang
& Strong, 1996). Wang and Strong (1996), based on surveys to data consumers in various
organisations, formed a framework describing data quality from the consumer perspective.
They concluded that data accuracy is just one part of what is perceived as qualitative
data in the perspective of the users.

Today manufacturers are faced with an unprecedented amount of data, collected through
various sensors, and systems (C. Li et al., 2022). Companies are however struggling with
taking full advantage of the possessed data, since there is a knowledge gap between the
data consumers and the data engineers, meaning that the data is not optimised for the
users (Herden, 2020). Utilising the enormous amount of data and gaining valuable insights
require a cross functional approach, where domain knowledge and IT expertise is mixed
(Herden, 2020). Only when the data quality is on an acceptable level, reliable and valuable
insights can be made (Ghasemaghaei & Calic, 2019).
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Based upon Wang’s and Strong’s concept of data quality as ”fitness for use” (1996), many
studies have been made. The work of Cai and Zhu is one of the more well known on
the subject (2015). The two, presents a dynamic framework of assessing data quality
through five dimensions: Availability, Usability, Reliability, Relevance, and Presentation
Quality (Cai & Zhu, 2015). Availability is defined as the easiness to access relevant
information. Usability, is referring to how the data is matching the user’s need in form
of documentation, and metadata. Reliability is in turn referring to the trustworthiness of
the data. The relevance of the data is defined as how well the data fits the user’s need.
Lastly, the presentation quality dimension is not seen as an indispensable dimension but
can greatly contribute to the data user’s satisfaction. The dimension refers to allowing
the data user to fully understand the data with comprehensible structure and descriptions
of data.

Each of the dimensions are then further divided into different elements, which aims to
bring a greater detail level to to the dimensions and ease assessment of them. A summary
of the proposed dimensions and their elements can be seen in figure 1. Further on, Cai
and Zhu propose a set of indicators for each element to help set clear examples of how
the element could be assessed, these are however left out of the figure.

Availability Usability Reliability Relevance Presentation Quality

Accessibility

Timeliness Credibility

Accuracy

Consistency

Integrity

Completeness

Fitness Readability

Structure

MetaData

Documentation

Authorization

Figure 1: Data quality framework based upon the work of Cai and Zhu (2015)

Being able to standardise the process of data quality assessment is necessary to further
improve the quality of data. The standardisation of processes requires well documented
and easy to follow instructions of how to carry out assessments, where the framework of
Cai and Zhu can be utilised. To further elaborate on the use of the framework, it will be
used in the case study to assess the data of the case company in the context of the study.

According to the result of Wang’s and Strong’s survey, data quality should support the
users’ needs (1996), which means that it is impossible to create a score for all the data
in an organisation since the needs are different (Naumann & Rolker, 2000). Data quality
needs to be integrated into all types of data mining projects and continuously assessed to
improve the overall data quality (Cai & Zhu, 2015). To handle the many different users
in organisations, Cai and Zhu encourages people utilising the framework to choose the
dimensions and elements that are important for the current context (2015).
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3 Factory design at the case company

The case company is a heavy automotive manufacturer of a global scale, with multiple
manufacturing sites worldwide. The case study is limited to one site, which produces a
range of different truck variants. Trucks in the plant are manufactured through a mixed
model assembly setup, which means that different truck models are produced on the
same line. The assembly line is L-shaped, and the truck is assembled through a series
of workstations, visualised in figure 2. The main line consists of two modules, the Base
Module and the Finish Assembly Line. The factory is designed with a fishbone structure,
meaning that the main line (the backbone) is supported by several sub-assembly and
kitting processes (the fishbones) that are delivered at different stages at the line. Examples
of sub-assemblies that are delivered to the backbone line is the truck cab, engine, battery,
and axle assemblies. Grasping inventory management and material handling arrangements
at the plant is a complex task due to a variety of delivery methods, internal material
ordering systems, and unit loads.

Base Module Finish Assembly Line 

- Assembly line Inventory

- Workstation

- Warehouse Inventory

Figure 2: Assembly line design of the plant

Two separated balances are used to track inventory in the factory, the warehouse balance
and the assembly line balance. The warehouse balance records material that have been
received at the incoming goods gate and have been given a slot in the warehouse shelves.
The assembly line balance, on the other hand, keeps track of the material that has been
delivered from the warehouse to the line. Consequently, when a part is delivered from
the warehouse inventory to the assembly line it is withdrawn from the warehouse balance
and added to the assembly line balance. In the process of purchasing material, material
planners only considers the warehouse balance.
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Adding to the complexity of the plant’s material flow, material in the plant’s system
are divided into two different virtual factories in order to steer material internally in the
factory. Hereby referred to as, Virtual Factory 1 (VF1) and Virtual Factory 2 (VF2). The
categorisation is meant to optimise the material flow, and there are no true differences
between the parts of the virtual factories. However, there are some general differences,
VF1 holds the largest amount of parts, and the parts are of varying sizes and volumes. In
contrast, the parts in VF2 is generally larger in size and of lower volumes. The majority
of the material in VF1 is stored in high-bay automatic warehouses, while components in
the VF2 are generally placed in warehouses close to the assembly line. The categories are
however more noticed in the inventory record systems since the same part number can
have two different inventory balances depending on which virtual factory it belongs to.

The factory is run through a collaboration between different functions, which all have
different responsibilities. In the case study, multiple functions have been involved, namely
Logistics, Material Planning, Stocktaking, Internal Material Control (IMC), and System
Experts. The logistics function are responsible for managing the material flows, from the
outer gate to use-point, in the plant. While logistics handle the material flow in the plant,
the material planners responsibility is to make sure that enough material arrives to the
plant. They order material from suppliers, prevent shortages, and make sure that the
material is delivered on time. Stocktaking accounts for the inventory in the building and
checks every part annually, or more frequently if necessary, in order to correct for the true
stock level. IMC can be seen as the short-term problem solvers that reacts on certain
events in the material flow that could harm the production. For example, operators may
call IMC if a box of parts is missing at the line, or they may be contacted by logistics
to initiate a search of a pallet that has been lost in the system but that should be on
the factory floor. The last function, the system experts, are no official function or title
within the company but are meant to represent key people that are responsible for, or
have special knowledge of, the different IT systems controlling the different material flows
of the plant.
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4 Methodology

In the following section, the methodology that guided the case study will be laid out.
Firstly, a brief chronological overview of the research process is given in section 4.1. Fur-
ther on, the research strategy will be presented, where a detailed description of how the
research were conducted is provided together with explanations to the different phases
of the study, in section 4.2. Ethical considerations of the case study will be discussed in
section 4.3. Lastly, a discussion about what measures have been taken to ensure quality
of the research and how the results have been verified is shown in section 4.4.

4.1 Research process

In the beginning of the case study, different parts of the plant were shadowed, e.g. the
internal material control (IMC), and the small-box material flow. IRI was identified to
affect a great deal of the different parts of the plant. Therefore, IRI was chosen as the
main subject for investigation. Interviews with different employees at the company were
set up to truly understand the problem. The interviews were followed by exploration of
the available data, that later were going to be the foundation for quantifying the extent of
the problem. Relevant databases for the problem were analysed and in parallel, interviews
with system experts were conducted to understand the data and the databases. Through
the exploration of data and interviews with system experts it was possible to define how
to quantify the extent of IRI.

Initially, the aim was to analyse IRI at a box/pallet level, meaning that the stock level
deviations that occurred for each box or pallet delivered to the line would be analysed.
Unfortunately, the data found in the databases of the company did not allow such detailed
analysis. Consequently, it was decided that IRI would be quantified on a part level.
Additionally, this change of direction resulted in that RQ3 were added to the case study,
focusing on evaluating how a data quality framework may contribute to assess and improve
data quality within the plant. To aid the organisation, as well as others, in their further
work of improving their data quality to facilitate future data analytics projects.

4.2 Research strategy

The Crisp-DM model for data mining projects was chosen to guide the methodology of
the case study due to its fit with the data analytic focus. Using a well documented
and well tried framework was considered as appropriate in order to increase the chances
of a successful project. The Crisp-DM model is a framework developed to increase the
success rate of data mining projects, which outcome often are too dependent on specific
individuals or settings (Wirth & Hipp, 2000). Furthermore, Wirth & Hipp (2000) confirm
that Crisp-DM facilitates and improves documentation, planning, as well as management
during data mining projects. Even though the model is a few years old, we argue that is
still applicable in a modern data analytics project due to its genericness.
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Due to its generic design, the Crisp-DM model can be used in many situations, and could
therefore be adapted to accommodate the study. Based on the Crisp-DM model, the case
study was divided into six phases. In figure 3 the different phases are visualised. It should
be highlighted that the steps are iterative and might therefore need to be revisited in
order to implement lessons learned or new experiences during the process. Each phase,
what was done in that phase, and how it is related to each research question are described
in detail below.

Data

Data 
Understanding

Data 
Preparation

ModellingEvaluation

Business 
Understanding

Deployment

• Determine business 
objectives

• Assess situation
• Determine data analysis 

goals 
• Produce project plan

• Collect feedback from 
test users

• Review process 
• Determine further work 

• Collect Initial data
• Describe data 
• Explore data 
• Verify data quality 
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tool

• Prepare hand-over of 
project

• Select data
• Clean data
• Construct data 
• Integrate data 
• Format data

• Select visualisation 
technique

• Build visualisation tool
• Review built tool

,

Figure 3: The six phases of the case study, based upon the Crisp-DM model (Wirth & Hipp, 2000)

4.2.1 Business understanding

In accordance to the Crisp-DM model, the starting and finishing phase of a project fol-
lowing the model should be the business understanding phase (Wirth & Hipp, 2000).
Therefore, the first phase of the case study was the Business Understanding phase, which
aimed to understand the goals and requirements of the project from the company’s point
of view. An early dialogue with relevant stakeholders of the project was set up so that
a clearer understanding of the problem and direction of the project were achieved. A
review and mapping of relevant intralogistics flows at the assembly plant were carried
out in order to identify how material, and information, flows through the plant. The
mapping process contributed to the understanding of data exchange between different
systems in the plant, which was necessary to translate the problem into a data analytics
problem (Wirth & Hipp, 2000). The business understanding and data preparation phase
were especially important for RQ1, which aimed to map the impact of IRI for different
functions at the plant. The nature of RQ1 lies in explaining a complex phenomena that is
difficult to measure. Therefore, qualitative methods like semi-structured interviews and
observations were conducted, since they are useful in capturing complex issues (Sofaer,
2000) and when trying to understand human and organisational behaviour (Turner et al.,
2021).

Even though the interviews and observations were mainly targeted to answer RQ1 they
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also served as a basis for how to address RQ2 and RQ3. This approach is strengthened
by Bryman and Bell (2011) who highlights that conducting qualitative assessment can
facilitate following quantitative research by aiding in knowing what data to look for.

4.2.1.1 Interviews

Interviews and discussions with employees were important to understand the current state
at the plant and how IRI affect operational performance. Densombe (2014) mentions
that interviews are appropriate when the issue at hand is complex and the researchers
need to get a deep understanding of an organisation, system, or process. A number of
semi-structured interviews were conducted. Semi-structured interviews were considered
beneficial due to the possibility of being flexible in the setup and execution of the interviews
(Kallio et al., 2016). Additionally, the method allows the interviewers to interact with the
interviewee, through allowing follow up questions or clarifications (Galletta, 2013). When
interview questions are open, causing multifaceted answers, the method can be highly
useful since the interview can adapt to the conversation.

With a semi-structured interview method, the questions could be updated for each new in-
terview, to accommodate increased knowledge about the situation at the company. There-
fore, the questions could incrementally be more specific and relevant to the subject of the
study. Densombe (2014) defines this as conducting interviews ”developmentally”, with the
advantage of being able to follow up new and relevant information. Interviewing people
from several different departments were regarded important since the problem of IRI often
stretches over and affects several functions of a company, as highlighted in section 2.3.
Therefore, employees from logistics, material planning, stock taking, IMC, and IT were
interviewed to capture different perspectives of the problem.

4.2.1.2 Observations

Densombe (2014) discuss observations as a valid method for collecting data and how it,
in contrast to interviews, is based on the researcher’s perceptions rather than relying on
information from respondents. As this case study took place at a plant, many possibilities
to directly observe processes, methods, and behaviour were given. The daily operations of
IMC, the small-box material flow, and stocktaking functions were each shadowed for a full
day, which resulted in great insights of present challenges. During these days, questions
about processes and events were asked, which aided in deepening the understanding of
IRI and inventory management problems.

4.2.2 Data understanding

This phase included the collection and documentation of quantitative system data. Since
it was impossible to create an accurate problem definition without having a first look at
the available data (Wirth & Hipp, 2000), this phase did overlap with the business under-
standing phase to some extent. Furthermore, this phase included the initial exploration
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of data, in order to assess the quality of the data, but also to look for patterns and fur-
ther insights which could contribute to the understanding of the data. Through a better
understanding of the existing data in the databases, this phase aided in answering RQ2
and RQ3.

4.2.3 Data preparation

In the data preparation phase, raw data collected in the previous steps were converted into
meaningful datasets that constituted the input for visualisations and presentation of data.
As the quality of data affect the quality of the results, multiple data cleaning activities
were carried out. Like correction of missing values and corrupt data, construction of
new relevant variables, and merging activities for different datasets. Without thoroughly
examining the data and ensuring the correctness of the data the result would be unreliable,
therefore the phase directly contributed to answering RQ2. Furthermore, it indirectly
aided to answer RQ3, as valuable insights about the status of the existing data were
obtained.

4.2.4 Modelling

When moving into the modelling phase, where the visualisation of inventory record data
was performed, it was crucial to consider what kind of data that were available and
how it should be presented to have the greatest effect. Different visualisation techniques
were therefore tested and selected. Discussions about the visualisations were performed
together with the different functions at the plant in order to ensure that the data was
presented in an apprehensible way. Suggestions on new ways of categorising the data were
also given. Due to the aim of aiding prioritisation of IRI improvements, striking a good
balance between amount of information and comprehensibility were crucial. To much
information would mean that it would be difficult to comprehend the result, the reverse,
not including enough information could be misleading. Therefore, this phase contributed
to answer RQ2.

4.2.5 Evaluation

Due to time restrictions of the project, the last two phases, evaluation and deployment,
were to some extent downplayed compared to projects with more time and resources.
Nevertheless, the discussion with affected functions was still considered as very important
in the process of verifying the results with people that are familiar with the layout and
processes of the plant. After the initial results had been presented, new discussions were
held with stakeholders and the different functions in order to ensure that the objectives of
the case study were met. Feedback on the relevance of data led to some small adjustments
in order to tailor the needs of the different functions at the company. The discussions
gave further knowledge about how to interpret the results, which further contributed to
answer RQ2.
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4.2.6 Deployment

In all IT related projects, anchoring the result in the organisation is crucial. Assigning
the right people responsible for the continuous support and maintenance is essential for
successful IT solutions (Fountaine et al., 2019). Multiple discussion forums were held at
the end of the case study, which resulted in a good overview of stakeholders, which in
turn, allowed recommendations for further work.

4.3 Ethics

For research taking place in a business setting, ethical considerations about the research
methodology and data collection becomes important. Diener and Crandall (1978) discuss
four ethical aspects for research in a business context, namely harm to participants, lack
of informed consent, invasion of privacy, and deception. These have all been considered
throughout the project.

Not causing harm to participants seems evident but Bryman and Bell (2011) highlights
the significance of assuring confidentiality and anonymity in the business research process.
In this project, several interviews with employees have been conducted and access to data,
with different degrees of confidentiality, were granted. Therefore, precautions were taken
so that interview records were anonymised and that questions were formulated in a way
that did not cause any harm or stress to the interview subjects. Results from internal
databases from the plant have been anonymised and presented in a way so that they
do not pose a threat, in terms of finances or reputation, to the plant or their partners.
Lack of informed consent can be problematic in qualitative research methods, where some
results and conclusions can be made from methods like observations (Bryman & Bell,
2011). By being transparent with the aim and purpose of the observations and questions
asked to persons at the plant, we hope to have overcome this issue. To prevent invasion of
privacy, all interview records have been anonymised and the results presented cannot be
traced back to any individual. Similarly, data extracted from internal databases have been
reviewed to ensure that no specific employees can be traced to the result. Deception has
been prevented through transparency and follow-up meetings with relevant stakeholders
during the project. Additionally, stakeholders at the plant reviewed the case study report
before publication to make sure that the ethical considerations had not been violated.

4.4 Research quality

In order to ensure that the research conducted in this thesis have met a certain standard,
Guba’s and Lincoln’s four measurements for research quality (1994) have been utilised.
The factors are credibility, transferability, dependability, and confirmability.

Credibility refers to how trustworthy or accurate the results of the research are. In order
to increase the credibility of this case study, respondent validation was used. This was
performed during the interviews, in the sense that everything written down were cross-
checked and verified with the interviewee so that the content was understood correctly.
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Additionally, the results were presented for several functions at the plant in order to verify
the feasibility. Transferability tells us if the results are applicable in other contexts than
for the specific study (Bryman & Bell, 2011). Since the case study was only performed at
one plant, the degree of generalisation of findings can be discussed. However, by providing
an extensive description of the characteristics at the plant and methodology of how the
study was performed, a foundation for applying similar research in other contexts is given.
Guba and Lincoln (1994) describes this as providing a ”thick description” for further work
to make judgements about generalisation.

Bryman and Bell (2011) explain how confirmability is related to objectivity and how
researchers manages to avoid letting personal experience or values affect the result. Voss et
al. (2002) mentions observer bias as a common problem in case studies where researchers
quickly must form an opinion about a situation. In order to not fall into this trap,
interviews were made sure to be well documented, so that the room for interpretation of
the answer were narrowed. If any uncertainties emerged, one could always go back to the
answer to exactly see what were said. Additionally, observations made at the plant were
always verified with employees to ensure that the observation or situation was correctly
interpreted. Lastly, in order to increase the trustworthiness of this case study, we have
tried to be clear about which steps that were made in the different phases and explaining
why they were made. In this way dependability were addressed. It should however be
noted that due its sensitive nature, as mentioned in section 4.3, all details of information
cannot be disclosed.
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5 Results

In the following section the results obtained from interviews, observations, and data anal-
ysis during the case study will be presented. The results are divided into three different
subsections, each corresponding to one of the three research questions presented in sec-
tion 1.4.

5.1 Qualitative assessment of inventory record inaccuracy

A range of different causes that drives IRI at the plant have been identified. These causes
can arise randomly, but larger groups of underlying root causes have been identified which
further drives the frequency of these causes. The groups that have been identified are,
human errors, process errors, and lack of knowledge. A cause can be affected by one
or more of the larger groups. If one cause falls under multiple groups, it indicates that
there are multiple root causes that drives the frequency of the cause. The consequences of
IRI have further on been divided into direct consequences and indirect consequences, to
emphasise that the first level consequences that occur due to IRI in turn lead to further
implications. For each of the indirect consequences, the affected functions have been
identified. These findings have been the result of multiple interviews, discussions, and
observations. In figure 4, a summary of the findings is presented.
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Figure 4: An overview of the impact of IRI at the case company
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5.1.1 Causes of inventory record inaccuracies

Behind the identified causes of IRI, multiple underlying root causes were identified. These
root causes were grouped into the larger groups of human errors, process errors, and lack
of knowledge, based upon their characteristics. The different causes identified originated
from the data collection, and is the result of interviews, discussions, and observations.
In figure 5, the identified causes, the different root causes, and the larger groups of root
causes, can be seen. The grey boxes at the bottom displays the cause in bold and the
identified examples are added to the grey box in a dashed smaller box. These identified
causes, as earlier mentioned, often appear due to another root cause, which are shown in
the dashed white boxes. The root causes were thereafter categorised into different groups
of underlying root causes, represented by the three large white boxes: human errors,
process errors, and lack of knowledge.
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Figure 5: Causes of IRI at the case company

Seven frequent and critical causes were identified during the data collection, namely wrong
info in BOM, wrong adjustment of package, unreported scrapping, missed scan, wrong
part(s) used at line, altering in one system without updating others, and theft of parts
from workstation. A description of each identified cause is presented below.

• Wrong info in BOM - Wrong info in BOM means that the bill of material, which
describe the included parts or sub-assemblies of the truck, is incorrect or does not
match with the truck’s assembly instructions. Since the BOM specifies what ma-
terial is withdrawn from the system’s line balance, a mismatch with the assembly
instructions will lead to inaccurate line balances. An example of how this could
occur is when so called campaigns for certain types of trucks are made. In those
cases, a part, e.g. a reversing camera, can by mistake be added to the BOM for all
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trucks of a certain type, even though it have not been ordered for all of them. If a
camera has not been ordered for a truck, this will show in the assembly instructions,
while it remain unchanged in the BOM until manually corrected. As a result, the
camera will be withdrawn from the system’s line balance, while in reality it has not
been mounted.

• Wrong adjustment of package - Many stock record errors appear due to wrongfully
performed adjustments of stock in the inventory systems. For example, if a pallet
for some reason cannot be used it should be blocked in the system to hinder it from
being ordered to the assembly line. However, a common mistake is to, in the system,
”transfer” that pallet from the warehouse to the assembly line balance instead of
blocking it. In this way the pallet cannot be ordered by operators at the assembly
line and it is removed from the warehouse balance. In short-term, the problem is
solved but a new problem appears. The assembly line’s system balance will present
a higher inventory balance in comparison to the physical inventory. These errors
have been found to be relatively common, and employees have learnt to ”fool” the
system for short-term problem solving. These errors might then be inherited to
new personnel as they are taught the informal practices. One of the identified root
causes for this kind of behaviour is the lack of knowledge about the consequences
such action have in the system, which also means that until the knowledge gap is
bridged, these actions will continue.

• Unreported Scrapping - When a material is either damaged or obsolete, it should be
scrapped and be deleted from the inventory systems. Occasionally, when a part is
damaged it is wrongfully reported or not reported at all. Therefore, even if the part
is damaged and removed from the line, it will still be present in the systems and
contribute to the problem of IRI. The unreported scrapping could occur due to fear
of repercussions, meaning that no one wants to announce that the goods have been
damaged. In those cases, it is common to put a note on the material and hope that
someone else will take care of the problem, which could take days. Similarly to the
wrong adjustments of package issue, a lack of knowledge about how the systems are
affected by the behaviour, means that the behaviour will persist.

• Missed Scan - The material’s information flow within the plant is highly dependent
on scanning to confirm deliveries, establish location of inventory, or to order material.
If an event is executed but not followed by a scan, the systems will never know it
has happened. Consequently, a missed, or wrong scan is a significant driver of IRI
within the plant. A missed scan can occur due to multiple reasons, but human
errors are the most common. An employee might forget to scan a box after it has
been delivered, or the scan did simply not register and the person did not notice.
Circumstances like dirty barcodes or technical errors with the scanner can also be
reasons behind missed scans.

• Wrong part(s) used at line - The assembly instructions for each truck specifies which
parts that should be used for the assembly. However, operators occasionally deviates
from the specification, and instead use other parts. This is mainly the case for parts
that to some extent are interchangeable, like screws with the same diameter but
different length or coating. Using the wrong part drives IRI both for the part that is
consumed, but also for the part that were intended to be used, because the intended
part will be withdrawn from the system’s balance while the wrong part is consumed
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but not withdrawn from the system’s balance. This result in that the intended part
will display a lower system balance compared to the physical inventory, while the
reverse becomes true for the wrong part that actually were used. Using the correct
part but with wrong quantity is also a common error, like using three screws instead
of the specified two. The mentioned errors can be consequence of the human factor,
that the wrong part is consumed by mistake or because of a stressful situation.
However, in some cases the operators at line diverge from the manufacturing order
and assemble based on their own preference or convenience. This behaviour may
not have any real consequences for the final product but on a database and a system
level it results in negative consequences.

• Altering in one system without updating others - The plant is dependent on several
systems for handling the internal material flows. Communication and consistency
between these systems are essential. There are cases when parameters, as part
balances, needs to be altered in one system to reflect the reality. Updating the
information in one system is fine as long as the information also is updated in the
connected systems. The problem is that there are not always automatic update
triggers when altering one system, causing a mismatch in information. If not cor-
rected, someone will eventually make a decision based on incorrect data. This error
is related to the wrong info in BOM error, as it originates from a mismatch between
systems.

• Theft of parts from workstation - Theft of parts from workstation is the last identified
cause of IRI at the plant and can occur due to criminal theft, but also theft in the
sense that a part is taken from the assembly line without being registered in the
system. The latter is the most common, and often occurs when readjustments of
a truck is made. Operators generally need one or few parts for the readjustments,
which they often just walk and fetch from the inventory at assembly line without
registering it in the systems. In discussions with logistics it was suggested that a
moat should be built around the people at readjustment so that they could not go
and fetch parts as they wish. Even though it was meant as a joke, it says something
about the consequences it has on the assembly line balances. Criminal theft of parts
can happen, however infrequently and in relatively small numbers.

Through root cause analysis, it is identified that multiple causes share similar root causes.
The identified root causes also appear to share similarities. Through grouping the different
root causes into three larger groups, the groups of human errors, process errors, and lack
of knowledge appears.

• Human Errors - The first group, the human errors, are errors that appear because
of the human factor. Mistakes or lack of focus causes variations in processes that
are impossible to fully eliminate with humans. From the data collection it could
be seen that unreported scrapping, missed scan, and wrong part(s) used at line to
some extent originated from human errors. Stress and time constraints were said
to be some of the reasons of why the human errors originated. Fear of repercussion
were also defined as a human error, due to the human tendency of avoiding the
consequences of an action.
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• Process Errors - Some causes were identified to originate from, and were allowed
to continue, due to inadequate processes. This group were called process errors.
Inadequate training and absence of documented processes drives errors like wrong
adjustments of packages and unreported scrapping. Informal practices or processes
that are common among employees solves-short term problems but result in system
errors that ultimately lead to IRI. Complex systems hinders the creation of clear
and easy-to-follow processes, which in turn result in that employees creates their
own processes that are inherited by other people. Lastly, silo mentality and lack
of communication is a driver for some of the errors as it hamper effective problem
solving.

• Lack of Knowledge - Lack of knowledge is the last identified group of root causes and
was found to be prevalent in all causes of IRI. Similarly as for the process errors, a
lack of knowledge about the complex systems pressure employees to apply heuristics
(mental shortcuts) that solves short-term issues but lead to new problems. A lack
of knowledge about the implications of ones actions also increases the risk for errors
to occur. Many times, the person causing the error will never see or have to deal
with the consequences. If the person causing the error do not get sufficient feedback
on the implications, this behaviour will most likely continue.

5.1.2 Consequences of inventory record innacuracies

Similarly to the causes, the consequences of IRI are many. Through the data collection,
IRI have been identified to lead to three direct consequences, which then lead to a range
of indirect consequences. In turn, the indirect consequences have been found to impact
the organisation in multiple ways. Figure 6 shows the direct as well as the indirect con-
sequences of IRI, and how each function more precisely are affected by each consequence.
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Figure 6: Consequences of IRI at the case company
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The identified direct consequences of IRI are the following: We believe material is missing
but it is there, We believe there is material but there is not, and We mistrust the stock
levels. These will in detail be described below.

• We believe material is missing but it is there - The first and rather obvious conse-
quence is that the we believe material is missing, since that is what the system’s line
balance indicates, while in reality there are material there. This is what happens
when a negative stock deviation occur, if a part is withdrawn from the system even
though it was not actually withdrawn. Such error affects the work of material plan-
ners, since they will order more parts to the plant even though it is not required,
which in turn ties up unnecessary capital for the company.

• We believe there is material but there is not - The second consequence, is the reverse
of the first. The system’s line balance indicates that there are material at the line,
however, there are not. This may occur as a result of a positive stock deviation where
a part is withdrawn from the system’s balance even though it was never withdrawn
from the actual inventory. In the worst case scenario, material planners will not
procure any material since the system tells them that there are sufficient material
in the plant, even though there is not, and a shortage will emerge.

• We mistrust the stock levels - Due to IRI issues, with positive and negative stock
deviations, the stock levels in the factory cannot be trusted. It is the common
opinion that the situation is bad, which is strengthened by the decision of material
planners to not utilise the assembly line balance in the demand planning. In their
work, the assembly line balance can be viewed as an extra safety stock since they
only consider the warehouse balance when ordering material to the plant.

The indirect consequences, which are a result of the direct consequences, were found to
be phase-out/high-scrap cost, strained supplier relationships, missing parts at line, short-
term problem solving, full inventories, and non-streamlined material flows.

• Phase-out/high scrap cost - Scrapping costs for material is an unnecessary and an
unwelcome cost, but can be the result of material that have been lost in the inventory
systems. Lost material can remain in the warehouse a long time until found. The
parts might then be obsolete and must therefore be scrapped. This has negative
financial consequences for the plant which must deal with higher scrapping costs in
the phase-out of parts.

• Strained supplier relationships - If the last pallet of a part is withdrawn from the
inventory and moved to the assembly line, the responsible material planner would
get a shortage warning since the assembly line balance is not used in demand plan-
ning. The material planner would then reach out to the supplier and rush a new
order of material. This puts the supplier relationship at risk, due to the short notice,
but also ensue high transportation costs because of the rushed transport and order.
The extra costs can however be justifiable if there actually were a risk of missing
parts at the assembly line. However, if the pallet moved to the assembly line had
a coverage time of two months, which can be the case, replenishment would not
have been needed to be rushed. The behaviour puts an unnecessary high stress on
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the supplier relationship because it becomes impossible for the supplier to plan its
production effectively, if the need of rushing certain material is recurrent. Addition-
ally, unreliable part balances creates irregular purchasing patterns which may cause
annoyance among suppliers.

• Missing parts at line - When parts in the system cannot be found it can ultimately
lead to that the parts are not present at the assembly line when needed. This
consequence can have a massive impact on the production and affects many functions
in the plant. The operators at line cannot perform their work and reports to IMC,
who must initiate a search for material and rush it to the assembly line. Eventually,
if the material cannot be found, material planning must place a costly express order.

• Short-term problem solving - Another consequence of IRI is that it prevents long-
term planning and instead forces short-term problem solving. It affects IMC who
are prevented to work proactively as they must solve urgent problems caused by
IRI. Material planning are forced to place express orders to ensure that production
continues. Stock taking are affected since IRI forces them to correct balances for
parts with suspicious stock levels, instead of performing the scheduled stock taking
for all parts in the plant.

• Full inventories - Due to the mistrust of stock levels, excessive material is ordered,
which causes problems of full inventories at the plant. The logistics function is
affected as they have to find ways to make room for material in the full shelves.
With full inventories there is also an increased risk that material get stuck in the
goods receiving process, and IMC might have to rush material beyond the normal
process so that the part can be received at the assembly line.

• Non-streamlined material flow - Similarly as with the full inventories, mistrust of
stock levels result in that the material flow in the plant is not as optimised as it
could be. Too much material is ordered, which causes disruptions in the material
flow and increases the perceived complexity in the plant. Additionally, the excessive
ordering of material prevents lean manufacturing as it increases costs and waste.
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5.2 Quantifying deviations

The following section will present how line balance deviations can be calculated and the
reasoning behind it. Furthermore, an overview of the situation, based on the quantification
of deviations, will be presented together with a correlation analysis. The first step of
calculating deviations of line balances at the case company was to understand how line
balances are updated and how the system is set up. Through this analysis the following
insights were made:

• There are multiple ways a new delivery to the line may be initiated when there is
a need of material. Different parts have different setups, ranging from an assembler
scanning a bar code, to a forklift driver collecting an empty box. The replenishment
time for an empty unit load can therefore greatly vary between parts.

• Withdrawals from the system line balance does not occur in real-time. There are a
few selected stations on the line that the chassis must pass for the system to register
withdrawals of parts from previous stations that are included in the chassis’s BOM.
This creates a time lag between the real line balance and the system’s line balance.

• If a low-runner part is replenished in great volumes, there might be long time-periods
between deliveries. If one would have a set time-period to calculate deviations
between deliveries and withdrawals, there could therefore be a large deficit one
time-period that is compensated in the next time-period, and vice-versa.

• Often, there are multiple unit loads for one part that is stored at the line. With-
drawals are registered in the system on a station level and not on a unit load level.
Therefore, it is not possible to determine from which unit load the operator is pick-
ing from in the data. In combination with varying replenishment times, due to the
different material ordering setups and delivery methods, summarising deviations
between deliveries can be misleading.

5.2.1 Defining a deviation

In figure 7 the calculation of deviations is exemplified for one part with a monthly time
period. In December, one delivery of three parts comes in. However, only two parts are
withdrawn in this time-period, and none of them are from the delivery that just arrived.
Instead they originate from a previous delivery that has not been included in the dataset.
Summarising the deliveries and withdrawals in this time time-period results in a surplus
of one part. In the following time-period, withdrawals from the delivery that arrived late
in December starts to show up in the system. At the same time a new delivery arrives,
which starts to be consumed in the end of the month. In the end of January a new
delivery arrives, which again is not consumed in the time-period. The month of January
therefore once again results in a positive deviation of one part. The cumulative deviation
now sums up to a surplus of two parts. In the last time-period there has not been a
delivery yet, but two withdrawals are registered which instead results in a deficit of two
parts. Summarising the cumulative deviation at the end of the dataset therefore results
in a cumulative deviation of zero.
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Figure 7: Example of withdrawals and deliveries for the calculation of cumulative deviation for one part

Even though it is evident that summarising withdrawals and deliveries over a fixed time-
period will lead to deviations due to deliveries late in the time-period that are not with-
drawn in the same time-period, the cumulative deviation over many time-periods has to
be close to zero if there is no true accumulation or deficit of parts.

Since a deviation is represented in pieces, high volume parts will have much greater devi-
ations in comparison to low volume parts. However, if a part shows a deviation of +5 000
pieces but 1 000 000 pieces has been delivered, the deviation is minuscule, in contrast to
a part that shows a deviation of +10 where only 15 pieces has been delivered. Therefore,
in order to further increase the possibility to compare results between different parts re-
gardless of volume, the following measurement of comparative deviation is constructed,
see equation 1.

Total deliveries− Total withdrawals

Total deliveries
= Comparative deviation [%] (1)

Deliveries in the system are a direct consequence of a registered delivery of a unit load by
a deliverer and should therefore reflect the physical world with minor errors. Accordingly,
we choose to design the comparative deviation presented in equation 1 to build upon the
total deliveries. This design decision may lead to extreme negative comparative deviations,
since a part with few deliveries but a decent amount of withdrawals will result in great
negative comparative deviations. The reverse case of no withdrawals would result in a
positive comparative deviation of nothing greater than 100%.

A positive comparative deviation could indicate two things. Either unreported scrapping
of material has occurred on the line and more material than required have been needed
during the time-period, or it means that there has been an accumulation of parts at the
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line. A negative comparative deviation is however a peculiar phenomenon that would
indicate that more material has been withdrawn than what has been delivered to the line.
This may be fine, if and only if, the inventory at the line have a large enough buffer to
accommodate the negative deviation. However, if the deviation is greater than the buffer
it would indicate that operators have conjured parts out of the thin air, which they later
mounted to the chassis.

5.2.2 An overview of the data

By retrieving the last 12 months of data for the plant, all deliveries and withdrawals
for 1824 different parts in that time-period could be collected. Through an overview of
the dataset, three major groups are identified, those parts that over time have a positive
cumulative deviation, those parts that over time stay close to zero, and lastly those parts
that have a negative cumulative deviation. Since a late delivery in the last time-period for
a part that has a cumulative deviation close to zero could result in a positive cumulative
deviation, as discussed in subsection 5.2.1, a relatively relaxed threshold had to be set to
define the boundaries of the three groups. Therefore, in discussions with employees at
the plant, a threshold of ±5% were set. The threshold was considered relaxed enough to
reduce the number of false alarms for parts delivered seldomly in high volumes, but strict
enough to flag parts with moderate deviations.

In figure 8, the deviations and cumulative deviations of nine parts are visualised. These
have been selected because they represent the behaviour of a majority of the parts in the
different groups. Part number one to three all have a cumulative deviation greater than
+5%. In this group some parts shows a promising behaviour for some time and some
are just above +5% in comparative deviation, which is exemplified by the behaviour of
part number one. However, some parts with similar behaviour lands at an even higher
comparative deviation after a year, as exemplified by part number two. Finally, a number
of parts in this category show a systematically positive deviation over time, which in the
end results in a very high comparative deviation. In the case of part number three, the
final comparative deviation is +41.4%, which indicates that 41.4% more material than
what has been withdrawn by the system has been delivered. Moving on to the group that
display a comparative deviation close to zero. This group show varying monthly deviations
that may be explained by the breakpoints of time-periods. A deficit in one time-period is
compensated in the next and vice-versa, which leads to that the cumulative deviation over
a year stay close to zero. In the final group of parts, where there are more withdrawals
than deliveries, there are parts that systematically have a negative deviation, exemplified
by part number seven. This behaviour is the reverse of what can be found in the first
group, where there were parts that systematically had a positive deviation, but which also
resulted in alarming cumulative deviations.
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Figure 8: Visualisation of different behaviours of deviations for nine parts found in the data

Taking one step back in detail level and analysing the comparative deviation for all parts
stored at the base module line and the final assembly line (visualised in figure 2) for both
virtual factories, the distribution shown in figure 9 emerges. Summarising the number
of parts in the different categories, 11.6% of the total number of parts have a negative
comparative deviation greater than -5%, 70.4% of the total number of parts shows a
comparative deviation lesser than ±5%, and finally, 18.0% of the parts have a comparative
deviation greater than +5%. In the group of negative comparative deviations there are
some parts that go as low as -24600%. For this specific case, only one part has been
delivered but 247 parts have been withdrawn.
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Figure 9: Distribution of parts’ deviations for time period
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5.2.3 Verifying the results

If the comparative deviation for a part is positive, it indicates that there have been an
accumulation of parts at the line. Since the inventory at the assembly line is fixed, this
is in reality probably not the case, as long as the setup has not changed. Consequently,
when the assembly line balance is controlled by the stock-takers it should reasonably be
adjusted downwards. If the comparative deviation instead would be negative, the reverse
would be true, that there is more material at the assembly line in comparison to what the
system says, and therefore the stock-taker should adjust the balance upwards.

The database of previous stocktakings, stretches to the last previous 24 months. Through
summarising all previous stocktakings for one part in the system, and adding up the
adjustments, a smoothed value is retrieved for the previous behaviour of the assembly line
balance for one part. This number is then compared to the comparative deviation, and
if a positive comparative deviation is adjusted downwards, and a negative comparative
deviation is adjusted upwards, the result is considered verified.

Since stock-taking is a continuous process where most parts are stock-taken according to
a yearly schedule, and the comparative deviation is the result of the last twelve months of
data, there could be a situation where the last stocktaking that is registered is from two
years ago and it is now used in the comparison of today’s result. During this time the
behaviour of a part can have changed and even though we have a positive comparative
deviation today that should be corrected downwards, it might have been corrected upwards
two years ago. Therefore, the decision was made to classify these results as uncertain and
not wrong, since it is difficult to tell without more up to date data. For the full distribution
between verified, uncertain, and missing data, see figure 10. Without considering any
time aspect of when the stock-taking occurred, the majority of parts can be cross-checked
against the last known stock-taking.
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Figure 10: Cross-check of results against previous stocktaking result
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5.2.4 Categorising the result

If the results for the comparative deviation are separated on the two different virtual
factories, clear differences can be viewed, see figure 11. For virtual factory 1, 61% of
the total number of parts holds a comparative deviation within ±5%, while the equivalent
result for virtual factory 2 is 82.1%. Notable is that the main difference lies in the category
of parts with a comparative deviation greater than +5%.
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Figure 11: Comparison of distribution between the two virtual factories

All parts delivered to the line have an established way of entering the factory through an
outer gate and then into a storage before they are finally moved to their point of use. By
combining the information of which outer gate the different parts enter, together with the
comparative deviation for each part, and categorising the result on outer gate, the result
is the distribution found in figure 12. Due to outliers, a decision were made to filter out
the 5% of most extreme values, to be able to visualise the distribution. For a majority
of the outer gates, relatively large numbers of comparative deviations are present, except
for B3, C1, and D1.
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Figure 12: Distribution of parts’ comparative deviations categorised on outer gates

30



In the plant, each part is presented in its own packaging. The three main used package
types in the factory are cardboard-boxes (CB-boxes), boxes, and pallets. In addition there
are some special, and less frequent, package types as roll-racks and containers which have
been put under the category ”Other”. Furthermore, there are some part numbers that
does not hold any information about package type in the database, these parts have been
put under the category ”Missing”. Through categorising the different parts’ deviation in
combination with the parts’ package types, new distribution emerges which can be seen in
figure 13. Once again, the greatest outliers have been filtered out from the visualisation.
CB-boxes have a wide distribution of deviations, which is visible through the narrower
body in the figure. For the box category, the situation is somewhat better, there are great
deviations for a number of parts, but a larger share of parts shows deviations lesser than
the threshold of ±5%. The pallet group have large deviations for some parts, but the
majority of the parts are found within the threshold.
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Figure 13: Distribution of parts’ comparative deviations categorised on package type

Each different part comes with a price tag and by multiplying the comparative deviation
with the unit price, the result in figure 13 can be weighted by the cost of the parts. Due
to anonymisation of data the cost is presented through a range between -2 to 3. This
means that an article with a high comparative deviation but a low unit price will have
a lower impact in comparison to an expensive part with a high comparative deviation.
By summarising the totals for each category, it is found that the CB-box category shows
the highest absolute average deviation with 4.6%. This is more than double compared to
the Box category and close to six times greater than the average deviation of the Pallet
category. However, when summarising the total cost of the deviations for each category,
the Box category shows the highest cost, closely followed by the Pallet category. The
CB-box category only takes the third spot, in front of the last two categories, Other
and Missing. Even though, the CB-box category show great deviations, the cost of these
parts are relatively cheap. The cost of the parts in the pallet category shows the smallest
average deviation but the cost is however greater in comparison, and therefore the total
cost of these deviations are still greater than for the CB-box category. The distribution
and summary of totals can be seen in figure 14.
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Figure 14: Distribution of parts’ cost of cumulative deviation categorised on package type

5.2.5 Correlation analysis

Through analysing the absolute value of the comparative deviation and putting it in
relation to the number of pieces in the unit load, it is possible to look for correlation
between the number of items in a unit load and the comparative deviation. The result
can be found in figure 15. The majority of parts have fewer than 200 pieces in each unit
load and there are indications that these show greater deviations. However, the calculated
average, shows that even though there seem to be a higher number of articles with great
deviations for parts with a low unit load, the average is still lower in comparison to higher
unit loads. There is a clear upward trend from the start up until around 500 pieces, before
there is a dip. With analysis of the data points it does however become clear that after a
certain unit load there is a categorical behaviour of this axis. There might be one, two,
or three parts in different unit loads but 601, 602, or 603, pieces does however not show
up in any unit loads which creates these gaps in the data.
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Figure 15: Parts’ absolute comparative deviation in relation to unit loads categorised on package type

By utilising the absolute value of the comparative deviation, but in relation to the unit
price instead of the unit load, it is possible to analyse correlation between the unit price
and the comparative deviation. The result can be found in figure 16. Looking at the
distribution, there is a greater distribution of deviations for cheaper parts, however, due
to the vast amount of parts that does not experience any extraordinary deviations, the
average for the cheaper parts does not show any clear difference to the more expensive
ones.
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Figure 16: Parts’ absolute comparative deviation in relation to unit price categorised on package type
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To further investigate differences in behaviour between cheap, mid-priced, and expen-
sive parts, and more clearly visualise differences in distribution between these groups, a
new categorisation is done see figure 17. What was indicated in the previous figure (fig-
ure 16), that the highest deviations can be found in the cheapest parts becomes clear.
The cheapest parts do have the greatest distribution of deviations, the mid-priced cate-
gory indicates a slightly better situation, and lastly the most expensive parts shows the
narrowest distribution.
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Figure 17: Distribution of parts’ comparative deviation categorised on unit price
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5.3 Data quality

To reach the result presented in section 5.2, quantifying deviations, a lot of data has been
located and processed, which have resulted in great insights of the status of the data in
the company. In the following section an overview of the data situation will be presented.

5.3.1 Data quality assessment

Through the literature review, found in section 2.2, it became clear that Cai and Zhu’s
dynamic framework for assessing data quality is well grounded in the literature. Therefore
the framework is considered a plausible framework for evaluating the contribution of
utilising a framework in the work of improving data quality. To verify it’s applicability
we therefore chose to move forward with said framework. In figure 18 the dimensions and
elements of the framework are presented. Further on, notes on all of the included elements
have been added beneath the elements. There are certain elements that have been grayed
out, these elements have not been included in the assessment due to the nature of the
study.

Availability Usability Reliability Relevance Presentation Quality
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Figure 18: Data quality assessment of the case company

To further elaborate on the findings, the result for each dimension and its elements will
be described in detail below.

• Availability - Under the Availability dimension, Accessibility is the first element. In
the process of retrieving the data for the quantitative analysis, multiple different
processes were needed to get access to the different databases. This was a time
consuming process.
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The second element of the dimension is Timeliness. Since the company has a global
presence, and some databases are shared between sites, there are large amounts of
data. When doing a site specific analysis, a lot of the data were redundant and only
contributed with longer processing times. The processing time increased the time
needed for certain operations, however it were not a true barrier for the analysis.

The third element is Authorisation. Different databases in the company have differ-
ent setups, where the sites only are allowed to directly tap into databases that only
holds local information. To access databases with information of multiple sites it is
necessary to utilise different database API:s that has been setup to allow access to
specific data. The setup do create a barrier for utilising the full potential of the data
since it might be difficult to know what kind of data exists when it is not allowed
to look into the full databases.

• Usability - The next dimension of the framework is Usability, where documentation
is the first element. In the company there are non known documentation of the
different databases. There are documentation for the actual applications, but due
to great differences between how the data is presented in the applications and how
the databases are setup they are to little help. Retrieving information about the
different data sources is only possible through a number of persons that has been
working with the databases. This is a major barrier since it therefore takes time to
retrieve specific information through the databases.

Credibility is the following element of the dimension. Since there have been no
collection of data analysing the overall opinion about the credibility of data in the
databases, there are no remarks given for this element.

MetaData is another element which is closely linked to the documentation aspect
of databases. The status of the different databases are dismal in this aspect. There
are multiple column names that differ from one another even though they show the
same thing. Furthermore, there are no schematic diagram showing how tables relate
to each other, and the different id columns that are required to link tables utilise
different naming conventions even though they should not, which further increase
the complexity of accessing the data.

• Reliability - The third dimension in the framework of data quality is Reliability.
This is a dimension that requires lots of analysis to fully asses for all different tables
and columns and therefore the remarks only apply to one specific case of the study.
The accuracy of the data, that have been analysed, has shown multiple cases of
incorrect data, and there are multiple examples were the data does not reflect the
physical world due to errors.

The consistency of data between different databases is overall on a decent level,
there are some time-lag between different databases but the same data in different
databases are generally showing the same thing. However, looking on more specific
data in the databases a different story is told, where there are many entries that
does not share any logical relation, and where consistency is lacking due to missing
standardisation of data input.

Looking at the element of integrity, no remarks are given due to that the analysis
has not included any interviews with the database owners on the subject of the true
meaning of the databases, which would have been needed to cross-check if the data
can be seen as complete or not.
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The element of completeness has only been analysed in the context of one specific
example, where an assembly line inventory has been analysed. An assembly line
inventory at the plant should have one delivery location, it should belong to a station,
and there should be withdrawals made to the delivery location to reflect the physical
world. In this case, the completeness of assembly line inventories are catastrophic
in the data, and there are multiple links that are missing to have complete assembly
line inventories.

• Relevance - For the penultimate dimension, Relevance, there are only one element:
Fitness. A comment on the overall status of the database cannot be made, since
it requires a full analysis of what kind of data is actually being used. Even though
the study has utilised a great amount of data, it is still only a fraction of the total
amount of data. Looking at the fitness of the data in the perspective of matching
the users need, a comment can be made that there were enough data for the analysis
found in section 5.2, quantifying deviations. However, there were limitations in the
data that made it impossible to go into a higher detail level of were the deviations
occurred.

• Presentation Quality - Finally there is the dimension of Presentation Quality, where
the first element is Readability. The process of retrieving and finding the correct
information has been time-consuming, not because of missing data but because of
the many different naming conventions being used in the databases and that they
do not always correlate with the assigned terminology used in the applications.

The last element of the dimension is Structure. In the case study, the data have
been structured and there have been no need to transform unstructured data into
structured data, therefore no remarks are made for this element.

5.3.2 Data quality analysis of assembly line inventory

In the quantitative analysis of deviations, the comparative deviation were calculated on
a part level, even though parts are delivered to, and withdrawn from, multiple different
assembly line inventories. An analysis on a higher level of detail was not possible with the
existing data. The identified root cause are differences in naming conventions between the
logistics and production technicians, as well as lack of standardised processes for updating
information in the system when making changes to the existing production setup.

If a part is used at multiple workstations at the line, it may have multiple assembly line
inventory locations and therefore also multiple delivery locations. These delivery locations
belong to a workstation, and therefore each delivery should also be connected to a delivery
station. In reality, parts are also withdrawn from the delivered unit load. The setup in
the factory is however withdrawing parts on a workstation level, which means that each
withdrawal should have a part number and a withdrawal station to match the delivery
stations. The chosen setup makes it impossible to separate two delivery locations of the
same part on the same workstation, however, it should be possible to separate delivery
locations of the same part on different workstations if done correctly.
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When analysing the data it is made clear that there are a lot of data errors in the linkage
between deliveries and withdrawals. The delivery location is consistent, and naming wise
no errors can be found. However, when analysing the delivery station that is connected to
the delivery it becomes clear that the logistics technicians does not have a standardised
approach in naming the delivery station. There are mainly two different approaches that
are present in the data, either they follow the material handling area convention, which
would be the first two letters of the delivery location, or they utilise the actual workstation
naming convention which is a three digit number. The material handling area convention
holds a logical relation to the delivery location but because withdrawals are done through
the workstation naming convention, a logical linkage between the delivery location and
station breaks the linkage between the delivery station and withdrawal station. Further-
more, since the delivery station is manually setup, there are also a few data points that
simply are wrong.

Figure 19 visualises the situation for three parts in the data set and includes a summary
of the complete data set. Part one have multiple delivery locations, where the majority of
the locations are connected to delivery stations according to the material handling area
convention, but not every one. Delivery location ”AB12” is following the workstation
naming convention. Part number two only have one delivery location, which also follows
the material handling area convention. Part number three, the last part, also follows the
material handling area convention, it is however not updated correctly. Through looking
at the complete dataset, and defining the logical relation between location and station
as correct, an accuracy of 42% is reached. Since a material handling area includes more
than one station, and withdrawals are done on a station level, delivery stations would
have to follow the workstation naming convention to be possible to link to withdrawals.
Analysing the complete dataset 58% of the delivery stations follows the workstation nam-
ing convention. Through analysing all the withdrawal stations of parts, it is found that
only 2% of withdrawals can be correctly be linked to a delivery station.

Part Number
Delivery 
Station

Withdrawal 
Station

Delivery 
Location

1

AA11

AA12

AA

100

400
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AB
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2
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200

3
AB13 AC

400

Completeness

2%
Accuracy

42%
Consistency

58%
No. of Parts: 1 781 pcs

Figure 19: Visualisation of accuracy, consistency, and completeness of the data

38



6 Discussion

In the following section the results of the case study will be discussed and recommendations
for further work will be presented. The discussion section will firstly focus on bringing an
answer to research question one and two in section 6.1. Research question three, which is
of a different character, will be discussed on its own in section 6.2. The recommendations
of further work in section 6.3 will wrap up the discussion.

6.1 Inventory record inaccuracies

Early in the case study, it was made clear that the inaccurate stock levels affected many
different functions in one way or another, and that there were great costs associated with
the problem. During the interviews it also became clear that the common opinion was
that the stock levels could not be trusted, due to great deviations. No one could however
describe the situation in numbers. Stocktaking was the ones closest to being able to give
an as-is analysis, but they only had a few samples and no summarised data on the problem.
Furthermore, it became clear that no one in the organisation actually had an overview of
the different causes behind the inaccurate stock levels. By revisiting the literature, many
of the causes identified as drivers for IRI, as stock loss, transaction errors, theft (Gershwin
& Kang, 2005), or unregistered scans (Shteren & Avrahami, 2017), have later all been
found to contribute to the problem at the company (see figure 4).

Chapman et al., highlights that the problem of IRI is difficult to measure and there-
fore most information about the situation is normally based upon hearsay (2003). As
previously mentioned, the case company had no data on the problem, there were only
indications on that the problem was widespread. Material planning did not utilise any
percentage of the assembly line balance in their work, since they considered it too unreli-
able. During the time with stocktaking, three parts were controlled and all line balances
had to be adjusted. When first approaching the IT systems controlling the material flow
at the plant, the first part that was looked up showed a negative line balance, even though
there were parts at the assembly line inventory. However, even though strong indications
of a widespread problem, there had been no efforts in quantifying the extent of it at the
plant.

6.1.1 Quantifying the situation

Through locating the data that corresponded to deliveries made to the line, the data that
corresponded to every withdrawal, and correcting it against reported scrapping, it was
possible to calculate the deviation for a great amount of parts at once. The approach does
not enable an analysis on the actual situation in real-time, since it does not incorporate
a starting value. However, when the time-period is extended, all parts that does not sum
up to zero indicate that the line balance is incorrect.
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70.4% of the total parts analysed, have a comparative deviation of ±5%, which means
that over the course of a year, 29.6% of the total number of parts experience substantial
system balance deviations (see figure 9 for full distribution). It is however debatable if the
chosen ±5% threshold is too relaxed. For low-runners that are delivered seldom and in
large volumes, there could be a case where the last delivery impacts the result to a great
extent, where it could be argued that a ±5% threshold is justified. However, the company
has a goal of a two hour coverage time at the line and for parts that are close to that, a
±5% error could not originate from one last delivery and in those cases the threshold is
therefore too relaxed. But both cases must be accommodated to get a simple and intuitive
status report, and therefore the decision was made to utilise the relaxed threshold to not
sound any false alarms.

What does it mean that 29.6% of the parts shows deviations greater than the ±5% thresh-
old? In the end it means that there will be deviations in the system balances that stock-
taking will have to adjust. The full impact is however extending much longer than to the
function of stocktaking. As highlighted in the subsection 5.1.2, when discussing the con-
sequences of IRI, the deviations leads to three main issues: we believe material is missing
but it is there, we believe there is material but there is not, and we mistrust the stock
levels. As visualised in figure 6, these main issues have been identified to lead to a range
of consequences which to some extent impacts close to every function of the company.

6.1.2 Impact on the organisation

As long as there are parts in the system where withdrawals and deliveries over time does
not sum up to zero, the impact on the organisation will remain. The development of
new automatic material ordering systems, that relies on the system balance, will not be
possible as long as the system balances cannot be trusted which hinder further operational
efficiency improvements. Therefore it is essential to tackle parts that show deviations over
time. Connecting to the different behaviours found in the data, as shown in figure 8, parts
that have a constant positive, or constant negative deviation should be prioritised, since
the behaviour indicates systematic errors. It is also these parts that shows the greatest
comparative deviations.

The many causes behind the identified deviations discussed in subsection 5.1.1, causes of
IRI, all contributes to the deviations that appears in the data. However, their frequency,
and their impact varies. In the case of a missed scan, which result in that a delivered unit
load does not show up in the system, that only impacts the system’s balance of one part.
If an operator at line chooses to use another part than the one assigned, that part will
have to be replenished before the actual system balance reaches zero, since more parts
have been withdrawn than what has been registered. In turn, the part that the operator
choose to not pick, will still be withdrawn in the system even though it was not picked,
and therefore, the system’s balance will in time become negative. This underlying cause
therefore impacts the balances of two different parts simultaneously.

Even though the result of our quantitative analysis shows a great number of parts with
great deviations, it must be mentioned that all deviations does not necessary mean that
there are actual parts behind the data. It does however mean that there is a mismatch
between what actually occurred versus what showed up in the system. Take the late
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customer changes as example. Customers are allowed to change their specification of
their order close to the production date and if a customer decides to do so the work
order is changed to accommodate the changes. It is however not the work order that
is controlling the withdrawals of parts, it is set by another system, that is not updated
according to the work order. Therefore when the chassis travel down the line, it withdraws
parts that are not actually mounted to the chassis, and the operators pick parts according
to the work order that according to the system never were picked. In this case the chassis
is built according to the customer’s specification, and in the customer perspective all is
well. However, the chassis have had a great negative impact on the line balances during
its journey down the line.

6.1.3 What to prioritise?

The full analysis of parts includes all kinds of parts, therefore it were likely that there were
groups of parts with similar behaviour, which the findings in subsection 5.2.4, categorising
the result, also showed.

The situation for parts in virtual factory 1, is worse than the situation in virtual factory
2. A possible explanation for this phenomenon is the different characteristics of the parts
allocated to the respective virtual factories. Virtual factory 1 holds parts that generally
are smaller and supplied in greater volumes in comparison to virtual factory 2. This
indicates that system balances of parts that are of smaller sizes and greater volumes are
more likely to deviate from their physical inventory.

Analysing the behaviour of parts in relation to where they enter the factory, as done in
12, showed some differences between different gates, however, the great variety of the
number of parts under each gate makes it difficult to draw any meaningful conclusion.
What can be said is that the parts that are supplied directly into the factory, by the
external vendor, indicates a less centred distribution. Even though the other gates shows
more centred distributions it is notable that the majority of categories still have parts
with more extreme deviations.

Through categorising the parts by their package type, differences becomes clearer, as
shown in figure 13. Parts supplied in cardboard-boxes shows the worst result, where many
parts shows great deviations. Connecting to the previous result, a lot of the cardboard-
box parts are supplied through the external vendor. These parts are often supplied in
great quantities in each box, and are in relation often very cheap. These factors can be
seen to contribute to the carelessness of what the data indicates.

Most parts supplied to the factory come in boxes, this category shows a better distribution
in comparison to the cardboard-box category, there are however still great deviations for
a great amount of parts. The same goes for the rest of the categories. According to
the categorisation on package type, focus should be put on improving the situation for
cardboard-boxes. Through that focus, the situation of IRI would improve dramatically.
However, it might not be the most important category if one considers the financial impact
of the deviations, since a lot of parts in the cardboard-box category are relatively cheap.
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When considering the cost of parts, the distribution of the cardboard-box category now
becomes very similar to the box category, as shown in figure 14. The category of other,
now shows the worst distribution. When summarising the totals of each category, it
does however become clear that this category consist of a limited number of parts. The
total cost of the category of other, in comparison to the rest of the categories, is very
low. Looking at the cardboard-box category, it does show the highest average absolute
deviation, indicating that a lot of parts’ system’s balances greatly deviates from their
physical inventory in this category. A great proportion of these parts are however cheap,
which the total cost of the deviations indicates. The box category does have considerable
lower deviations. The cost of these deviations are however much greater in comparison
to the cardboard-box category. The pallet category have the smallest average absolute
deviations, and through summarising the cost of deviations it does become evident that
these parts are of an expensive nature. The total cost comes close to the category of boxes,
even though, there are fewer number of parts, and a smaller average absolute deviation.

Where should efforts then be put? Only considering the deviations, it is clear that some-
thing should be done to the parts that arrives in cardboard-boxes. This would reduce
deviations drastically. If the price is considered, the highest financial impact per part is
in the category of other, the complexity of overseeing the material processes for many dif-
ferent package types, in combination with the small number of parts, does however speak
against this decision. Focusing on reducing the deviations of parts in the pallet category
instead, will improve the situation for a lot of parts, and have a high financial impact.

6.1.4 How-to improve the situation?

What are the necessary steps to take to improve the situation? The result of the quanti-
tative analysis is clear, there are issues that over time creates errors in the system’s line
balances. The many different causes to these makes it ineffective to eliminate one cause
at a time. As discussed in section 5.1, the underlying root causes can be categorised into
three groups: human errors, process errors, and lack of knowledge. To reduce the presence
of deviations, a focus should be put on the identified root causes, shown in figure 5. There
is however no quick-fix to the problem of IRI. There must be a change of culture, to make
sure that all parts are seen as equally important and that deviations of line balances are
not accepted. Even though there are greater volumes in each unit load, or the parts are
cheaper, the consequences of deviations are the same, and as shown in figure 4 they im-
pact close to every function of the organisation. Changing the culture of how deviations
are seen, will require time and strong determination. Being able to visualise the progress
through the data is therefore seen as key to keep motivation high. Without the tools
presented in the quantitative analysis it would be impossible to know the true effect of
reducing the systems complexity, or increasing the visibility of how systems cooperate.
Therefore, we strongly recommend the frameworks of causes and consequences of IRI to
be used in combination with the tools presented in the quantitative analysis.

It might not be possible to reach zero deviations, due to the many causes of IRI. But
through utilising the information about the larger groups of errors, shown in figure 5,
focusing on improving some of the identified root causes, and follow up the progress
through the digital tools, we see great potential in reducing the extent of IRI.
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6.2 Data quality

The case company have identified the opportunity of digitalisation and have, as highlighted
in section 1.2, started their digital transformation. The potential of a digital transforma-
tion is connected to the available data (Herden, 2020). It is however not only availability
of data that is important. The data quality is equally important, since without the correct
quality of data, it is impossible to reap the full benefits of digitalisation (Ghasemaghaei
& Calic, 2019). However, since the data volumes have exploded the last few years, organ-
isations are today flooded with data (C. Li et al., 2022), and many are struggling with
aligning their data cleaning activities with their most valuable use cases (Fountaine et al.,
2019). This leads to enormous amounts of resources poured into enterprise wide data
cleaning activities without any real rewards (Fountaine et al., 2019).

To solve the problem of prioritisation of data cleaning activities, there must be a clear
view of what the data should be utilised for, which many companies struggle with since
there often is a lack of knowledge in the early stages of a digital transformation (Fountaine
et al., 2019). A clear view of what the data should be utilised for is however only one part
of the problem of prioritisation of data cleaning activities. There must also be a clear
view of what needs to be improved to further facilitate the usage of data. To reach such
clear view, a standardised process of assessment is essential, ensuring that the feedback
of improvements is easy to interpret, but also, ensuring that the feedback is created. By
going through the previous research on data quality, found in section 2.2, the framework of
Cai and Zhu (2015) was identified to be well suited for assessing data quality, as concluded
in subsection 5.3.1.

6.2.1 Implications of the data quality assessment

In subsection 5.3.1 the assessment of data quality, through the framework of Cai and Zhu
(2015) were presented. To further elaborate on the result a discussion about each of the
five dimensions and their implications is held below.

Regarding availability, which is the first dimension of the framework, it is clear that data
must be easy to access in order to reap the full rewards of a data driven organisation. If
the data is difficult to access, due to multiple different databases, or that the long time
it takes to retrieve information is hindering analysis, it does not matter if the data in
itself is of high quality. If everyone in the organisation shall take decisions based upon
data, it must be made easily available to the organisation. There is also a great need of
considering the security aspect when discussing availability of data. The case company,
which operates within a global organisation, have strict rules regarding access to data. It
is possible to gain access to data but there are different processes for different kinds of
data, which complicates matters, and in turn impacts the availability. If the goal is to
increase the use of data in the organisation it is essential that the needed data is easily
accessible.

What are the key takeaways of the dimension of usability? Documentation and metadata
is put in place to increase the comprehension level of data in databases. During the case
study the full effect of lack of documentation and metadata have been acknowledged.
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The case company lack proper documentation of databases, and the metadata is of poor
quality, therefore, navigating through databases have been time consuming. Time that
the majority of employees, due to other commitments, don’t have. Throughout the case
study, there have been a number of people supporting the work with great knowledge of
the databases and its data, such setup does however not suffice if a whole organisation
shall work with data. Having proper documentation and metadata is therefore vital when
working towards becoming a data driven organisation.

Reliability, which is the third dimension of the framework, can be seen as the more tra-
ditional aspect of data quality, previous to the ”fitness of use” concept that have been
introduced in later years (R. Y. Wang et al., 1995). Data should be syntactic correct (not
include garbage data) and semantic correct (represent the real world) (R. Y. Wang et al.,
1995). Even though the concept of data quality now includes many more perspectives.
The result of assessing reliability in the context of the case study, indicates the impor-
tance of the dimension. The shortcomings of the elements of completeness and accuracy,
resulted in that it was impossible to perform the quantitative analysis on a higher detail
level, as explained in subsection 5.3.2. The root cause of this problem does however not
directly originate from the data itself, it is a problem of naming conventions and lack of
standardised processes when updating the information in the systems. It does however
greatly impact the data quality negatively. Furthermore, there is a risk that the inaccu-
racy of data lowers the trust of data and may discourage people from using data. We do
however identify that through greater knowledge of the consequences of inaccurate data,
which eventually the digital transformation will lead to, there will be a greater incentive
to keep the data up to date.

Regarding the fourth dimension, relevance, no deep analysis of the fitness of the data
were carried out. This would have required that every use case of data to be analysed in
relation to the existing data. Still, there are some general comments to be made. The
result showed that there were sufficient data for the analysis in this case study. On the
other hand, there was also a lack of data that could have made a more detailed analysis
possible. Data that, with proper processes, could have been there. What can then be
learned? The framework of Cai and Zhu (2015) emphasises that data quality is very
dependent on how the data fits the user’s needs. Databases and its data cannot be seen
as static entities that once are setup and then not monitored, maintained, or improved.
There must be a continuous development of the data, and feedback from the data users
of what to improve should be encouraged.

User-friendliness and data presentation is key if an organisation wants to create an envi-
ronment where people utilise data in their daily work. Presentation quality is the final
dimension of the used data quality framework. The analysis presented in subsection 5.3.1,
indicates that there is room for improvements in terms of readability. During the case
study the time-consuming data retrieval processes were many times the result of identical
data that had different column names, or that the database consisted of many empty
tables that added to the complexity of finding the relevant ones. These type of problems
can be easily corrected, if there are standardised processes for naming of columns and
removal of abundant tables.
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6.2.2 The role of a data quality framework

In the light of the result and the discussion about data quality, the use of Cai and Zhu’s
(2015) framework is considered as an adequate method for assessing data quality. It man-
ages to capture the different aspects of data quality that are prevalent to data consumers,
it is easy to understand, and allows for efficient assessments. There are however shortcom-
ings of the framework. It is not possible to get a full overview of the status of all data in
the organisation, since some elements of the framework are use case specific, as highlighted
in subsection 5.3.1. Important to note though is that Cai and Zhu, never implies that such
a general assessment is possible through the use of their framework (2015). Furthermore,
it must be questioned if there is any value connected to such general assessment of an
organisation’s data. As pointed out by Fountaine et al. (2019), one of the most common
mistakes in digital transformations is failing to prioritise one’s data cleaning activities. It
is much more efficient to align these activities with the most valuable use cases (Fountaine
et al., 2019).

The framework’s dynamic characteristic makes it applicable to many projects, and the
easiness to choose elements to include in ones assessment further favours the framework.
Due to the well documented process of assessing data quality through the framework, an
uneducated data consumer may still manage to provide a thorough analysis of perceived
data quality. Utilising a framework in the process of conveying areas to improve to the
data engineers, may therefore aid to bridge the knowledge gap between data engineers
and data consumers. Furthermore, viewing data quality as the fitness for use, will in time
have a great impact on the use of data, since the data will become easier to access, easier
to comprehend, and therefore, easier to use.

6.3 Further work

The nature of a case study, where only one case company is involved, means that the
result is based upon the specific context of the company. This study have been limited to
one company, and therefore, verifying the applicability of the findings in other contexts
is encouraged. Furthermore, the detail level of the analysis were hindered by the missing
data connections between withdrawal and delivery locations. We therefore encourage
future studies to look into how one part’s inventory behaviour differ depending on its
location on the line. Through the mapping of the impact of IRI, multiple causes to the
problem were identified. These findings were based upon interviews and observations. To
further increase the effectiveness of countermeasures, quantifying the recurrence of the
different causes could have a great impact on aiding prioritisation of IRI improvements.
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7 Conclusion

The purpose of this case study have been to display how data analytics can contribute to
higher operational efficiency in manufacturing firms, which have been exemplified through
a health assessment of inventory records at assembly line by utilising the tools of data
analytics. Additionally, the study has set out to investigate how a data quality framework
may contribute to facilitating future data analytics projects. By revisiting the guiding re-
search questions, it is made clear that all three questions have been successfully answered.

What impact does inventory record inaccuracy on material planning, production cost, and
production quality, in a manufacturer’s high product variety assembly plant? IRI is found
to be impacting close to every function of the company, which speaks to the seriousness
of the problem. The three main identified consequences of IRI are: We believe material
is missing but it is there, We believe there is material but there is not, and We mistrust
the stock levels. The true impact does however lie in the indirect consequences that are
a result of the direct consequences. Material planning, who are responsible for procuring
material, are due to the inaccuracies working blindfolded, with great buffers and unnec-
essary purchases as a result. The production cost are affected by IRI in multiple ways.
The greater buffers increase tied up capital, they also fill up the inventories, which in turn
means that a number of functions needs to be involved to solve the problem of insuffi-
cient storage space. Further on, the short-term problem solving of both internal material
control and stock-taking require a great deal of costly resources that could have been
spent elsewhere. In the case of missing parts at the line, there can be a direct impact
of production quality, however, since material planners are working with greater and not
smaller buffers to handle the inaccuracies it seldom occurs.

How to quantify inventory record inaccuracies, through the tools of data analytics, in or-
der to aid prioritisation of inventory inaccuracy improvements? Through aggregating all
deliveries and all withdrawals for one part on a monthly level, and taking the reported
scrapping into consideration, inventory record inaccuracies can be quantified for longer
time-periods. Further on, a comparison between parts of different volume can be made
through the use of the comparative deviation, as presented in equation 1. Through cate-
gorising the parts by their package type and considering the price of parts it is possible
to identify groups of parts where improvements may have the greatest impact.

How can a data quality framework contribute to improving the data quality of a manufac-
turing company to further facilitate data analytics projects? Assessments of data should
be able to be repeated to follow up on changes, therefore a standardised process is consid-
ered essential for reviewing the data of an organisation. A standardised process requires
a well documented, a thorough, and an easy to use framework to stick. The framework
of data quality by Cai and Zhu (2015), is well grounded in the literature and have been
shown through this case study to be well suited for such a process. The utilisation of a
framework to describe the concept of data quality where the perceived quality can differ
between different people, may facilitate a uniform understanding of data quality. Fur-
thermore, if the concept is highly complex, as the case of data quality, a well documented
and thorough framework may facilitate assessment of data quality by people with lower
technical knowledge. Which in turn may be used by data engineers to improve the data
quality and better align the data to the data consumers.
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7.1 Summary of key takeaways

To shortly summarise the key takeaways of this thesis, a bullet list with the most important
findings is presented below.

• IRI is a widespread problem at the case company. Through a threshold of a compar-
ative deviation of ±5%, 29.7% of the total number of parts analysed show greater
deviations. The threshold value is also debatable, since a 0% deviation would be
required for e.g. automatic ordering of material to the line.

• Even though the cost of IRI in itself accumulate to large costs of missing parts, the
costs of all the indirect consequences the problem leads to is likely to exceed the
cost of parts, which further speaks to the seriousness of the problem.

• When prioritising which material flow to improve, one should consider the actual cost
of parts. As shown in the case study, the pallet category did not have the greatest
deviations, however, the costs connected to the category were still significant, and
greater than, the costs of the worst category when only considering deviations.

• Due to the multiple causes of IRI, the root causes identified in figure 5, is seen as
a better starting point when working towards reducing IRI, since they have been
identified to have an impact on multiple causes.

• There is no quick-fix to the problem of IRI. Improving the situation of IRI, will
require a change of mindset. Deviations should be seen as a barrier for further
improvements to the operational efficiency, and the aim should therefore be to ulti-
mately eliminate all deviations.

• Throughout the process of eliminating IRI, digital tools of assessing the prevalence
of IRI should be utilised, to ensure effective countermeasures, and to be able to
understand the true effect of improvements.

• In the progress of becoming a data driven organisation, data quality, should be
continuously improved to better suit the needs of its users. Through increasing the
data’s fitness for use, an increase in the use of data is expected.

• Utilising a standardised framework, as the framework of data quality by Cai and
Zhu (2015), as presented in figure 1, later used in the assessment of data quality
in the context of the case study in subsection 5.3.1, is found to be well suited for
data consumers in order to provide feedback of improvements to the data engineers.
Therefore the framework is recommended to be an essential part of data analytic
projects.
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