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ABST!CT

Case studies play a valuable role when researchers want to understand why 
or how things work in real-life se!ings, which are o"en subject to complexity 
not always accounted for in theoretical work. #is study contributes to the 
literature on data quality management by examining how data de$ciencies 
can fundamentally alter the trajectory of applied research and business 
projects. Instead of advancing directly to statistical modelling, the project 
required a structured program of data pro$ling, quality assessment, and 
change management. Findings revealed that only 19.2% of the provided 
data set planned to be used for statistical modelling  met the data quality 
criteria of being unique, up-to-date, accurate, consistent, complete, and 
valid. Re%ective journalling documented the evolution and learnings of 
the data project and emphasised that improving data quality demands 
more than technical $xes&it requires iterative, collaborative processes 
that address issues at their source. Equally important is fostering a culture 
of problem-solving, supported by tools like checklists and Poka Yoke, to 
prevent recurring errors. By documenting these challenges and responses, 
the study o'ers a replicable framework for organisations and underscores 
the critical role of data quality in enabling reliable analytics.
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1 INTRODUCTION

In the $nancial services sector, the quality of data is crucial for operational 
e(ciency, informed decision-making, and overall business success  [1, 2]. 
With the increasing dependence on data-driven strategies, maintaining 
high standards of data quality has become imperative for organisations. 
#e company of this case study, referred to as Company A, operates in the 
short term vehicle insurance sector in a low-middle-income country. In 
this industry, accurate and timely data processing&from customer policies 
to claims and $nancial transactions&is vital. #is reliance highlights the 
necessity for robust data quality management practices.

Risk models play a crucial role in the $nancial sector, particularly within 
the insurance industry, by enabling companies to quantify and manage 
potential future $nancial losses [3]. #e primary challenge in this domain 
is pricing premiums accurately to re%ect the extent of future $nancial 
loss before it occurs. #is challenge has driven the need for sophisticated 
statistical models that can quantify risk on a more granular level [4]. For 
instance, Company A aimed to rede$ne their vehicle insurance premium 
calculation framework using generalised linear modelling techniques. 
#e initial goal was to develop models that estimate risk in terms of claim 
frequency and claim severity, thereby allowing for more risk-appropriate 
premium calculations. Such models are essential as they help in decreasing 
high loss ratios and improving the overall $nancial health of the company. 
However, the e(cacy of these models is highly dependent on the quality of 
the underlying data. Discrepancies in the dataset and a lack of awareness 
about data quality issues can severely undermine the reliability of the 
resulting risk models. Consequently, addressing data quality is a critical 
step before any e'ective risk modelling can be performed.

Despite the evident importance of data quality, many companies still 
grapple with numerous data quality challenges. Especially where data is not 
automatically collected, and there is a lack of understanding and awareness 
of the importance of data quality, data sets can lead to missing, inconsistent 
and incorrect data entries. #is phenomenon is demonstrated by the case 
study presented in this paper, which describes a project that was intended 
to focus on statistical modelling and data comparison, but had to take an 
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important detour through a comprehensive data quality investigation, 
data pro$ling, change management, and the formulation of data quality 
maintenance steps. #is paper provides a description on the state of the 
real-world data, as well as the results of a systematic data cleaning process. 

As to their theoretical contribution, case studies play a valuable role 
when researchers want to understand why or how things work in real-life 
se!ings, which are o"en subject to complex relationships [5]. By studying 
various real-life cases, researchers can extract theory on why or how certain 
inputs succeed or fail to produce the desired outcomes [6]. #is case study 
contributes to the literature on data quality management by illustrating how 
data quality challenges can fundamentally redirect the trajectory of applied 
research and business projects. Instead of proceeding directly to statistical 
modelling and data comparison, the study highlights the necessity of $rst 
undertaking a structured process of data pro$ling, quality assessment, and 
change management. By documenting both the de$ciencies in real-world 
data and the systematic steps taken to improve data quality, the study 
demonstrates the practical value of integrating data quality investigations 
into project work%ows. 

#e contribution lies in showing how comprehensive data quality 
maintenance strategies can transform %awed datasets into reliable inputs 
for advanced analytics, while also o'ering a replicable framework for 
organisations facing similar challenges in contexts where data is manually 
captured or poorly governed. Furthermore, it provides an honest case study 
of the state of data in some se!ings that are highly reliant on the data to 
make decisions that will a'ect business pro$tability directly, answering 
the research question of what real-world data may look like. By providing 
an in-depth look into one case where data is still manually captured, this 
paper provides the opportunity for similar case studies in other se!ings, 
which can be used to create a more realistic awareness regarding the state of 
real-world data. Knowing what data quality levels to expect and what issues 
to build into system designs, further paves the way for the use of Arti$cial 
Intelligence to expedite the preparation of data to avoid the phenomenon of 
‘garbage in, garbage out’ where there is no human-in-the-loop. 

#e paper is structured as follows: section 2 provides some insights 
from literature on data quality and its management; section 3 describes 
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the process followed for data quality assurance, followed by the results 
of the endeavor in section 4. Section 5 contains the recommended data 
quality assurance framework, with further research opportunities and the 
limitations of this study summarised in section 6.   

2 LITE!TURE REVIEW

2.1 "e evolution of Total Data Quality Management

#e concept of Total Quality Management (TQM) has its roots in the 
convergence of management theories and quality principles, drawing heavily 
on the foundational work of Deming’s 14 points and Juran’s quality trilogy. 
Over time, these ideas evolved into a holistic management philosophy aimed 
at embedding quality into every aspect of organisational practice [7]. TQM 
can be understood as a comprehensive system of practices, methodologies, 
and training initiatives designed to help organisations navigate dynamic 
environments while maintaining a clear focus on achieving and sustaining 
customer satisfaction [8]. TQM is thus a holistic continuous improvement 
approach focusing on building quality into the process to achieve customer 
satisfaction. It does this through employee involvement, teamwork – also 
with suppliers, and a long-term perspective [9]. In recent decades, the 
relationship between TQM and  knowledge management has increasingly 
been strengthened leading to the adoption of many TQM principles into 
the sphere of knowledge and data management [10].

TQM was adapted to an information processing environment to form 
the Total Data Quality Management  TDQM) framework [7, 11]. TDQM 
emphasises the accountability of all organisational members in maintaining 
high standards of data quality, thereby aligning data processing activities 
with customer expectations and operational goals. An advantage of treating 
an information processing system and a traditional manufacturing system 
in the same way is that many of the quality techniques used in TQM can be 
translated to suit the data environment.

Where TQM is a management approach where everyone in an 
organisation is accountable for maintaining high standards to produce quality 
products that meet customer expectations [7],  TDQM views information 
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manufacturing as a process that converts raw data into quality information 
products. In product manufacturing, a processing system converts raw 
materials into physical products. Similarly, information manufacturing can 
be viewed as a processing system which converts raw data into information 
products. TQM was consequently adapted to an information manufacturing 
environment to form the TDQM framework [8]. 

An advantage of treating an information manufacturing system and a 
traditional manufacturing system in the same way is that many of the quality 
techniques used in TQM can be translated to suit the data environment 
[12]. #ere are however some limitations that arise due to the nature of data 
when compared with a physical product which should be considered when 
adopting established frameworks. Where a physical product is consumed, 
a data unit or information unit is not depleted. In addition, the duplication 
of a data unit is trivial when compared with the expenses incurred to copy 
a physical product [12].

2.2 Understanding data quality

According to Sebastian-Coleman [7], the level of data quality in TDQM is 
the degree to which the data meets the expectations of the data users based 
on their user tasks. Data quality is therefore subjective to the perceived 
quality of the data user. Quality thinkers have identi$ed several quality 
aspects, called dimensions, to measure data quality [7].#ese dimensions 
quantify data quality in relation to a scale or metric so that data quality 
can be compared between data objects and over di'erent time periods to 
measure the impact of data driven business processes [7]. 

#e following fundamental concepts form part of the early stages of 
any TQM implementation ([13, 14] and were the focus of this case study: 
Standardisation, which manifests as clear and communicated quality 
standards, as well as a strict view of what constitutes output, namely only 
output that complies to the set standards, Creating awareness amongst all 
employees that the next downstream process is an important customer, and 
that every employee has a role to play in assuring quality throughout the 
process, and Establishing an understanding, $rstly amongst management, 
then amongst all employees, of what it means to proactively build quality 
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into the process instead of reactively inspecting it in. 
#e six most relevant data quality dimensions identi$ed for this case 

study have been compiled from the work of Wang [8], Shankaranarayanan 
and Cai [15], and Sebastian-Coleman [7] and were used to build a uniform 
awareness of what constitutes good data quality:

Uniqueness: evaluates the degree to which data cannot be mistaken 
for other entries,
Completeness: evaluates the extent to which all required data is 
present,
Consistency: evaluates whether data is uniform and reliable across 
di'erent datasets,
Validity: evaluates whether data conforms to stated business rules,
Timeliness: assesses the relevance of data based on its age and the time 
it was captured,
Accuracy: evaluates the correctness of data in representing real-world 
values. 

2.3 Building data quality into the process

Once these six data dimensions are being measured and monitored 
throughout the process, and ownership of data quality management has 
been established, team members should be educated on and empowered 
to look for and action opportunities to build quality into the process.  A 
practical technique, highly applicable to the data environment, is that 
of error proo$ng. Poka Yoke or ‘mistake proo$ng’ is a concept originally 
coined by Shiego Shingo in the 1960s which has become applicable in many 
di'erent environments [16, 17]. #e practice aims to prevent defects from 
appearing in the $rst place by ensuring that mistakes are impossible. If this 
cannot be achieved then it can be used to detect and correct errors [18].

Poka Yoke consists of three sequential steps. #e $rst step is to identify 
all possible errors, human and machine, that can occur in the process. #e 
next step is to determine how the error can be detected when it occurs or 
when it is about to occur. #e last step is to identify a speci$c action that can 
be taken to eliminate the error [19]. 
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Poka Yoke can also be divided into three types of mistake-proo$ng 
categories namely, control, shutdown, and warning. Control is an action 
that corrects the error automatically. An example of a control would be 
auto-capitalisation at the start of a new paragraph in MSword. Shutdown 
occurs when the process is immediately halted upon the detection of an 
error. An example of a shutdown is a system that prevents submission of a 
data entry until all mandatory $elds are $lled in. Warnings inform people 
that an error has occurred. A drawback of warnings is that they are o"en 
ignored which is why controls and shutdowns are preferred [19].

Given the above description, it is evident that Poka Yoke can be used to 
reduce the reliance on people to operate free of error. One of the barriers 
to implementing Poka Yoke is the need for management support [20]. 
#is is because people are set in their way of doing things and may resist 
changing, hence the importance of incorporating change management 
into the TDQM implementation. Another barrier of Poka Yoke is the lack 
of awareness of the concept [20]. #is barrier can be remedied by creating 
awareness for the technique and ge!ing employees involved in the process. 

Checklists are a more common quality assurance tool used to ensure 
that all essential steps in the process are followed and to make it possible to 
con$rm compliance in a standardised way [21]. It is however acknowledged 
that the implementation of checklists requires employee compliance and is 
time consuming [21], again highlighting the need for change management. 

In a case study by Kalapurakal, et al. [22], the impact of checklists was 
evaluated in terms of the reduction of medical errors relating to dosage, 
patient identi$cation and patient location. #e case study highlights the use 
of checklists to improve the performance quality when human error needs 
to be addressed as opposed to system or machine error.

Although this paper focuses on the data cleaning and standardisation 
process that occurred at the beginning of the company’s data quality 
management journey, the in-depth analysis of the state of the data 
automatically led to the further step of identifying opportunities for the 
implementation of Poka Yoke. #e data analysis also made it clear to what 
extent the data quality improvement journey would rely on employees to 
assure quality, and thus change management was naturally an important 
part of the process from the start. 
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2.4 An overview of change management models

Ko!er’s 8-Step Change Model is an expansion of Lewin’s three step change 
management model [9]. According to Galli [9], Ko!er’s model provides 
more direction on how to implement change and also incorporates more 
of the human component of change by delving deeper into preparing 
employees for change and supporting employees during change. #e 
explicit steps in this model also make it easy to implement [9].

One major drawback of this model is that employees may experience 
a top-down approach [23]. Employees are only involved a"er the change 
vision has already been developed, which may create more resistance 
to change. If employees do not get on board with the newly developed 
strategic vision, then this may result in wasted e'ort. Ko!er’s model may be 
enhanced if used in conjunction with a model which is more people centric 
[9]. 

#e AD)R model consists of $ve sequential goals that focus on 
the acceptance of change. #e acronym stands for Awareness, Desire, 
Knowledge, Ability and Reinforcement [9]. Awareness occurs when 
employees are informed of the need for change. Desire occurs when 
employees decide that they want to partake in the change. #is is followed 
by the Knowledge of what the change demands and how to drive the change. 
Ability is what is required to implement the change. Lastly, Reinforcement 
is required to ensure that the change is sustained [24].

#e AD)R model is useful in identifying the relevant areas of 
resistance which are prohibiting change from happening [24]#e goal-
orientated structure of this model helps to facilitate change by working 
towards smaller, seemingly more a!ainable milestones as opposed to 
Lewin’s model which focuses on the overall process. According to Galli [9], 
since this model focuses primarily on the human component of change, it is 
be!er suited to smaller environments and project teams as opposed to large 
scale organisations with complex business processes. Galli [9] postulates 
that in practice the AD)R model should be paired with another model 
which deals with the human emotions that accompany change.

#e Kubler-Ross change curve, also referred to as the grief curve or 
the $ve stages of grief, was introduced by psychiatrist Elisabeth Kubler-
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Ross in 1969 as a product of her work with terminally ill patients. #is 
model originally described how people handle grief when confronted 
with a terminal illness. #e $ve stages of grief are de$ned as denial, 
anger, bargaining, depression and ultimately acceptance [25]. #e change 
curve was subsequently translated to a business environment to describe 
how people experience disruptive change and how this in%uences their 
productivity levels.

#e Kübler-Ross model is a people-centric model that focuses on the 
human experience to change and highlights the importance of considering 
an individual’s experience to change as opposed to that of the team as a 
whole [25]. #e framework allows team leaders to anticipate and understand 
their employees’ reactions to change. Furthermore, team leaders are 
empowered to proactively support their employees so that the change is 
more likely to be successful. #is model does however fail to provide an 
actionable framework for how the change should be implemented. It is 
therefore recommended that this model be paired with another change 
management model that addresses these shortcomings. However, by using 
this model, greater consideration can be given to how the information can 
be relayed so that employees feel supported during the change initiative. 
#is model addresses the shortcomings of the AD)R model and Ko!er’s 
8-Step Model so that a holistic approach can be taken in creating a case for 
change.

Additionally, the McKinsey’s 7S framework provides insight as to the 
seven interrelated key elements that companies should consider when 
implementing change in order to produce a synergistic outcome. #ese 
elements are further divided into hard and so" elements. #e hard elements, 
namely strategy, structure and systems, can be controlled by management. 
Strategy is the proposed plan to transform the organisation from its current 
state to the desired state. Structure refers to the organisational structure 
such as the reporting hierarchy, roles and responsibilities and systems that 
are de$ned by the formal procedures and day-to-day activities [9, 26]. #e 
so" elements are more o"en governed by intrinsic culture and include 
shared values, style, sta' and skills. Shared values refer to the engrained 
organisational culture and company values. Style emphasises how the 
leadership style in%uences the resistance to change. Sta' refers to the 
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capabilities of the employees, and skills refers to the core competencies of 
those employees [27].

Unlike the other change management models, the McKinsey 7S model 
highlights the strengths and weaknesses that exist in di'erent dimensions 
of an organisation, which allows managers to identify where there is a need 
for change. #e McKinsey model does however not explore how employees 
experience change or how change should be implemented. Another 
disadvantage of this model is that proper implementation can be time 
consuming and therefore not cost e'ective for large organisations [9]. 

#ere are many other concepts within the TDQM framework that 
address various aspects of the quality assurance journey and only the ones 
relevant to the case study presented in this paper have been discussed here. 
How the reviewed concepts were integrated to address real-world quality 
issues is presented next. 

3 THE CASE STUDY: REAL-WORLD DATA 
QUALITY

As mentioned in the introduction of this paper, the initial objective of this 
project was to utilise historical data to develop a statistical model to estimate 
the risk associated with a given policy. #e existing premium framework 
would be replaced with the statistical model such that more risk appropriate 
premiums could be charged to clients on an individual basis as opposed 
to the existing $xed percentage approach. #e project sponsor requested 
that generalised linear modelling be used to develop two statistical 
models in order to quantify the risk in terms of claim frequency and claim 
severity separately. Before implementation, the impact of the models 
would be evaluated by comparing the actual losses to the losses incurred 
if the statistical models were used to determine the premium charged. In 
addition, the available data was to be compared to other insurance models 
to identify if there is additional information that is currently not recorded 
by Company A which would bene$t future risk models.

When a new policy is activated the policy information is stored on the 
system in the policy dataset. If a client submits a claim, the claim is entered 
and stored on the system in the claims dataset. Not all policies are expected 
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to have corresponding claims as a client may have been claim free, but all 
claims are expected to correspond to a policy. #ese two datasets are then 
aggregated to calculate the loss ratio and evaluate the performance of the 
portfolio as well as the individual policies. #e project sponsor provided the 
aggregated dataset containing both policy and claims information for the 
development of the statistical models. 

A"er the application of generalised linear modelling was investigated in 
literature, the data was used to develop a frequency model with a Poisson 
distribution. #e development of the frequency model had li!le success as 
the model’s predictions were severely inaccurate and many of the variables 
available were not signi$cant in predicting claim frequency. #is raised 
the question whether the data being used for the model was of su(cient 
quality and contained su(cient variables to develop an accurate model. 
Upon inspection of the dataset, several discrepancies were identi$ed. #ese 
discrepancies included:

• A signi$cant number of empty data $elds,
• Claims information for which there was no corresponding policy,
• Extreme vehicle values,
• Negative vehicle values,
• Negative vehicle ages, and
• Negative premiums.

Inquiries into these discrepancies were met with resistance from the 
individuals responsible for managing the data system, highlighting the 
need early on for change management and involving the team members in 
the data analysis to create awareness of the need for change. In addition, not 
only were there no relevant policyholder characteristics in the data but there 
were very few recorded vehicle characteristics. #is was concerning as the 
data provided for this project was also used by Company A to calculate the 
loss ratio and to make business decisions. Since the quality of the data was 
observed to be inadequate, these internal evaluations may have motivated 
business decisions which were in fact not bene$cial.

#e reliability of any statistical model is directly related to the reliability 
of the data used to develop the model [28]. Due to the considerable 
prevalence of discrepancies in the data and the lack of available data, the 
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modelling component of the project became secondary and the new 
problem that emerged was one concerning the quality of the data. It also 
became apparent that an appropriate change management framework 
would be required to motivate the project $ndings to the team and 
encourage productive change. A"er consultation with the project sponsor, 
the scope of the project was updated to address the data quality issues and 
include a change management component.

A"er the discrepancies were discovered in the dataset, the claims data 
and policy data were requested as stored in their raw form on Company A’s 
system. A preliminary data analysis was carried out on the requested data 
to be!er understand the data environment and ultimately produce a clean 
dataset for modelling purposes. 

#e $rst task of this project was thus a comprehensive data quality 
investigation, which informed the data cleaning and preparation process. 
Once the data had been cleaned and prepared, it could be used for the 
originally planned statistical modelling. #is paper will however focus on 
describing the data quality improvement journey, which consists of three 
phases: data collection, data cleaning and preparation, and data quality 
assurance initiation. 

3.1 Data collection

Given the signi$cant number of discrepancies found in the original merged 
dataset provided by the project sponsor, the raw claims dataset and policy 
dataset were requested. #e policy data and the claims data were imported 
into RStudio for further analysis. #ere were 25 961 entries in the policy 
dataset and 2 381 entries in the claims dataset before analysis, covering 
three $nancial years. An important principle extracted from the experience 
was thus that data cleaning should start from the source data. #is is similar 
to the concept of Genshi Genbutsu in lean management where problem 
solvers are encouraged to ‘go to the %oor’ – ‘the scene of the crime’  – to 
start problem solving at the source. 
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3.2 Data preparation and cleaning

#e data cleaning and preparation was done in sequential steps as follows:  

Removal of duplicates: Firstly, the duplicates in the claims dataset and 
the policy dataset were removed. #ese were entries for which the values 
in the columns for a speci$c row were exactly the same as for another row. 
#is means that data were entered into the system twice and the duplicate 
line-items should not have been included in the respective datasets. 
No duplicates were found in the policy data set, but the claims data set 
contained 59 (2.48%) duplicate entries. #is provided the current state of 
one of the quality dimensions, namely uniqueness. 

Removal of test run data: In both datasets there were entries which were 
clearly used for testing purposes since the word ‘test’ appeared once or more 
in a single line-item. In the claims data set, three (0.13%) test run entries 
were removed, and 134 (0.52%) were removed in the policy data set. 

Aggregating of data within the data sets: #e claims data contained 
a unique entry for every single claim incurred. However, some vehicles 
incurred more than one claim for the duration of the policy. Here a renewal 
of a policy is considered as a new vehicle entry so that the claim count 
can be assessed for every vehicle every year. Since more than one vehicle 
could belong to a speci$c policy number and the policy numbers are o"en 
carried over to the next year, the policy number could not be used as a 
unique identi$er. #e policy inception date, which is the date the policy 
was started, and the vehicle registration were combined to create a new 
variable that could be used to uniquely identify a claim for a speci$c vehicle 
in a speci$c year. Due to the lack of standardisation in how the data was 
entered, a further preparation step had to be included here: the vehicle 
registration numbers had to all $rst be capitalised and any spaces in the 
characters had to be removed. #e claims data was then aggregated so that 
for every vehicle and every year the claim count and the total claim severity 
could be seen. #is resulted in the removal of 177 (7.63%) entries from the 
claims data set. 
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Similarly, the same unique key was created for the policy data set. Some 
of the entries in the policy dataset were created to update existing entries. 
For example: say a vehicle was registered to a policy with a sum insured of 
USD15 000 and a premium of USD750. A week a" er the policy inception 
date, it was discovered that the true value of the vehicle was actually 
USD20 000. An adjustment entry was then made with a sum insured value 
of +USD5 000. Several of these adjustments also existed for the premium 
variable. # e updated entries were aggregated with the original entries such 
that the new entries re% ected the total sum insured and total premium for 
every vehicle in every year. During this step 5308 (20.55%) of the policy 
entries were removed. 

# e waterfall charts in Figure 1 (claims data) and Figure 2 (policy data) 
visualise the e' ect of the removal of duplicates and test data, as well as the 
aggregation of $ elds relating to the same claim or policy. A" er this initial 
cleaning process, the policy and claims data sets were merged to ensure that 
each claim is associated with the correct policy and to further assess and 
correct data quality issues.

Figure 1: Claims data cleaning process results

10.04% reduction
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Figure 2: Policy data cleaning process results

Merging data sets: # e next step was to merge the policy data and the 
claims data so that for every year and every vehicle the total claim severity 
and claim count were known. # e unique key created in both datasets was 
used to merge the corresponding entries. 

Correction of data: Upon merger, it became evident that there were some 
claim entries that did not correspond to a policy. Since it is impossible to 
make a claim without a corresponding policy, this indicated that there may 
be data errors contained within the policy inception date and the vehicle 
registration number that formed the unique key used for merger. # e data 
thus had to be screened for the 115 unmatched claims to correct the data 
errors that could be identi$ ed so that these entries could be included in the 
aggregated dataset.

Creation of essential input data: # e vehicle age of each vehicle was 
calculated using the vehicle manufacture date and the policy inception data. 
# e exposure of the policy was calculated using the policy inception date and 
the policy expiration date whilst also accounting for policies which ran over 
into the next $ nancial year. 

Removal of irrelevant information: Irrelevant columns were then excluded 
from the dataset so that the data contained only vehicle characteristics, driver 
characteristics and the metrics needed for the risk model, such as claim count, 
claim severity and policy exposure.
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Assessment of missing values: the driver characteristics, as well as the vehicle 
characteristics, were checked for missing values. #e sum insured, vehicle 
make, and age data sets were complete as a result of some of the corrective 
actions already mentioned. More than half of the entries were missing for the 
engine size, fuel type and body type and no driver characteristics had been 
captured at all.  

Exploration of available data: the structure of each variable was explored 
further by observation and by calculating summary statistics such as mean, 
median, minimum and maximum.

All of the actions mentioned up to this point resulted in the line items being 
reduced from 28453 raw line-items to 20238 line-items, a 28.59% reduction 
in the data set (Figure 3). 

Up until this point, the data preparation, cleaning and correction 
judgement calls were relatively obvious, for example, duplicates, test run 
data, missing values etc. However, further data cleaning steps required 
frequent consultation with various stakeholders, including the management 
team. No data were removed without con$rmation from the team that there 
was indeed no other option to deal with the discrepancy. #e data cleaning 
steps are described next. 

Detail data cleaning: During this step, the data was screened for the 
following:

• Outliers in the di'erent variables such as sum insured and vehi-
cle age,

• Missing values,
• Inconsistent entries,
• Spelling errors,
• Ambiguous entries,
• Incorrect entries,
• Inconsistencies, and
• Sparsely populated rows or columns. 

As mentioned, the relevant stakeholders were consulted throughout this 
process so that no corrections or removals were made without careful 
consideration. #is cleaning process revealed the true state of the data and 
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reduced the data set to only 3* 881 line-items, 19.18% of the merged data 
sets, that were full and reliable enough to use in statistical modelling. 

Data imputation: Using $elds that had been populated allowed for other 
$elds, such as vehicle models, to be deduced from the available data. 
#rough this data imputation process an additional 2465 entries could be 
included in the modelling dataset. However, the data in some columns were 
so diversely di'erent in terms of the type and level of data captured that 
even a pa!ern extractor was unable to salvage the data. 

Data set #nalisation: Finally, the $nal state of the clean data was presented 
to the management team, who then decided on the set of variables deemed 
$t for statistical analysis. 

#e data preparation and cleaning phase thus resulted in only 19.18% of the 
merged data set being usable for statistical analysis and modelling. #e data 
imputation step increased this to 28.00%. Figure 3 summarises the results 
of the data cleaning. 
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Figure 3: Results of data cleaning phases

To complete the current state investigation, the data analysis was 
summarised into the six data quality dimensions as follows:
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• Uniqueness: #e percentage of duplicates in the dataset was used 
as the metric for this dimension. Ideally, the percentage of dupli-
cates should be 0%. #e analysis revealed that the percentage of 
duplicate entries was 2.48% for the claims dataset and 0.52% for 
the policy dataset; 

• Timeliness: #e percentage of out-of-date entries was used as the 
metric for this dimension. Ideally, there should be no outdated 
data entries. However, the investigation found that 20.53% of 
the policy data was out-of-date, highlighting a signi$cant issue in 
maintaining current data;*

• Validity: #e percentage of invalid data was used as the metric 
for this dimension, with an ideal value of 0%. #e results showed 
that 1.72% of the data was invalid, indicating the presence of data 
entries that did not meet the required standards;*

• Consistency: #e actual-to-ideal ratio was used as the metric, 
with an ideal ratio of 1:1. #e investigation revealed inconsisten-
cies in various a!ributes: the vehicle registration had a 9:1 ratio, 
vehicle make had a 1.44:1 ratio, vehicle body type had a 1.43:1 
ratio, and vehicle model had a 28.55:1 ratio; 

• Completeness: #e percentage of non-null data entries was used 
as the metric, with an ideal value of 100%. #e investigation 
found that only 53.85% of the data was non-null, indicating sub-
stantial gaps in the data that needed to be $lled to enhance its 
overall quality; and,*

• Accuracy: #e percentage of incorrect data was used as a metric, 
with an ideal value of 0%. #e analysis showed that 5.37% of ve-
hicle registration data and 8.24% of overall data were incorrect. 

3.3 Data quality assurance initiation

#e in-depth investigation into, and preparation and cleaning of, the data 
set raised awareness of the data quality issues amongst the stakeholders that 
had been involved during the process. However, improving the data quality 
in both the short and long term would require a holistic approach involving 
all employees. 
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Ko!er’s eight steps, infused with the learnings from the AD)R and 
Kubler-Ross models, were used to guide the change management process 
to engage the team throughout the process. #e goal of the $rst step of the 
change management initiative was to convince the data team of the urgency 
to implement change by highlighting the severity and impact of the data 
quality issues. A collaborative approach ensured that the team could raise 
questions and concerns regarding the $ndings and/or process and make 
suggestions on how quality could be built into the process going forward. 

Change leaders who could be entrusted to inspire the desire to change 
and lead the change initiative were identi$ed, a"er which the focus shi"ed 
to creating a shared vision on what constitutes data quality. For this the six 
data dimensions and their customised metrics were introduced to monitor 
data quality in future. To empower teams to a!ain the vision, the concept of 
proactively building quality into the process was introduced. 

Poka Yoke solutions were developed to alleviate the cognitive load of 
the data team as well as to build quality into the process throughout. #e 
following control and shutdown error-proo$ng opportunities existed:

• Auto-forma!ing $elds to capitalise, exclude or reject spaces;
• Making $lling of $elds essential for analysis mandatory; 
• Preventing users from submi!ing data which do not comply with 

the de$ned business rules, are invalid, duplicates or missing; 
• Implementing drop-down lists to ensure the entry of only valid, 

correctly spelled data;
• Implementing speci$ed ranges for continuous variables to imme-

diately %ag unrealistic and incorrect values; 
• Forma!ing $elds to only accept a certain character type or num-

ber of characters;
• Cross checking between categorical variables such as driver age 

and driver experience level to ensure validity; 
• Auto-$lling $elds such as vehicle make and model used to pre$ll 

the body type; and, 
• Creating checklists of required information to be collected dur-

ing telephonic conversations with potential policy holders.
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4 CLEANING REAL-WORLD DATA SETS: KEY 
STEPS AND PRINCIPLES

#e preliminary data analysis and the data quality investigation successfully 
quanti$ed the extent of the data quality issues and provided a strong case for 
change, and the initiation of a journey towards zero-defect when it comes to 
data quality. #e process, as discovered through the experience of cleaning 
a real-world and very messy data set, and key learnings are discussed next. 

4.1 Case study process $ow

#e steps followed during the data cleaning process were described in detail 
in section 3.2. #e process can be summarised more generically as follows: 
the process begins with data gathering, followed by data preparation and 
cleaning, which includes removing duplicates, correcting errors, merging 
datasets, addressing missing values, and $nalising inputs. Where needed, 
imputation and detailed cleaning ensure data completeness and reliability. 
#e $nal step is building quality into the process, including embedding 
continuous checks and improvements for long-term accuracy. Figure 4 
shows a comprehensive version of the process %ow. 

Figure 4: Data quality improvement process $ow
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4.2 Key learnings

Apart from working through a messy set of real-world data systematically, 
some key learnings can be extracted and are summarised here. 

1. Start at the Source: Where possible, start by analysing the raw data 
instead of a derivative of the data set where errors might already be 
concealed or aggregated;  

2. Assume the Worst: Adopting a cautious mindset helps ensure that 
all potential %aws are considered. Data should not be trusted at face 
value until it has been validated through structured checks;

3. Apply Validity and Logic Checks from Multiple Angles: 
Comprehensive reviews, for example, using statistical tools, logic 
tests, and business rules, help uncover inconsistencies. Techniques 
such as R programming and pa!ern recognition enhance this 
process. Typical checks include:

• Duplicates
• Test-run or trial data
• Outdated or obsolete records
• Outliers
• Invalid entries (for example, negative vehicle ages)

4. Consider Data Imputation: Where feasible, imputation can 
supplement existing valid data and prevent unnecessary data loss;

5. Embrace Continuous Improvement: Data quality is not a one-o' 
task. #e process must be iterative, with regular monitoring and 
adaptation to meet evolving business needs [29];

6. Build Awareness Early: Communicating $ndings as they emerge 
ensures transparency and helps establish momentum for change. 
Early engagement builds awareness of the need for cleaner data 
and drives behavioural change through early adopters as well as the 
Hawthorne E'ect;

7. Foster Collaboration and Problem Solving: Since most data errors 
originate from human activity, the cleaning process must be 
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collaborative. Team members should be encouraged to identify and 
%ag discrepancies without fear of blame. A constructive, problem-
solving culture is essential;

8. Avoid Blame, Promote Accountability: #e guiding coalition should 
lead by example&rewarding problem reporting, linking reported 
issues to visible problem solving, and engaging data owners in 
developing solutions; and,

9. Empower Employees through Practical Tools: Introducing 
employees to error-proo$ng methods such as Poka Yoke and 
checklists provides simple, e'ective mechanisms to prevent 
recurring errors. #ese tools give sta' a ‘way out’ of persistent issues, 
reducing resistance and building ownership of the process.

5 CONCLUSION

#e data quality investigation emerged as the pivotal focus of this project, 
highlighting the critical importance of data integrity for subsequent 
statistical modelling e'orts. Signi$cant discrepancies within the data 
necessitated a comprehensive approach to identify and rectify these issues.

Utilising the TDQM framework, the six key dimensions of data quality 
were evaluated: uniqueness, completeness, consistency, validity, timeliness, 
and accuracy. #is rigorous assessment revealed substantial de$ciencies, 
prompting an expanded project scope to include targeted data quality 
recommendations and a change management initiative. Quantitative 
metrics provided clear insights into the extent of the problems. Only 19.2% 
of the original data set met the six data quality dimension criteria. 

#e project’s $ndings indicated that data cleaning and preparation were 
crucial steps. #e process involved removing duplicates, handling missing 
values, and correcting inconsistencies in order to ensure that the data 
met the de$ned quality metrics. For instance, the uniqueness dimension 
revealed a 2.48% duplication rate in the claims dataset, necessitating 
further cleaning to meet the ideal standard of 0%. Timeliness was another 
critical dimension, with 20.53% of the policy data found to be out-of-date, 
indicating the need for more timely data updates. A high incompleteness of 
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data, with more than 46% of data points being incomplete, meant that a risk 
model was infeasible. 

#e data cleaning project demonstrated that improving data quality 
requires more than technical $xes&it demands a structured, collaborative, 
and iterative approach. Key principles include addressing issues at the 
source, applying rigorous validity checks, and considering methods such 
as imputation to preserve useful information. Continuous improvement 
is vital, with $ndings communicated early and o"en to build awareness. 
Most importantly, success depends on fostering a culture of problem 
solving rather than blame, empowering employees with practical tools 
like checklists and Poka Yoke to prevent recurring errors. Together, these 
practices form the foundation for sustainable progress toward zero-defect 
data quality. 

#e formation of a dedicated data quality improvement team was a direct 
outcome of this initiative, highlighting the project’s success in fostering 
organisational change. Developed solutions focused on sustaining the data 
quality and were categorised into mistake-proo$ng actions, emphasizing 
prevention, detection, and correction. #e iterative nature of data quality 
improvement was emphasised, advocating for continuous re-evaluation 
and adaptation to meet evolving business needs.

In conclusion, the project has laid a robust foundation for ongoing data 
quality improvement within Company A. By addressing the signi$cant 
data quality issues, the project has ensured that future statistical 
models developed using this data will be more reliable and accurate. 
#e methodologies and frameworks employed are generalisable to 
other researchers and organisations within the $nancial services sector, 
providing a structured approach to tackling similar data quality challenges. 
#is comprehensive focus on data quality and change management has set 
the stage for more dependable data-driven decision making and enhanced 
business outcomes for Company A.
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