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Chapter

Use Data Mining Cleansing 
to Prepare Data for Strategic 
Decisions
Mawande Sikibi

Abstract

Pre-processing data on the dataset is often neglected, but it is an important step 
in the data mining process. Analyzing data that has not been carefully screened for 
such challenges can produce misleading results. Thus, the representation and quality 
of data are first and foremost before running an analysis. In this paper, the sources of 
data collection to remove errors are identified and presented. The data mining clean-
ing and its methods are discussed. Data preparation has become a ubiquitous function 
of production organizations – for record-keeping and strategical making in sup-
porting various data analysis tasks critical to the organizational mission. Despite the 
importance of data collection, data quality remains a pervasive and thorny challenge 
in almost any production organization. The presence of incorrect or inconsistent data 
can significantly distort the results of analyses, often negating the potential benefits 
of strategical making driven approaches. This tool has removed and eliminated errors, 
duplications, and inconsistent records on the datasets.

Keywords: Data, Data cleaning, Data collection, Data mining, Data preparation,  
Data collection, Data quality, Messy data

1. Introduction

Time has changed for the production organizations who believe keeping messy 
data saves their day. This messy data is in the dataset, which is stored in databases, 
repositories, and data warehouses. Massive amounts of data are available on their 
resources for the organization to influence their strategic decision. Data collected 
from various resources are messy, and this affects the quality of the data result. Data 
preparation offers a better data quality, which will help the organizations yearly, 
 making most existing methods no longer suitable for messy data.

The growing enthusiasm of messy data on the dataset for data-driven strategic 
decision-making has created the importance of preparing data for future use over the 
years. The rapid growth of messy data drives new opportunities for the organization 
and processing the quality of the data by cleaning and preparing data becomes essen-
tial for analysts and users. Unfortunately, this could be handled correctly as reliable 
data could lead to a misguided strategic decision.
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Data mining is no longer a new research field [1]. It aims to prepare data to 
improve data quality before processing by identifying and removing errors and 
inconsistencies on the dataset [2]. Data mining can pull data to prepare it to inform 
organization strategic decisions. However, preparing data can be used before for 
specific organizational purposes.

Data mining could be added to a single application to pull anomalies within a large 
dataset. Utilizing the software arranges data in the large dataset to develop efficient 
organizational strategies. Data mining software is a user-friendly interface that allows 
organizational analysts and users who may not be technically advanced to execute 
data preparation in data mining [3]. Putting this capability in the hands of the non-
technical user allows responding to data quality issues quickly.

Data preparation is the feature within data mining; it has immeasurable value 
working with data [4]. Utilizing the software will begin to embed within the orga-
nization. Data mining software is available on the market for an organization to use 
their data in the dataset. Thus, markets are different from a decade ago due to rapid 
change in the world economy and technological advancement. This technology is 
popular with marketers because it allows analysts and users to make smart strategic 
decisions. It enables better development of market strategies for competitive advan-
tage ahead amongst organizations. As vendors continue to introduce solutions, the 
marketing strategy improves the data quality of the dataset stored in their resources. 
With data mining, analysts and users can access the dataset in preparation for it to be 
available for future use.

2. Objectives

Understanding the better contribution of data mining makes to the dataset. In 
addressing this, an attempt of the following should be met.

• To discover errors and inconsistencies in the dataset for data preparation.

• Minimizes the errors and inconsistencies on the dataset.

• Utilize the use of datasets stored in their various resources.

This paper aims to develop a process data mining capability undertake on the 
dataset. The literature review considers current knowledge contributions to this topic 
towards these paper objectives.

3. Literature review

Data preparation corrects inconsistent data in the dataset to prepare quality data 
[5]. Research indicates that data preparation in data mining formulates a workflow 
process covering steps to prepare data [6]. However, some research suggested that 
data preparation begins with data collection to check data quality [7]. This paper 
aims to demonstrate the evolution of collecting data into preparation steps to influ-
ence data quality. The paper examines the data preparation in data mining processes 
through data collection.
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3.1 Data collection

Data mining is often described as an add-on software in checking the data  quality 
in the dataset by searching through the large amount of data stored in databases, 
repositories, and data warehouses. The data stored is believed to be too messy, 
inconsistent, and have errors; it is unclear information to analysts and users, make 
it difficult to be ready to be used for its specific purposes [8]. Overloaded data limit 
analysts and users; thus, software such as data mining is developed to solve this chal-
lenge through automation.

The data mining software uses recognition technologies and statistical techniques 
to clean messy data and discover the possible rule to govern data in databases, 
repositories, and data warehouses. Data mining considers the process that requires 
goals and objectives to be specified [9]. Once the intended goals met, it is necessary 
to determine what data is collected or available. However, before data is used, data 
preparation is performed, making data ready for its purposes.

The concept that strategic or effective decisions are based on appropriate data 
is not new. Finding the correct data for strategic decisions began 30 years ago [10]. 
During the late 1960s, organizations create reports from production sensors into data-
bases, repositories, and data warehouses. These resources stored data to retrieved and 
manipulate to produce constructive reports containing information to meet specific 
strategic decision needs.

In the 1980s, analysts and users began to need data more frequently and to be more 
individualized. Thus, the organizations started to request data in the resources. Later 
in the 1990s, analysts and users required immediate access to be more detailed infor-
mation. This meant to correlate with production and strategic decisions processes. 
It has helped the analysts and users extract its data from databases, repositories, and 
data warehouses.

The analysts and users began to realize the need for more tools to prepare data for 
future uses. Additionally, the organizations recognized the accumulated amount of 
data; thus, new tools to prepare data before meeting their needs. Such tools enabled 
the system to search for any possible errors and inconsistencies in the dataset. Data 
mining software was the first developed to help analysts and users to find quality data 
from a voluminous amount of data. Because the massive volume of data keeps rapidly 
growing, preparation methods are urgently needed. Therefore, data mining has 
become an increasingly important research field [11].

3.2 Data cleansing

Data cleansing is an operation within data mining software that can be performed on 
the existing data to remove anomalies and obtain the data collection. It involves removing 
the errors, inconsistencies and transform data into a uniform format in the dataset [12]. 
With the amount of data collected, manual data cleansing for preparation is impossible 
as it is time-consuming and prone to errors. The data cleansing process consists of several 
stages: detecting data errors and repairing the data errors [13]. Although, it is thought 
of as a tedious exercise. However, establish a process and template for the data cleansing 
process gives assurance that the method applied is correct. Hence, data cleansing focuses 
on errors beyond small technical variations and constitutes a significant shift within [14].

Data cleansing based on the knowledge of technical errors expects normal values 
on the dataset. Missing values may be due to interruptions of the data flow. Hence, 
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predefined rules for dealing with errors and true missing and extreme values are part 
of better practice. However, it is more efficient to detect the errors by active searching 
for them on the dataset in a planned way. Lack of data through data cleansing will 
arise if the analysts and users do not fully understand a dataset, including skips and 
filters [14].

Moore and McCabe [15] emphasized the serious strategic decision error would 
endure if the data quality were poor, leading to low data utilization efficiency. 
Although data cleansing follows data collection, data thoroughly checked for errors, 
and other inconsistencies are corrected for future use [16]. Although the importance 
of data-handling procedure is being underlined in better clinical practice and data 
management guidelines, gaps in knowledge about optimal data handling methodolo-
gies and standard of quality data are still present [14].

Detecting and correcting corrupted or inaccurate records help to meet standard 
quality data from the dataset. Find the incorrect, inaccurate, or irrelevant parts of 
the data, replace, modify, and delete coarse data [14]. The reality of the matter, data 
cannot always be used as it is and needs preparation to be used. Achieving higher 
preparation data quality during a data cleansing process is required to remove anoma-
lies. Thus, the data cleansing process can be defined as assessing data’s correctness 
and improving it. Therefore, enhancing data quality, pre-processing data mining 
techniques are used to understand the data and make it more easily accessible.

3.3 Data validation

Data validation is described as the process of ensuring data has undergone clean-
ing to ensure that it is both correct and useful. Although, it intended to provide a 
guarantee for the fitness and consistency of data in the dataset. Failure or omission 
in data validation can lead to data corruption. Catching data early on the dataset is 
important as it helps debug the roots of the cause and roll back in the working state 
[17]. Moreover, it is important to rely on mechanisms specific to data validation rather 
than on the detection of second-order effects.

Errors are bound to happen during the data collection process, while data is sel-
dom 100% correct. Data validation helps to minimize erroneous data from the data-
set. Data validation rules help organizations follow standards that make it efficient to 
work with data. Although, duplication data provide challenges to many organizations. 
Factors that cause the duplication of data are the data entry of machines and operators 
from production to capture data. An organization needs a powerful matching solution 
to overcome this challenge of duplicating records to ensure clean and usable data.

Data validation checks the accuracy and data quality of source data, usually 
performed before processing the data. It can be seen as a form of data cleansing. Data 
validation ensures that the data is complete (no blanks or empty values), unique 
(includes different values that are not repeated), and the values that range consistent 
with the expectations. When moving and merging data, it is important to ensure 
that data from different sources and repositories conform to organizational rules and 
not become corrupted due to inconsistencies in type or context. Data validation is a 
general term and can be performed on any data. However, including data within a 
single application, such as Microsoft Excel, or merging simple data within a single 
data store.

The data validation process is a significant aspect of filtering the large dataset 
and improving the overall process’s efficiency. However, every technique or pro-
cess consists of benefits and challenges; therefore, it is crucial to have a complete 
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acknowledgement. Data handling can be easier if analysts and users adapt this tech-
nique with the appropriate process, then data validation can provide the best outcome 
possible for data. Data validation can be broken down into the following categories: 
data completeness and data consistency.

3.3.1 Data integrity

Data integrity refers to the integrity of the data. However, for the data to be valid, 
there should not be any gaps or missing information for data to be truly complete. 
Occasionally incomplete data is unusable, but it is usually used in the absence of 
information, leading to cost error and miscalculations.

An incomplete data is usually the result of unsuccessful data collection. This 
denotes the degree to which all required data are available in the dataset [18]. A mea-
sure of data completeness would be the percentage of missing data entries. However, 
the true goal of data completeness is not to have perfect 100% data. It ensures that 
data the essential to the purpose of validity. Therefore, it is a necessary component of 
the data quality framework and is closely related to validity and accuracy.

3.3.2 Data consistency

Data consistency means that there is consistency in the measurement of variables 
throughout the datasets. This becomes a concern, primarily when data aggregates 
from multiple sources. Discrepancies in data meanings between data sources can 
create inaccurate, unreliable datasets. Since the data inconsistency comes from the 
storage format, semantic expressions, and numerical values, a method of consistent 
quantification assesses the degree of data consistency quantitatively after defining the 
degree of consistency.

Data consistency could be the difference between great business success or failure. 
Data is the foundation for successful organizational strategic decisions, and incon-
sistent data can lead to misinformed business decisions. Organizations must ensure 
data consistency, especially when aggregating data from multiple internal or external 
sources without changing their structure, to be confident and successful in their 
strategic decision-making.

Data consistency checks that the data values of all instances of the application are 
the same. These data belong together and describe a specific process at a specific time, 
which means that the data remains unchanged during processing or transmission. 
Synchronization and protection measures help to ensure that data consistency during 
the multi-stage processing [19]. Data consistency is essential to the operation of 
programs, systems, applications, and databases. Locking measures prevent data from 
being altered by two applications simultaneously and ensure correct processing order. 
Controlling simultaneous operations and handling incomplete data are essential to 
maintain and restore data consistency in power failures.

3.4 Data preparation

Data preparation is the process of cleaning and transforming raw data before 
processing and analysis for future use. It is an important step before processing and 
often involves reformatting data, correcting data, and combining data sets to enrich 
data [20]. Its task is to blend, shape, clean, consolidate data into one file or data table 
to get it ready for analytics or other organizational purposes.
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The data must be clean, formatted, and transformed into something digestible by 
data mining software to achieve the final preparation stage. These actual processes 
include a wide range of steps, such as consolidating or separating fields and columns, 
changing formats, deleting unnecessary or junk data, and making corrections to data.

In this literature review, several studies have used data preparation and data 
mining on the messy data on the dataset for future use, few studies on the quality data 
check. This is the gap in this paper, as it aims at reviewing the available data mining 
preparing methods for messy data. Since the data preparation framework needs to 
meet data quality criteria, using a quality dimension includes accuracy, completeness, 
timeliness, and consistency [21]. Quality data check is crucial because it automates 
data and provides information about the number of valid, missing, and mismatched 
values in each column. The result shows the quality data above each column in the 
dataset. A data mining software will help remove errors and inconsistencies in the 
dataset to meet quality data check percentage [22].

Quality data check on the dataset, it may be better to use a transformation. These 
quality data checks can create data quality rules which persist in checking columnar 
data against defined. Performing variety checks, transform data automatically show 
the effect of transformations on the overall quality of data. It can provide various 
services for the organization and only with high-quality data and achieve the top-
service in the organization [13].

4. Methodology

This chapter aims to provide the research methodology roadmap designed to 
meet the objectives of this paper. It is important to select an appropriate method to 
ensure the accuracy, validity, and quality of data and findings. This chapter shows the 
method chosen, the tools used to extract data and data analysis. Hence, the phenome-
nological concept is focused on preparing data and reference [23]. A research method 
refers to how data can be collected and analyzed, such as data analysis software.

This paper used ethnography as the researcher was directly involved in preparing 
messy data on the dataset. Ethnography is usually described as participant observa-
tion, and this was where the researcher became actively involved, demonstrating the 
data preparation.

A single case approach was chosen for this paper to be the suitable method for 
executing data preparation into a single organization. It was not done to represent other 
same organization using data mining analysis. It was using the quantitative and qualita-
tive method to explore data preparation. It began with a data collection approach to the 
analysis of data preparation. Although, it may be possible to generalize this paper.

The company set the principles of ethics, which was honored by the researcher. 
The company was informed that participating in this demonstration was voluntary 
and would not impact the company’s brand. Ensuring anonymity, the paper removed 
some information that would be manipulation to favor the competitors [24]. Thus, the 
name of the organization is referred to as company A. Public information that could 
have damaged the company authenticity that could result in negative was removed.

4.1 Company description

Company A is one of the leading companies in producing steels. This company 
is situated in Alberton, where most of the production industries are built. It has a 
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history of making several sheets of steel at a high rate. It increases the data in the 
dataset, not only proper data but also messy or dirty data. The company was selected 
due to its nature of producing a high number of products. Therefore, it was suitable 
for this research, which is dealing with data.

4.2 Data collection

Data collection is the method of gathering observations or collecting information 
using standard validated techniques. It is important to collect data to understand what 
can be done using it. Data collection consisted of two sources, which is primary and 
secondary data. Primary data refers to raw data collected. Secondary data is data that 
is already collected. Therefore, this paper selected secondary as company A already 
collected its data using sensors embedded in their machines into databases, reposito-
ries, and data warehouses.

The researcher extracted the dataset from the repository of company A based on 
the experience obtained through training in extracting data. This potential skill has 
helped the researcher to use data mining tool for preparing data. This was done dur-
ing the period month of February and March 2021. Datasets were sent by company A 
to the researcher as the active participant in preparing data datasets due to the corona-
virus pandemic. The datasets that were sent contained the machine, alarm data, and 
sensor data.

4.3 Data analysis

Data analysis is the process of systematically applying statistical and technique 
to evaluate data. According to [25], this type of research whereby data gathered is 
categorized into themes and sub-themes. Analysis helps data collected being reduced 
and simplified while at the same time producing results that may then measure using 
quantitative techniques. Moreover, the analysis provides the ability to the researcher 
to structure the qualitative data to satisfy the accomplishment of the paper objectives. 
The researcher installed a data mining tool as an “Add-on” to the Microsoft Excel 
spreadsheet. Microsoft Excel is a powerful tool for handling large data [26]. It consists 
of a grid with columns and rows that store data from resources of data. Data mining 
employed to arrange and remove inconsistencies that were on the datasets. Data min-
ing was performed into a Microsoft Excel spreadsheet to prepare data for its readiness 
to be used for specific purposes. The resources were used in this paper are computer, 
Microsoft Excel spreadsheet, and data mining tool.

5. Results and discussion

This section describes the findings, and the overall discussion represents the data-
sets with data cleansing preparation. These three datasets were obtained from the data 
repository, and Table 1 represents the excel files dataset before using the data mining 
tool. Machine data file contain 30 000 records in the dataset. It contains 10% missing 
values and 7 duplicate records. The alarm data file contains 45 000 records. It contains 
25% missing values and 28 duplicated records in the dataset. Finally, the sensor data 
file contains 100 000 records in the dataset. It contains 45% missing values and 100 
duplicated records. These files format was using Microsoft Excel as the technique to 
use datasets.
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A data mining tool was used as the result of the analysis. Table 2 shows the 
importance of using data mining in removing errors and inconsistencies in records. 
The data mining tool in Table 2 has removed machine data records decreases from 30 
000 to 26 993. There was no missing value found on the dataset, with no duplication 
records. Alarm data records decreased from 45 000 to 33 722, with no missing values 
and duplicated records. Sensor data records decreased 100 000 to 54 900, with no 
missing values and duplicated records.

Missing values represent how efficient this tool in finding missing values of a file. 
Other features were whether this tool could find duplication, illegal values, merging 
the records and misspelling. Ease file format supported by these records and of use.

5.1 Discussion

This paper aims to investigate data cleansing in big data. Based on the available 
data cleansing methods discussed in the previous section, data cleansing for big 
data needs to be improvised and improved to cope with the massive amount of data. 
The traditional data cleaning method is important for developing the data cleaning 
framework for big data applications. In the review of Potter, this method only focused 
on solving data transformation challenges [13]. The Excel spreadsheet supports 
problems like duplicate record detection, and the user needs other approaches to deal 
with duplicate record detection problems [27].

Data mining can require manual and automatic procedures, but this approach 
focuses on duplication and missing elimination despite various data quality challenges 
in the dataset. Traditional data cleansing tools tend to solve only one data quality 
problem throughout the process and require human intervention to resolve data 
cleansing conflicts. In the big data era, the traditional data cleansing process is no 
longer acceptable as data needs to be cleansed and analyzed fast. The data is growing 
more complex as it may include structured data, semi-structured data, and unstruc-
tured data. The discussed methods focus only on structured data. However, existing 
methods have some limitations when working with dirty data. Data mining performs 
the computations of each stage as “local” in each Excel spreadsheet, and the data 
exchange is done at the stage boundaries by broadcast or hash partitioning.

Filename No. of records No. of fields Missing value Duplicated records

Machine data 30 000 1 10% 7

Alarm data 45 000 1 25% 28

Sensor data 100 000 1 45% 100

Table 1. 
Raw data.

Filename No. of records No. of fields Missing value Duplicated records

Machine data 26 993 1 0% 0

Alarm data 33 722 1 0% 0

Sensor data 54 900 1 0% 0

Table 2. 
Data mining uses.
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6. Recommendations and conclusion

6.1 Recommendation

The chapter discusses the contribution of data mining cleaning on a dataset. 
This is achieved by discovering the errors and inconsistencies in the dataset and 
utilizing datasets stored in various resources. The authors discuss the importance 
of the management in organizations for attaching the vitality of data sourcing and 
strategic decision-making. The management must ensure that the correct, timely 
and accurate data is used in strategic decision-making to generate the ever-elusive 
competitive advantage. Furthermore, due to the key roles of the available data, big 
data has become a strategic resource. The data security required to be enhanced at all 
strategic decision-making levels to avoid unauthorized person (s) must be explored as 
future work.

6.2 Conclusion

Most organizations rely on data-driven decision making; therefore, the infor-
mation system is closely related to business process management to leverage their 
processes for competitive advantage. Nowadays, the amount of data is constantly 
increasing, but the data quality is decreasing as much of the data collected is messy 
or dirty. There are various data cleansing approaches to solve this challenge, but data 
mining cleansing remains a tool to deal with the criteria of big data. Some of the 
approaches are not suitable for big data as there is a significant amount of data that 
needs to be processed simultaneously. Despite the availability of existing frameworks 
for data cleansing for big data, the value and veracity of the data are often disregarded 
while developing the approaches. Moreover, data mining is undeniably required to 
verify and validate the data before it can be subjected to an analysis process.
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