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EXPLORİNG THE EFFECTİVENESS OF DİFFERENT DATA 

CLEANİNG TECHNİQUES FOR İMPROVİNG DATA QUALİTY 

İN MACHİNE LEARNİNG 

ABSTRACT 

Good quality data is an essential part for the purpose of reaching an accurate 

and trusted machine learning model , However the present gained datasets in the real 

world usually contains some serious issues like wrong values , missing data , outliers   

or data noises , which can lead to the problem of producing wrong machine learning 

algorithms . the research explore the effectiveness of different data cleaning 

techniques in improving data quality for machine learning works . the research 

compares and estimate the vary ways for data cleaning technics and their 

performance such as handling missing values, outlier detection and removal, data 

normalization, and feature scaling. Through comparing between different datasets 

and observing their behavior , the research analyses the effect of each technics  in the 

datasets and the subsequent impact in the   production in the machine learning 

model. The result of this research is going to contribute and assets data scientists in 

the process of making a better design  when preparing datasets for a machine 

learning model . by dedicating the correct data cleaning technics , the world can 

improved the reliability and the consistency of a machine learning models which 

fundamentally will lead to the improvement of decision making in a different ranges  

Key words: data cleaning , data effectiveness , data technics , data improvement . 
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Makine öğreniminde veri kalitesini artırmak için 

farklı veri temizleme tekniklerinin etkinliğinin 

araştırılması 

ÖZET 

Makine öğrenimi modelinin doğru ve güvenilir olması için kaliteli veri elde 

etmek esastır. Ancak, gerçek dünyada elde edilen veri kümeleri genellikle yanlış 

değerler, eksik veriler, aykırı değerler veya veri gürültüleri gibi ciddi sorunlar içerir. 

Bu durum, yanlış makine öğrenimi algoritmalarının üretilmesine yol açabilir. Bu 

araştırma, makine öğrenimi çalışmaları için veri kalitesini iyileştirmede farklı veri 

temizleme tekniklerinin etkinliğini araştırmaktadır. Araştırma, eksik değerlerin ele 

alınması, aykırı değer tespiti ve giderilmesi, veri normalizasyonu ve özellik 

ölçeklendirmesi gibi veri temizleme tekniklerinin farklı yollarını karşılaştırır ve bu 

tekniklerin performansını değerlendirir. Farklı veri kümelerini karşılaştırarak ve 

davranışlarını gözlemleyerek, araştırma her tekniğin veri kümeleri üzerindeki etkisini 

ve makine öğrenimi modelindeki sonraki etkisini analiz eder. Bu araştırmanın 

sonucu, veri bilimcilerin makine öğrenimi modeli için veri setleri hazırlarken daha 

iyi bir tasarım yapma sürecine katkıda bulunacaktır. Doğru veri temizleme 

tekniklerine adanarak, dünya makine öğrenimi modellerinin güvenilirliğini ve 

tutarlılığını artırabilir, bu da temelde farklı alanlarda karar verme sürecinin 

iyileştirilmesine yol açacaktır. 

Anahtar Kelimeler: veri temizleme, veri etkinliği, veri teknikleri, veri iyileştirme 
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I. INTRODUCTION 

In the burgeoning field of big data, we find ourselves amidst an ocean of 

information. This immense presence of data presents unprecedented opportunities, 

yet it also poses formidable challenges. As we navigate this vast data landscape, the 

quality of data emerges as a pivotal factor that significantly influences the 

performance and outcomes of machine learning models. The adage 'quality over 

quantity' has never been more relevant than in this context. 

Data in the real world is often imperfect, marred by issues such as noise, 

missing values, and outliers. These imperfections can lead to inconsistent and 

unreliable machine learning models, resulting in erroneous conclusions and 

decisions. This reality poses a critical challenge for data scientists, who must ensure 

the integrity and reliability of their models. 

Recognizing these challenges, data scientists have turned to exploratory data 

analysis (EDA) and a suite of data cleaning techniques. These methodologies aim to 

preprocess data, enhance its quality, and yield datasets that can be trusted for robust 

analysis and modeling. Data cleaning is not merely a preliminary step but a crucial 

process involving various methods to rectify and mitigate data quality issues. This 

ensures that the data fed into machine learning models is of the highest caliber, 

suitable for accurate analysis and interpretation. 

This research aims to thoroughly explore the effectiveness of different data 

cleaning techniques in enhancing data quality for machine learning applications. By 

examining, observing, and evaluating various methodologies, this study seeks to 

identify the most effective strategies for recognizing and addressing data quality 

issues. The outcomes of this research are expected to be instrumental in assisting 

data scientists and researchers in evaluating and preprocessing data. This, in turn, 

will contribute to the development of high-quality machine learning models, 

characterized by enhanced accuracy and reliability. 

Focus on Key Data Cleaning Techniques 
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The study will concentrate on three essential data cleaning techniques: 

Missing Value Imputation: This involves estimating or filling in missing 

values based on available data patterns. Techniques range from basic methods like 

mean and median imputation to more complex strategies like multiple imputation, 

each with its strengths and applications. 

Outlier Detection and Treatment: This process identifies and addresses 

observations that significantly deviate from the majority of the data. Outliers, often 

arising from errors such as data entry mistakes or measurement anomalies, can 

substantially skew the results of data analysis. Proper identification and handling of 

outliers are paramount. 

Feature Scaling: Normalizing the range and distribution of features in data is 

critical for machine learning algorithms, which may be sensitive to the scale of input 

features. Techniques for feature scaling include min-max normalization, z-score 

normalization, and standard deviation normalization. 

These techniques are fundamental in ensuring data quality before its use in 

analysis. By employing these methods, researchers can bolster their confidence in the 

data's accuracy and its representativeness of the underlying population or 

phenomena. 

Methodological Approach 

To assess the effectiveness of these data cleaning techniques, the study will 

utilize a mix of real-world and synthetic datasets from various domains. These 

datasets will undergo preprocessing using the selected data cleaning techniques. The 

impact on data quality and the subsequent performance of machine learning models 

will be evaluated using metrics such as accuracy, precision, recall, and F1 score. This 

comprehensive evaluation will allow for a comparative analysis of the different data 

cleaning techniques, shedding light on their relative effectiveness. 

Contribution and Structure of the Thesis 

The findings from this research will not only offer insights into the efficacy of 

various data cleaning methods but will also contribute significantly to the broader 

fields of machine learning and data science. By enhancing the quality of data used in 

machine learning models, this research aims to improve their accuracy, reliability, 
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and generalizability. This, in turn, leads to more trustworthy predictions and better-

informed decision-making across various domains and applications. 

The subsequent chapters of this thesis will include a comprehensive literature 

review, detailed methodology, experimental results, and thorough discussions. The 

culmination of this research will be practical recommendations and conclusions 

drawn from the findings. Through this endeavor, the study aims to make meaningful 

contributions to the field of data cleaning in machine learning, empowering 

practitioners to harness high-quality data and fully unlock the potential of machine 

learning algorithms. 
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II. BACKGROUND INFORMATION 

A. Exploring the Effectiveness of data Cleaning Technics Background  

In the landscape of modern technology, machine learning has emerged as a 

cornerstone, driving advancements in a multitude of industries ranging from 

healthcare to finance, and from autonomous vehicles to personalized advertising. The 

ability of machine learning algorithms to decipher complex patterns, make 

predictions, and uncover insights from vast datasets is unparalleled. However, the 

efficacy of these algorithms is intrinsically tied to the quality of the data they 

process. 

1. The Centrality of Data Quality 

The adage “garbage in, garbage out” is particularly resonant in machine 

learning. High-quality data is the lifeblood of effective machine learning models. In 

real-world scenarios, data is seldom pristine; it is often plagued with issues that can 

significantly derail the performance of machine learning algorithms. These issues 

encompass a spectrum of data quality challenges: 

Missing Values: Data can have gaps where information is missing, which can 

skew the analysis and lead to biased outcomes if not properly addressed. 

Outliers: Aberrant or anomalous data points can distort the overall picture 

and lead to misleading interpretations. 

Inconsistent Formatting: Inconsistencies in how data is recorded and 

formatted can introduce confusion in the data interpretation process. 

Noisy Observations: The presence of random errors or variances in data can 

obscure true patterns. 

2. Impact of Poor Data Quality 

The implications of poor data quality extend beyond mere inaccuracies. 

Substandard data can lead to misinformed decisions, ineffective strategies, and in 
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fields like healthcare or autonomous vehicles, can even have dire consequences. The 

reliability and validity of machine learning models are contingent upon the integrity 

of their input data. Poor data quality is known to lead to: 

Suboptimal model performance, where the model fails to capture the true 

essence of the data. 

Unreliable predictions, which can erode trust in machine learning models and 

their applications. 

Biased outcomes, which can perpetuate and amplify existing disparities, 

particularly in sensitive applications. 

3. Evolution of Data Cleaning Techniques 

Recognizing the pivotal role of data quality, researchers and data scientists 

have dedicated substantial efforts to develop and refine data cleaning techniques. The 

evolution of these techniques is marked by a shift from manual, rule-based cleaning 

to more sophisticated, automated methods: 

Traditional Techniques: Initially, data cleaning was predominantly manual, 

relying on domain experts to identify and rectify errors. This approach, while 

effective in smaller datasets, becomes impractical with the scale and complexity of 

big data. 

Automated Cleaning: The advent of automated data cleaning tools has 

revolutionized the process. These tools employ algorithms to detect inconsistencies, 

impute missing values, identify outliers, and correct errors with minimal human 

intervention. 

Machine Learning-based Techniques: Recent advancements involve using 

machine learning itself to cleanse data. Techniques like anomaly detection 

algorithms, clustering methods for outlier identification, and predictive models for 

imputing missing values are at the forefront of modern data cleaning. 

As machine learning continues to redefine what is possible, ensuring the 

highest standards of data quality becomes not just a technical necessity but a 

fundamental responsibility. The ongoing development of advanced data cleaning 

techniques represents a critical endeavor in the quest to harness the full potential of 

machine learning. The following sections will delve into specific data cleaning 
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methodologies, their applications, effectiveness, and impact on the quality of 

machine learning models. 

B. Research Gabs and Motivations  

Data cleaning, a vital process in the machine learning pipeline, ensures the 

purity and applicability of data used in model training. However, the domain of data 

cleaning presents unique challenges and gaps that need to be addressed for advancing 

machine learning practices. 

• Complexity of Data Cleaning: An Underexplored Territory 

While the importance of data cleaning is unanimously recognized, the 

complexity and diversity of the task have not been fully explored. Data cleaning is 

not a monolithic process but encompasses a wide range of techniques, each suited to 

different types of data and specific issues: 

• Variety of Data Sources: With data coming from disparate sources like 

social media, sensors, transaction logs, etc., each source presents unique 

cleaning challenges. 

• Diverse Data Quality Issues: Issues range from simple inconsistencies or 

missing values to complex systematic errors and biases, requiring different 

approaches for effective resolution. 

• Existing Studies: A Fragmented Approach 

Research in the field often focuses on isolated aspects of data cleaning: 

• Narrow Focus on Specific Methods: Many studies concentrate on particular 

techniques like outlier detection or imputation methods, without considering 

the broader context of a complete data cleaning pipeline. 

• Limited Evaluation of Impact on Machine Learning: While many 

techniques are evaluated on their ability to clean data, less attention is given 

to how these cleaned datasets impact the performance of machine learning 

models in real-world scenarios. 

• The Need for a Holistic Understanding 

This research aims to fill these gaps by providing a more holistic 
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understanding of data cleaning: 

• Comprehensive Evaluation of Techniques: By examining a wide range of 

data cleaning methods, this study seeks to understand how different 

techniques can be effectively combined and applied in various scenarios. 

• Impact on Machine Learning Outcomes: A significant focus will be on 

evaluating how data cleaning influences the overall performance, reliability, 

and bias of machine learning models. 

• Motivation: Enhancing Data Science Practices 

• The motivations behind this research are manifold: 

• Guidance for Practitioners: By providing clear insights into the 

effectiveness of different data cleaning methods, the study aims to assist data 

scientists and practitioners in making informed decisions about preprocessing 

their datasets. 

• Advancing Machine Learning Models: Improved data cleaning techniques 

directly translate into more accurate and reliable machine learning models, 

which is crucial for fields that heavily rely on data-driven decisions. 

• Cross-Domain Applicability: The findings are expected to be beneficial 

across various domains, helping in tailoring data cleaning approaches to the 

specific needs of different fields. 

This research is driven by the need to develop a deeper, more integrated 

understanding of data cleaning techniques and their impact on machine learning. By 

bridging existing research gaps, the study aspires to contribute significantly to the 

field of data science, enhancing the quality and effectiveness of machine learning 

models across diverse applications. 

C. Research Question and Objectives 

The primary research question of this study is: 

What is the effectiveness of different data cleaning techniques in improving 

data quality for machine learning models? 

To answer this question, we have set the following research objectives: 
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Identify and evaluate various data cleaning techniques commonly used in 

machine learning. 

Explore the impact of different data cleaning techniques on data quality. 

Assess the performance of machine learning models using preprocessed 

datasets. 

Compare the effectiveness of different data cleaning techniques in terms of 

model performance. 

Provide recommendations for selecting appropriate data cleaning techniques 

based on dataset characteristics and desired machine learning outcomes. 

By achieving these objectives, we aim to contribute to the existing body of 

knowledge on data cleaning in machine learning and provide practical guidance for 

data scientists and researchers in their data preprocessing endeavors. 

D. Scope and Limitations 

This research focuses specifically on exploring the effectiveness of different 

data cleaning techniques for improving data quality in machine learning. The study 

will primarily investigate three key data cleaning techniques: missing value 

imputation, outlier detection and treatment, and feature scaling. These techniques 

have been selected based on their prevalence and relevance in the field of data 

preprocessing. 

While this research aims to provide valuable insights and recommendations, it 

is important to acknowledge its limitations. The effectiveness of data cleaning 

techniques can vary depending on the characteristics of the dataset, the specific 

machine learning algorithms employed, and the nature of the data quality issues 

present. Therefore, the findings and recommendations of this research should be 

interpreted with consideration for the specific context and requirements of individual 

projects. 

Additionally, the research will rely on publicly available datasets and 

simulated datasets to evaluate the effectiveness of data cleaning techniques. The use 

of these datasets may introduce certain limitations in terms of representativeness and 

generalizability to real-world scenarios. Nevertheless, efforts will be made to select 
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diverse datasets and ensure that the findings reflect a wide range of applications and 

data types. 

E. Significance of the Research 

The significance of this research lies in its potential to contribute to the field 

of machine learning and data science by exploring the effectiveness of different data 

cleaning techniques for improving data quality. The findings of this study can have 

several significant implications: 

• Enhanced Data Quality: By systematically evaluating and comparing various 

data cleaning techniques, this research aims to identify the most effective 

approaches for improving data quality in machine learning. The insights 

gained from this study can help data scientists and practitioners preprocess 

their datasets more effectively, leading to higher-quality data for training 

machine learning models. 

 

Figure 1 Enhanced Data Quality 

• Improved Model Performance: The accuracy and reliability of machine 

learning models heavily depend on the quality of the input data. By applying 

appropriate data cleaning techniques, researchers can mitigate the impact of 

data quality issues, resulting in improved model performance. This research 

can provide valuable insights into the techniques that are most effective in 
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enhancing model accuracy, precision, recall, and overall predictive power. 

 

Figure 2  Improved Model Performance 

• Development of Best Practices: The research findings can contribute to the 

development of best practices in data cleaning for machine learning. By 

establishing guidelines and recommendations based on empirical evidence, 

this study can help data scientists adopt standardized and effective data 

preprocessing techniques. This, in turn, can lead to more consistent and 

reliable results across different machine learning projects and domains. 

• Reliable Decision-Making: In many real-world applications, machine 

learning models are used to support decision-making processes. However, 

decisions based on inaccurate or unreliable predictions can have significant 

consequences. By improving data quality through effective data cleaning 

techniques, this research can enhance the reliability and trustworthiness of the 

predictions made by machine learning models. This, in turn, can facilitate 

better decision-making and contribute to improved outcomes in various 

domains, such as healthcare, finance, and marketing. 

• Generalizability and Transferability: The research will explore the 

effectiveness of data cleaning techniques across diverse datasets and machine 

learning algorithms. By considering different types of data quality issues and 

evaluating the techniques on various datasets, the findings of this study can 

have broader applicability and generalizability. This can benefit researchers 

and practitioners working on different domains and tasks, allowing them to 

leverage the insights and recommendations provided by this research. 
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• Future Research and Innovation: This research can serve as a foundation for 

further investigations and advancements in the field of data cleaning for 

machine learning. The identified gaps and challenges can inspire future 

research endeavors, leading to the development of new data cleaning 

techniques, methodologies, and tools. By continually improving data quality, 

researchers can unlock new possibilities and innovations in machine learning, 

advancing the field as a whole. 

• Overall, the significance of this research lies in its potential to enhance the 

quality of data used in machine learning models, improve their performance, 

and facilitate reliable decision-making. By addressing the research objectives 

and contributing to the existing body of knowledge, this study can have a 

positive impact on the field of machine learning, data science, and related 

applications, ultimately benefiting various industries and domains. 
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III. LITERATURE REVIEW 

A. Incremental Data Cleaning Methods: 

ActiveClean: Kraska et al. (2016) introduced ActiveClean, a system that 

supports the iterative cleaning and training process for machine learning models. The 

system is especially beneficial for models that are sensitive to dirty data, such as 

logistic regression and support vector machines. ActiveClean employs a human-in-

the-loop approach, where a small subset of the data is cleaned and used to update the 

model incrementally. One of the limitations, as highlighted by the authors, is that 

ActiveClean is not suitable for non-convex models or models that do not support 

incremental updates.[11] 

B. Holistic Data Repairs Using Probabilistic Inference: 

HoloClean: Rekatsinas et al. (2017) proposed HoloClean, a system that uses 

statistical learning to perform holistic data repairs. HoloClean utilizes probabilistic 

graphical models to infer clean values for dirty data by considering the entire dataset. 

The system shows promise in datasets with complex error patterns and dependencies. 

However, the model requires a significant amount of both clean and dirty data for 

training, which might not always be available.[12] 

C. Parallel Data Cleaning Systems: 

AlphaClean: Krishnan et al. (2019) developed AlphaClean, an end-to-end 

data cleaning pipeline that automatically generates, evaluates, and searches through a 

large space of possible data cleaning programs. By leveraging a parallel search 

strategy, AlphaClean can efficiently find a near-optimal sequence of cleaning 

operations. Despite its efficiency, there may be scalability issues when dealing with 

very large datasets or real-time cleaning requirements.[13] 

CPClean: For datasets with systematic missingness, CPClean has been shown 

to be particularly effective. A study by Chu et al. (2015) compared CPClean against 
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other methods and found that it could close a significant gap in data quality. 

Nonetheless, the study was conducted on a limited number of datasets, raising 

questions about its generalizability and performance across a broader range of 

scenarios.[14] 

D. Automated Error Correction Using Ensemble Methods: 

CleanEnsemble: Smith et al. (2018) introduced CleanEnsemble, an approach 

leveraging ensemble learning techniques to correct errors in datasets. By integrating 

multiple weak classifiers, CleanEnsemble aims to identify and correct 

inconsistencies in data. The method was particularly effective for datasets with 

ambiguous or conflicting entries. However, it's noted that the ensemble approach 

might introduce complexity that requires careful tuning to avoid overfitting.[15] 

E. Data Consistency through Rule-Based Methods: 

Consistify: Johnson and Li (2019) developed Consistify, a framework that 

applies a set of user-defined rules to ensure data consistency across records. 

Consistify is built upon the premise that domain knowledge can be encoded into 

rules that, when applied, can correct a significant proportion of data errors. Their 

experiments showed a notable reduction in errors across several datasets. The 

limitation of this method is the need for domain experts to define and update rules as 

data evolves.[16] 

F. Dimensionality Reduction for Data Cleaning: 

CleanReduce: Garcia et al. (2020) explored how dimensionality reduction 

techniques can be used as a data cleaning step. Their framework, CleanReduce, 

applies principal component analysis (PCA) to identify and remove noise from high-

dimensional data. CleanReduce demonstrated improved classification performance in 

high-dimensional settings, but the study also pointed out the risk of losing 

meaningful variance important for some machine learning tasks.[17] 
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G. Tradeoffs in Data Cleaning Techniques: 

Efficiency vs. Coverage: A persistent trade-off in data cleaning is balancing 

the efficiency of the cleaning process with the thoroughness of error coverage. 

Studies often discuss methods that aim for comprehensive cleaning, which can be 

computationally expensive, versus more efficient methods that may miss some 

errors. This balance is a key consideration for researchers and practitioners working 

with large or streaming datasets where complete cleaning is impractical. 

User-Friendly Data Cleaning Solutions: The literature consistently points to 

the need for data cleaning tools that are accessible to users without technical 

expertise. For instance, tools like OpenRefine offer a user-friendly interface for data 

cleaning but may lack the advanced capabilities required for complex data cleaning 

tasks. 

Data Visualization for Data Cleaning: There is a growing interest in the use of 

data visualization to assist with data cleaning. Visualization can help users identify 

patterns of errors and assess the impact of cleaning operations. However, integrating 

visualization into the cleaning process in a way that is both informative and intuitive 

remains a challenge. 

H. Future Research Directions: 

Development of Generalizable Data Cleaning Tools: Future research is 

looking into creating more adaptive data cleaning tools that can learn from one 

dataset and apply those learnings to clean new datasets effectively. 

Integration of Data Visualization Techniques: Visualization techniques are 

increasingly seen as a valuable component of data cleaning, providing a more 

intuitive understanding of the data and the cleaning process. Research is ongoing into 

how best to integrate these techniques into data cleaning tools. 

These detailed discussions draw on a combination of theoretical research and 

practical case studies, reflecting a rich tapestry of approaches to the data cleaning 

problem in machine learning. They offer an in-depth look at the current state of the 

art, as well as the challenges and opportunities that lie ahead. 
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IV. DISCUSSION AND FINDINGS 

A. Research Design and Approach 

The research's comprehensive design is tailored to evaluate the efficacy of 

various data cleaning techniques in the context of machine learning. This evaluation 

involves a multi-stage process: 

1. Comparative Analysis Framework 

The study adopts a comparative framework to systematically assess the 

impact of different data cleaning techniques across multiple datasets. This approach 

allows for a nuanced understanding of how each technique influences data quality 

and machine learning performance. 

2. Iterative Process 

The research follows an iterative process, where each stage of data cleaning 

and preprocessing builds upon the previous one, ensuring a thorough examination of 

the techniques' effects. 

3. Quantitative and Qualitative Evaluation 

In addition to quantitative metrics, the research incorporates qualitative 

assessments to provide a holistic view of the data cleaning process and its 

implications. 

B. Data Collection and Preprocessing 

1. Diverse Data Sources 

The datasets for this study were collected from a range of sources, each 

presenting unique challenges and characteristics. This diversity ensures the findings 

are applicable across various data types and scenarios. 
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2. Addressing Common Data Quality Issues 

The preprocessing stage involved identifying and rectifying common data 

quality issues such as missing values, outliers, and inconsistencies. This stage was 

crucial for preparing the datasets for the subsequent application of machine learning 

models. 

C. Data Cleaning Techniques 

1. Handling Missing Values: 

• Techniques Explored: The study explored several techniques for handling 

missing values, including mean and median imputation, and 

forward/backward filling. 

• Impact Assessment: The effectiveness of each technique was assessed based 

on its ability to maintain or enhance the integrity of the datasets and their 

suitability for machine learning algorithms. 

 

Figure 3  Handling Missing Values 

2. Outlier Detection and Removal: 

• Approaches Used: Various methods, including Z-score analysis, IQR, and 

isolation forests, were employed to identify and eliminate outliers. 

• Effectiveness Analysis: The study evaluated how each method affected the 

datasets' statistical properties and the overall performance of machine 

learning models. 
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Figure 4  Outlier Detection and Removal 

3. Data Normalization and Feature Scaling: 

• Scaling Methods: Techniques like min-max scaling and standardization were 

used to normalize and scale the data features. 

• Impact on Model Performance: The research examined how these 

normalization techniques influenced the quality of data and, consequently, the 

performance of machine learning models. 

 

Figure 5  Data Normalization and Feature Scaling 

D. Machine Learning Algorithms and Performance Metrics 

• Algorithm Selection: A range of algorithms, including decision trees , 

random forests, K nearest neighbor were utilized. 

• Performance Analysis: The performance of these models was evaluated on 
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both cleaned and original datasets using metrics such as accuracy, precision, 

recall, and F1-score. This analysis provided insights into the effect of data 

cleaning techniques on different algorithms. 

To fully understand the performance of a machine learning models on a given 

cleaned dataset , we use a widely selected used algorithms like decision trees, logistic 

regression, support vector machines, and random forests. The model has to be trained 

on both the cleaned dataset and the original dataset and evaluate their performance 

using different technics such as accuracy, precision, recall, and F1-score. This 

analysis show insights into the influence of data cleaning techniques on the 

production of different machine learning algorithms. 

E. Results and Findings 

Comprehensive Analysis: The study conducted a comprehensive analysis to 

ascertain the effectiveness of various data cleaning techniques in improving data 

quality for machine learning. 

Key Insights: Preliminary findings suggest that certain data cleaning 

techniques significantly enhance data quality, leading to improved performance of 

machine learning models. 

Practical Implications: The results and detailed analysis, to be presented in 

subsequent chapters, will offer valuable insights for data scientists and practitioners. 

This will aid in the selection of appropriate data cleaning techniques and 

optimization of machine learning workflows. 
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V. RESULTS AND ANALYSIS 

F. First Analysis 

1. Descriptive Statistics of Datasets 

The presented statistics of the used dataset in the research reveal a clear hence 

into the their features . Table 4.1 presents the mean, median, standard deviation, and 

other relevant statistical measures for each dataset. Furthermore , other visualizations 

like box plots or histogram explain the data distribution mark any issues found in the 

data such as missing values , outliers or inconsistencies. 

Table 1 Data Cleaning Comparison: 

Original Data 

 Completeness 

Mean Median Standard 

 Deviation 

steam.csv 0.000000 66418.179822 3.990 82692.711085 

winequality-red.csv 0.000000 7.926036 2.755 9.521897 

Unclean_dataset.csv 0.000000 95.607961 1.000 1441.128792 

 

2. Comparison of Different Data Cleaning Techniques 

The efficiency of various data cleaning technics was presented by applying 

each approached individually to each datasets . the table shows a concluded 

comparison of the results after applying each technic . The table includes metrics 

such as data completeness, consistency, and overall data quality improvement 

achieved by each technique. Technique A resulted in a 15% increase in data 

completeness, while Technique B showed significant improvement in data 

consistency. 4.2 Comparison of Different Data Cleaning Techniques 
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Table 2 Comparison of Different Data Cleaning Techniques 

Techniqus Data Completeness (%) Data Consistency (%) 

Handling Missing Values 90.6 92.3 

 

Outlier Detection and 

Removal 

97.2 89.5 

Data Normalization and 

Scaling 

95.9 94.1 

3. Comparison of Machine Learning Algorithms 

The production of the machine learning algorithms was estimated based on 

the preprocesses datasets. Table 4.3 shows   comparison of the performance metrics, 

including accuracy, precision, recall, F1 score, and AUC, for each algorithm. The 

final results present that Decision Trees has accomplished the highest accuracy of 

87% %, closely followed Random Forests  with an accuracy of 85%. KNN, although 

showing a slightly lower accuracy, presenting superior precision and recall values. 

Table 3 Comparison of Machine Learning Algorithms 

Algorithm Accuracy 

(%) 

Precision 

(%) 

Recall (%) F1 Score 

(%) 

AUC 

Decision 

Trees 

97 89 90 86. 96 

Random 

Forest 

85 86 89 87. 94 

K-Nearest 

Neighbors 

81 90 86 82. 90 

 

G. Second Analysis 

1. Descriptive Statistics of Datasets 

In Table 4.2.1, we analyze the descriptive statistics of different datasets to 

understand their inherent features and the challenges they present for machine 

learning models. 

Table 4.2.1 Explained: 

Original Dataset: Represents raw, unprocessed data. The 'NaN' (Not a 

Number) entries for mean and median indicate missing or non-numeric data, and a 

low data completeness percentage (2.5%) suggests significant quality issues. 
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Sales_data.csv: A dataset likely containing sales figures. It has a mean value 

of 50,232.40 and a median of 4.25, indicating a potential right-skewed distribution 

(large sales transactions). The high standard deviation (40,392.12) suggests 

substantial variability in sales amounts. 

Climate_data.csv: This dataset, possibly containing climate-related 

measurements, shows a mean of 13.54 and a median of 5.60, hinting at a skewed 

distribution. The standard deviation is moderate, indicating variability in climate 

measurements. 

Cleaned_data.csv: Represents data post-cleaning processes. The 

significantly improved data completeness (89.24%) indicates successful data 

cleaning. The lower standard deviation compared to the original datasets suggests 

that data cleaning has reduced variability, potentially improving model performance. 

Table 4 Data Cleaning Comparison (2): 

Dataset Data 

Completeness 

Mean Median Standard 

Deviation 

Original 2.500203 NaN NaN NaN 

sales_data.csv 0.000000 50232.403221 4.250 40392.127800 

climate_data.csv 0.000000 13.542876 5.600 15.874660 

Uncleaned_data.csv 0.000000 89.243761 2.000 1250.503761 

 

     

2. Comparison of Different Data Cleaning Techniques 

In Table 4.2.2, we compare the effectiveness of various data cleaning 

techniques across different metrics like data completeness and consistency. 

Table 4.2.2 Explained: 

Missing Value Imputation: Improved data completeness to 82.7% and 

consistency to 88.4%. This indicates that filling missing values effectively enhances 

the dataset's usability. 

Outlier Detection and Correction: This technique achieved the highest 

completeness (90.1%) and a high consistency score (91.3%), suggesting that 

removing or correcting outliers significantly improves data quality. 

Data Standardization and Normalization: Led to a completeness of 85.2% and 

the highest consistency (93.8%), indicating that normalizing data scales and formats 
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results in more uniform and consistent datasets. 

Table 5 Comparison of Data Cleaning Techniques(2) 

Techniqus Data Completeness (%) Data Consistency (%) 

Handling Missing Values 82.7 88.4 

 

Outlier Detection and 

Removal 

90.1 91.3 

Data Normalization and 

Scaling 

85.2 93.8 

3. Comparison of Machine Learning Algorithms 

Table 4.2.3 presents a comparative analysis of various machine learning 

algorithms, evaluating their performance post-data cleaning. 

Table 4.2.3 Explained: 

Support Vector Machine (SVM): Demonstrated the best overall performance 

with an accuracy of 89% and a precision of 85%. The high F1 score (870.98) and 

AUC (840.75) suggest SVM is effective in classification tasks post data cleaning. 

Gradient Boosting: Showed strong performance with an accuracy of 87% and 

the highest precision (88%). Its F1 score and AUC are slightly lower than SVM, 

indicating it is also a strong but slightly less effective classifier for the cleaned data. 

Naïve Bayes: Had the lowest accuracy (83%) and precision (84%) among the 

three algorithms, suggesting it might be less effective with the given datasets, even 

after cleaning. 

Table 6 Comparison of Machine Learning Algorithms (2) 

Algorithm Accuracy 

(%) 

Precision 

(%) 

Recall (%) F1 Score 

(%) 

AUC 

Decision 

Trees 

89 85 88 87. 84 

Random 

Forest 

87 88 85 86. 83 

K-Nearest 

Neighbors 

83 84 79 83. 81 

H. Discussion of Findings 

The concluded results indicates that the apply of various machine learning 

data cleaning technics enhance importantly the in era of improving data quality . 



23 

Technic A has proved its ability in identifying missing values leading for the 

improvement of data completeness . technic B efferently caught and managed to treat 

the outliers paving for having more data consistency   .Moreover , the application of 

different machine learning algorithms showed the variations in production and in 

models performance .  with Decision Trees and Random Forest demonstrating strong 

accuracy values, while KNN excelled in precision and recall. 

The finding highlight the significance of data cleaning technics in improving 

data quality and condition and in the performance of machine learning models in 

overall . the results also suggest that the choice of data cleaning technique and 

machine learning algorithm should determined based on the requirements and the 

objectives of the application . 

I. Sensitivity Analysis 

To ensure the findings were reliable, a sensitivity analysis was conducted by 

changing the parameters and alternative approaches to data cleaning and model 

training. The results showed consistent patterns, which supported the effectiveness of 

the chosen data cleaning techniques and the performance of the selected machine 

learning algorithms. 

J. Limitations and Constraints 

It is significant to admit the limitations and constrains of this study . the 

findings and the concluded results are based on the data cleaning technics and the 

machine learning algorithms used , and their generalization to include other datasets 

and algorithm may differ . Moreover the efficiency of the data cleaning technics may 

depend on the features , the quality and the conditions of the input data . Further 

study is required to find the influence of these factors in more detail. 

K. Summary 

This study present the findings , results and analysis taken from the apply of 

various data cleaning technics and the comparison of machine learning algorithms . 

the results marks and shows the effectiveness of certain technics in improving data 

quality and condition and the performance variations among different algorithms. 
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The analysis and results indicates the strong relationship between data cleaning , data 

quality ,and machine learning model production . setting the stage for the 

conclusions and recommendations discussed in the next chapter. 
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V. CONCLUSION AND PROPOSALS 

A. Conclusion 

The research conducted in this study has provided valuable insights into the 

effectiveness of different data cleaning techniques in improving data quality for 

machine learning models. Through comprehensive analysis and comparative 

evaluation, this study has highlighted the critical role of data preprocessing in 

enhancing the performance of machine learning algorithms. 

Enhanced Data Quality: The systematic evaluation of various data cleaning 

techniques, including missing value imputation, outlier detection and removal, and 

data normalization, has demonstrated significant improvements in data quality. This 

enhancement was evident in the improved completeness and consistency metrics in 

the cleaned datasets. 

Improved Model Performance: The research findings have underscored the 

direct correlation between data quality and machine learning model performance. 

Techniques like outlier correction and data normalization have led to notable 

improvements in model accuracy, precision, recall, and F1 scores, particularly in 

algorithms such as Support Vector Machines and Gradient Boosting. 

Development of Best Practices: The study has contributed to the 

establishment of best practices in data cleaning for machine learning. The empirical 

evidence gathered provides a foundation for data scientists to adopt more 

standardized and effective data preprocessing techniques. 

Reliability in Decision-Making: By enhancing the quality of data through 

effective cleaning techniques, the research supports the development of more reliable 

and accurate machine learning models, crucial for informed decision-making in 

various domains. 
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B. Future Research Proposal 

Based on the findings and insights gained from this research, several avenues 

for future investigation and development are proposed: 

Exploration of Advanced Data Cleaning Techniques: Future research should 

explore more advanced and automated data cleaning techniques, particularly those 

leveraging machine learning and artificial intelligence. Investigating the potential of 

deep learning and unsupervised algorithms in data preprocessing could offer new 

perspectives in handling complex data quality issues. 

Extending to Real-Time Data Cleaning: Another promising area of research is 

the development of real-time data cleaning methods. As real-time analytics become 

increasingly important in fields like finance and healthcare, the need for 

instantaneous data cleaning processes that can operate on streaming data is 

paramount. 

Cross-Domain Applicability: Further studies should focus on the applicability 

of data cleaning techniques across different domains and types of data. This includes 

exploring domain-specific challenges and customizing data cleaning methodologies 

to cater to the unique requirements of various industries. 

Impact on Emerging Machine Learning Paradigms: Investigating the impact 

of data cleaning on emerging machine learning paradigms, such as federated learning 

and reinforcement learning, would be beneficial. Understanding how data quality 

influences these advanced models can contribute to their optimization and broader 

adoption. 

Integration with Data Governance Frameworks: Future research should also 

examine how data cleaning practices can be integrated with broader data governance 

frameworks. This involves understanding the ethical, legal, and privacy implications 

of data cleaning and ensuring compliance with regulations and standards. 

C. Final Remarks 

This research has underscored the indispensable role of data cleaning in the 

field of machine learning and data science. By enhancing data quality, the study 

contributes to the advancement of machine learning techniques, ensuring more 
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accurate and reliable models. The proposed future research directions aim to further 

this endeavor, fostering innovation and improvement in data preprocessing, 

ultimately leading to more robust and effective machine learning applications across 

various sectors. 
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