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 In the era of data-driven decision-making, machine learning (ML) has 

emerged as a critical tool for extracting insights and enabling 

intelligent automation across industries. However, the success of ML 

models is fundamentally dependent on the quality of the data used 

throughout the analytics pipeline. This article explores the 

relationship between data quality and machine learning performance, 

emphasizing how data integrity directly impacts model accuracy, 

reliability, and fairness. Key dimensions of data quality—including 

accuracy, completeness, consistency, and timeliness—are examined in 

the context of real-world ML applications. The article further 

discusses common data challenges such as missing values, noise, bias, 

and data drift, highlighting their implications on predictive outcomes. 

Additionally, it presents practical approaches to improving data 

quality through data preprocessing, validation, governance 

frameworks, and automated monitoring systems. By bridging the gap 

between raw data and actionable insights, this study underscores that 

high-quality data is not merely a prerequisite but a strategic enabler 

of successful machine learning initiatives. Organizations that 

prioritize data integrity can achieve more robust models, better 

decision-making, and sustain competitive advantage in an 

increasingly data-centric world. 
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1. INTRODUCTION 
1.1. Definition of Big Data, AI/ML, and 

Data Quality 

The rapid growth of digital 

technologies has led to the 

generation of vast amounts of data, 

commonly referred to as Big Data. 

Big Data is characterized by the 5 

Vs—volume, velocity, variety, 

veracity, and value—which describe 

the scale, speed, diversity, 

reliability, and usefulness of data 

being generated from sources such 

as social media, financial systems, 

IoT devices, and enterprise 

applications [2]. 

Artificial Intelligence (AI) 

and Machine Learning (ML) are 

advanced computational techniques 

that leverage this data to automate 

decision-making and uncover 

patterns. AI refers to the broader 

concept of machines simulating 

human intelligence, while ML is a 

subset of AI that enables systems to 

learn from data and improve 
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performance without explicit 

programming. Machine learning 

models rely heavily on historical 

and real-time datasets to identify 

patterns, make predictions, and 

support intelligent decision-making 

[4]. 

Data quality refers to the 

condition of data based on factors 

such as accuracy, completeness, 

consistency, validity, and 

timeliness. High-quality data 

ensures that datasets are reliable, 

relevant, and suitable for analytical 

purposes. In contrast, poor-quality 

data can lead to incorrect insights 

and flawed decision-making 

processes [1]. 

1.2. Core Idea: AI Systems Are Only as 

Good as the Data They Are Trained 

On 

A fundamental principle in 

data science and machine learning 

is that the effectiveness of AI 

systems is directly determined by 

the quality of the data used to train 

them. This concept is often 

summarized by the phrase Garbage 

In, Garbage Out (GIGO), which 

emphasizes that even the most 

sophisticated algorithms cannot 

compensate for poor-quality input 

data [6]. 

Machine learning models 

learn patterns by identifying 

relationships within training 

datasets. If the data is accurate, 

diverse, and representative of real-

world conditions, the model is more 

likely to generalize well and 

produce reliable predictions. 

Conversely, if the data contains 

errors, inconsistencies, or biases, the 

model will internalize these issues 

and propagate them into its 

predictions [3]. 

For example, in predictive 

analytics, a model trained on 

incomplete or incorrect historical 

data may generate inaccurate 

forecasts, leading to suboptimal 

business decisions. Therefore, 

ensuring high data quality is not 

just a preprocessing step but a 

critical foundation for building 

effective and trustworthy AI 

systems [7]. 

1.3. Consequences of Poor Data Quality 

Poor data quality can 

significantly undermine the 

performance, reliability, and 

fairness of machine learning 

systems. The most direct 

consequences include bias and 

unfair outcomes, increased 

prediction errors, reduced model 

reliability and trust, operational and 

financial risks, and model drift or 

degradation [1]. 

When training data is 

unbalanced or lacks proper 

representation of different groups, 

machine learning models can 

produce biased results. This can 

lead to unfair decision-making in 

areas such as hiring, lending, and 

healthcare, raising ethical and 

regulatory concerns [9]. 

Incomplete, inaccurate, or 

noisy data introduces errors during 

model training, resulting in reduced 

accuracy. This can lead to incorrect 

classifications, faulty 

recommendations, and unreliable 

outcomes in critical applications 

such as fraud detection or medical 

diagnosis [4]. 

Models trained on low-

quality data often fail to perform 

consistently when exposed to new 

or real-world data. This lack of 

robustness reduces stakeholder 

trust in AI systems and limits their 

adoption in critical decision-making 

processes [6]. 

Poor data quality can also 

lead to wrong business decisions, 

inefficient processes, increased 

rework, system failures, and 

incorrect insights. In regulated 

industries such as finance and 

healthcare, this can further create 



The Eastasouth Journal of Information System and Computer Science (ESISCS)   

Vol. 2, No. 01, August 2024, pp. 120-130 

122 

compliance violations and penalties 

[10]. 

Over time, if data quality is 

not maintained, models may 

experience performance 

degradation due to changing data 

patterns or data drift. Without 

proper monitoring and validation, 

model accuracy can decline 

significantly [7]. 

2. UNDERSTANDING BIG DATA 

QUALITY 

In the context of machine learning 

and advanced analytics, Big Data quality 

refers to the ability of large, complex datasets 

to accurately and reliably support data-

driven decision-making. Given the scale and 

diversity of Big Data, maintaining quality 

becomes both critical and challenging. Poor-

quality data can propagate errors across 

analytical pipelines, ultimately degrading 

machine learning model performance [2]. 

To effectively evaluate and improve 

data quality, organizations rely on several 

key dimensions. Each dimension plays a 

vital role in ensuring that data is fit for use in 

AI and machine learning applications [1]. 

2.1. Key Dimensions of Data Quality 

Accuracy measures how 

well data reflects the actual 

conditions or entities it is intended 

to describe. Inaccurate data caused 

by manual entry errors, faulty 

sensors, or incorrect labeling can 

severely distort machine learning 

outcomes [1]. 

Completeness ensures that 

datasets include all necessary 

attributes and records. Missing 

values can introduce bias, reduce 

statistical power, and lead to 

incorrect assumptions during model 

training [2]. 

Consistency ensures that 

the same data values are 

represented uniformly across 

multiple sources or systems. 

Inconsistent data often arises during 

integration from heterogeneous 

systems and can disrupt feature 

construction and downstream 

analysis [10]. 

Uniqueness ensures that 

each entity is represented only once. 

Duplicate data can bias models by 

over-representing certain 

observations and distorting the 

distribution of the training dataset 

[2]. 

Timeliness ensures that 

data reflects the most current state 

of the environment. Outdated data 

can lead to decisions based on 

obsolete patterns and reduce the 

usefulness of predictive models [1]. 

Validity checks whether 

data values adhere to business rules 

or acceptable formats. Invalid data 

can break processing pipelines and 

reduce trust in analytical results 

[10]. 

 

 

 

 

 

 

 

Figure 1. Data Quality Dimension Framework 



The Eastasouth Journal of Information System and Computer Science (ESISCS)   

Vol. 2, No. 01, August 2024, pp. 101-119 

123 

3. DATA INTEGRITY IN BIG 

DATA SYSTEMS 
3.1. Definition of Data Integrity 

Data integrity refers to the 

maintenance of accuracy, 

consistency, and reliability of data 

throughout its lifecycle. It ensures 

that data remains unchanged except 

through authorized and controlled 

processes, preserving its correctness 

and usability for decision-making 

[2]. 

In the context of Big Data 

systems, where data flows through 

multiple distributed platforms and 

pipelines, maintaining integrity 

becomes increasingly complex. Any 

compromise in integrity can lead to 

incorrect insights, flawed model 

training, and reduced trust in AI 

systems [7]. 

3.2. Types of Data Integrity 

Physical integrity refers to 

the protection of data against 

physical failures or infrastructure-

related issues. It ensures that data is 

not lost or corrupted due to 

hardware failures, network outages, 

storage system issues, power 

failures, or weaknesses in 

redundancy and recovery processes 

[8]. 

Physical integrity is 

important for machine learning 

because it prevents data loss that 

could disrupt training datasets and 

ensures continuity in large-scale 

data processing environments [8]. 

Logical integrity refers to 

ensuring data correctness, validity, 

and adherence to business rules and 

constraints. It focuses on 

maintaining the meaning and 

correctness of data as it is processed 

and transformed [10]. 

Key components of logical 

integrity include entity integrity, 

referential integrity, domain 

integrity, and business rule 

enforcement. These components 

prevent incorrect relationships and 

feature inconsistencies and ensure 

meaningful input to machine 

learning models [2]. 

 

 

 

Figure 2. Data Integrity Life Cycle 

3.3. Data Integrity across the Big Data 

Lifecycle 

Data integrity must be 

preserved across every stage of the 

data lifecycle, as issues at any stage 

can propagate and amplify 

downstream. The main stages 

include data ingestion, data storage, 

data processing pipelines, and 

model training [7]. 

Data ingestion involves 

collecting and importing data from 

multiple sources such as databases, 

APIs, IoT devices, and logs. 

Common integrity challenges 

include incomplete or corrupted 

data during ingestion, schema 

mismatches across sources, latency, 

and real-time ingestion errors. Best 

practices include input validation 

checks, schema enforcement, and 

deduplication at entry [8]. 

Data storage involves 

storing structured and unstructured 

data in scalable systems such as 

data lakes and data warehouses. 

Integrity challenges include data 

corruption in distributed storage, 

version control issues, and weak 

metadata management. Best 

practices include replication, 

partitioning, metadata 

management, cataloging, access 

control, and audit logging [2]. 
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Data processing pipelines 

transform and prepare raw data 

into usable formats using ETL or 

ELT processes. Integrity challenges 

include transformation errors, data 

loss during aggregation or filtering, 

and inconsistent processing logic. 

Best practices include pipeline 

validation, testing, lineage tracking, 

and automated quality checks at 

each stage [7]. 

Model training uses 

processed datasets to build machine 

learning models. Integrity 

challenges include incorrect labels 

or features, data leakage between 

training and test datasets, and the 

use of outdated or biased data. Best 

practices include dataset versioning, 

feature validation, training data 

audits, and bias checks [6]. 

4. RELATIONSHIP BETWEEN 

DATA QUALITY AND AI 

ACCURACY 
4.1. Core Principle: Garbage In = 

Garbage Out 

The success of machine 

learning systems is tightly coupled 

with the quality of the data used 

throughout their lifecycle. High-

quality data enables accurate 

learning, reliable predictions, and 

robust model performance, while 

poor-quality data can significantly 

degrade outcomes [1]. 

At the heart of machine 

learning lies the fundamental 

concept of Garbage In = Garbage 

Out (GIGO). This principle 

emphasizes that the output of any 

computational model is only as 

good as the input data it receives. 

Even the most advanced AI 

algorithms cannot compensate for 

inaccurate, incomplete, or biased 

data [6]. 

Machine learning models 

identify patterns and relationships 

based on training data. If the data 

contains errors or inconsistencies, 

those flaws become embedded 

within the model, resulting in 

misleading or incorrect predictions 

regardless of algorithmic 

sophistication [3]. 

4.2. Impact Areas of Data Quality on 

AI Accuracy 

Data quality influences 

multiple stages of the machine 

learning pipeline, especially model 

training, feature engineering, 

prediction reliability, and 

generalization capability [4]. 

Model training is the phase 

where algorithms learn patterns 

from historical data. Poor-quality 

data leads to incorrect learning, 

noise reduces convergence and 

stability, and biased data results in 

skewed model behavior. The 

outcomes include low accuracy, 

overfitting, underfitting, and 

reduced confidence in model 

outputs [3]. 

Feature engineering 

transforms raw data into 

meaningful input variables. Missing 

or incorrect values create weak 

features, inconsistent data formats 

disrupt feature extraction, and poor 

representation limits model 

capability. The outcomes include 

ineffective features, reduced 

predictive power, and misleading 

correlations [4]. 

Prediction reliability refers 

to the consistency and correctness of 

model outputs in real-world 

scenarios. Models trained on poor-

quality data produce unstable 

results, high variance, false 

positives, and false negatives, which 

ultimately undermine decision-

making [6]. 

Generalization is the ability 

of a model to perform well on 

unseen data. Biased or 

unrepresentative data leads to poor 

generalization, overfitting, and 
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limited scalability of AI solutions 

[7]. 

5. COMMON DATA QUALITY 

ISSUES IN MACHINE 

LEARNING 

In machine learning systems, data 

quality issues are among the most significant 

factors affecting model performance and 

reliability. Due to the scale and complexity of 

Big Data environments, these issues often go 

unnoticed until they negatively affect 

outcomes. Common data quality issues 

include missing data, noisy data, duplicate 

data, biased data, and data drift [1]. 

These data quality issues can 

significantly degrade machine learning 

performance if not properly addressed. 

Proactively identifying and mitigating them 

supports higher model accuracy, improved 

fairness and reliability, and better long-term 

performance [7]. 

Table 1. Common Data Quality Issues in Machine Learning 

Issue Definition Causes Impact 

Missing Data 
Absence of values in 

dataset fields 

Incomplete data collection, 

system failures, integration 

issues 

Bias in model, reduced training 

data, lower accuracy 

Noisy Data 

Data containing errors, 

inconsistencies, or 

irrelevant information 

Measurement errors, 

manual entry mistakes, 

faulty sensors 

Reduces signal quality, leads to 

overfitting or unstable models 

Duplicate Data 
Repeated records within 

a dataset 

Data merging errors, lack 

of unique identifiers 

Skews distribution, increases 

overfitting, biases training 

Biased Data 

Data not representative 

of the real-world 

population 

Sampling bias, historical 

bias, underrepresentation 

Unfair predictions, ethical 

issues, poor generalization 

Data Drift 
Change in data 

distribution over time 

Evolving user behavior, 

changing environments, 

market shifts 

Model degradation, reduced 

accuracy over time 

6. REAL-WORLD EXAMPLES 

Understanding the impact of data 

quality on machine learning becomes more 

meaningful when observed through real-

world applications. Across industries, poor 

data quality can lead to inaccurate 

predictions, operational inefficiencies, and 

compromised decision-making [4]. 

6.1. Financial Fraud Detection 

Financial institutions rely 

heavily on machine learning models 

to detect fraudulent transactions in 

real time. These models analyze 

large volumes of transactional data 

to identify unusual patterns and 

flag potential fraud [4]. 

When data quality is 

compromised, fraud detection 

systems can produce inaccurate 

results. Incomplete or outdated 

transaction data may prevent the 

model from identifying suspicious 

patterns. Missing attributes such as 

location, transaction history, or 

device data reduce the model’s 

ability to detect anomalies [6]. 

Noisy or inconsistent data 

can incorrectly flag legitimate 

transactions as fraudulent, while 

duplicate or incorrect records may 

exaggerate suspicious behavior. 

These problems increase false 

positives, false negatives, 

operational costs, and customer 

friction [7]. 

6.2. Recommendation Systems 

Recommendation systems 

are widely used in e-commerce, 

streaming platforms, and digital 

services to personalize user 

experiences based on preferences 

and behavior [4]. 
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Poor data quality, especially 

biased or incomplete data, can 

significantly degrade 

recommendation performance. If 

training data over-represents certain 

products or user groups, the system 

may favor those disproportionately. 

Missing or inaccurate user 

interaction data leads to irrelevant 

recommendations, while continuous 

feedback loops may reinforce bias 

and limit content diversity [6]. 

The business impact 

includes poor customer experience, 

reduced engagement and 

conversion rates, and loss of 

competitive advantage [5]. 

7. TECHNIQUES FOR 

ENSURING DATA QUALITY 

Maintaining high data quality is 

essential for building accurate, reliable, and 

scalable machine learning systems. 

Organizations must adopt structured 

techniques and frameworks to identify, 

prevent, and correct data issues throughout 

the data lifecycle [2]. 

7.1. Data Cleansing 

Data cleansing, or data 

cleaning, is the process of 

identifying and correcting errors, 

inconsistencies, and inaccuracies in 

datasets. Key activities include 

removing duplicate records, 

handling missing values, correcting 

inconsistent formats, and detecting 

or removing outliers [2]. 

In machine learning, data 

cleansing improves dataset 

reliability, reduces noise and bias, 

and enhances model accuracy [4]. 

7.2. Data Validation 

Data validation ensures that 

data conforms to predefined 

formats, rules, and business 

constraints before it is processed or 

stored. Key activities include 

schema validation, rule-based 

validation, referential integrity 

checks, and range or constraint 

verification [10]. 

Data validation prevents 

invalid data from entering 

pipelines, ensures consistency 

across systems, and reduces 

downstream processing errors [7]. 

 

 

 

 

 

 

 

Figure 3. Techniques for Ensuring Data Quality 

7.3. Data Profiling 

Data profiling involves 

analyzing datasets to understand 

their structure, distributions, and 

quality characteristics. Key activities 

include statistical summaries, 

identifying missing values and 

anomalies, pattern recognition, and 

data distribution analysis [2]. 

Data profiling helps detect 

hidden data issues early, supports 

better feature engineering, and 

improves data understanding for 

model design [7]. 
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7.4. Data Governance 

Data governance refers to 

the framework of policies, 

processes, and standards that 

ensure proper data management 

and quality control. Its key 

components include data 

ownership, stewardship, quality 

standards, compliance controls, 

access control, and security [10]. 

Data governance ensures 

consistent data practices across the 

organization, builds trust in data 

and AI systems, and supports 

regulatory compliance [9]. 

8. ROLE OF DATA 

ENGINEERING IN 

MAINTAINING INTEGRITY 

Data engineering plays a critical role 

in ensuring that data remains accurate, 

consistent, and reliable throughout its 

lifecycle. In modern Big Data environments, 

where data flows across distributed systems 

and real-time pipelines, strong data 

engineering practices are essential for 

maintaining data integrity and enabling 

high-quality machine learning outcomes [7]. 

Data engineers design and manage 

the infrastructure, pipelines, and processes 

that transform raw data into trusted, usable 

datasets for analytics and AI systems [8]. 

8.1. ETL/ELT Pipelines 

ETL and ELT pipelines are 

structured workflows that move 

and process data from source 

systems into storage and analytics 

environments. They ensure accurate 

extraction from multiple sources, 

apply consistent transformation 

logic, enforce validation rules, and 

prevent data corruption during 

transfer and transformation [7]. 

Key practices include 

standardized transformation rules, 

error handling and logging, schema 

enforcement, and incremental data 

loading. These practices provide 

clean, structured data for model 

training and improve the 

repeatability and reliability of 

machine learning pipelines [6]. 

8.2. Data Lineage Tracking 

Data lineage refers to the 

ability to track the origin, 

movement, and transformation of 

data across systems and pipelines. It 

provides end-to-end visibility, helps 

identify where errors occur, and 

supports traceability for auditing 

and compliance [7]. 

Data lineage improves root 

cause analysis, debugging, 

transparency in AI decision-making, 

trust in model outputs, 

reproducibility of results, and 

governance of training data [10]. 

8.3. Metadata Management 

Metadata management 

involves maintaining information 

about data, such as its structure, 

meaning, source, and usage. 

Technical metadata includes 

schemas and data types; business 

metadata includes definitions, rules, 

and ownership; operational 

metadata includes freshness and 

processing history [2]. 

Metadata management 

ensures consistent definitions across 

systems, prevents misinterpretation, 

supports standardization and 

governance, improves feature 

understanding, reduces ambiguity, 

and enhances collaboration between 

teams [7]. 

8.4. Monitoring Pipelines 

Pipeline monitoring 

involves continuously tracking data 

pipelines to detect failures, 

anomalies, or data quality 

degradation. It detects data 

anomalies and drift in real time, 

identifies delays, and ensures data 

completeness and timeliness [7]. 

Key techniques include data 

quality metrics, alerting systems, 

automated validation checks, and 

performance dashboards. These 

practices maintain consistent model 
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performance over time, enable 

proactive issue resolution, and 

prevent degradation of AI outputs 

[6]. 

9. IMPACT ON BUSINESS 

OUTCOMES 

Data quality is not merely a technical 

concern; it has a direct and measurable 

impact on business performance, decision-

making, and strategic outcomes. 

Organizations that prioritize data integrity 

and quality in machine learning pipelines 

gain a significant competitive advantage, 

while those that neglect it face operational 

inefficiencies, financial losses, and 

reputational risks [5]. 

9.1. Enhanced Decision-Making 

High-quality data ensures 

that machine learning models 

generate accurate and actionable 

insights, enabling better decision-

making across business functions. 

The impact includes reliable 

forecasting, stronger trend analysis, 

informed strategic planning, and 

reduced uncertainty [1]. 

9.2. Improved Customer Experience 

Machine learning systems 

such as recommendation engines, 

chatbots, and personalization 

platforms rely heavily on high-

quality data to deliver relevant and 

meaningful experiences. The impact 

includes personalized 

recommendations, faster support, 

increased customer satisfaction, and 

improved retention [4]. 

9.3. Reduced Operational Risk 

Poor data quality can 

introduce errors into business 

processes, leading to operational 

failures and increased risks. High-

quality data reduces system 

failures, process errors, false 

positives, false negatives, and 

reliability issues in critical 

operations [6]. 

9.4. Cost Efficiency and Productivity 

Data quality issues often 

lead to additional costs due to 

rework, error correction, and 

inefficient processing. Strong data 

quality reduces data cleansing costs, 

accelerates analytics workflows, and 

improves productivity across data 

teams [5]. 

9.5. Regulatory Compliance and Risk 

Management 

Industries such as banking, 

healthcare, and insurance are 

subject to strict requirements 

regarding data accuracy and 

reporting. High data quality 

supports legal compliance, reduces 

penalties, and improves auditability 

and transparency [9]. 

9.6. Increased Trust in AI Systems 

Trust is a critical factor in 

AI adoption. High-quality data 

ensures that stakeholders have 

confidence in model outputs, 

increases acceptance of AI-based 

decisions, and strengthens business 

adoption of AI initiatives [3]. 

10. CHALLENGES IN 

MAINTAINING DATA 

QUALITY 

Maintaining high data quality in Big 

Data and machine learning environments is a 

complex and ongoing challenge. As 

organizations increasingly rely on diverse, 

high-volume, and real-time data sources, 

ensuring accuracy, consistency, and 

reliability becomes more difficult [2]. 

The scale and complexity of Big Data 

creates challenges because modern data 

systems handle massive volumes of 

structured and unstructured data generated 

at high velocity from multiple sources [8]. 

Data integration from multiple 

sources creates inconsistency risks because 

organizations often combine data from 

various internal and external systems with 

different formats, schemas, and definitions 

[7]. 
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Real-time data processing 

requirements are increasingly important in 

applications such as fraud detection and IoT 

analytics, but they make quality assurance 

more difficult because errors must be 

detected and addressed quickly [6]. 

Lack of standardization and 

governance leads to inconsistent data quality 

management across teams, while data drift 

and evolving patterns can reduce model 

accuracy over time [10]. 

Cost and resource constraints also 

affect data quality because maintaining 

strong governance, monitoring, and 

validation requires investment in tools, 

infrastructure, and skilled personnel [5]. 

Manual data quality checks are often 

inefficient and error-prone at scale, which 

increases the need for automated data 

quality processes [7]. 

11. FUTURE TRENDS 

As organizations increasingly rely on 

data-driven technologies, the importance of 

data quality in machine learning continues to 

grow. Emerging trends indicate a shift 

toward automated, intelligent, and 

governance-driven approaches to managing 

data quality [7]. 

AI-driven data quality management 

is increasingly being used to enhance data 

quality processes themselves. Such tools can 

identify anomalies, recommend corrections, 

and support automated remediation [6]. 

Data observability is an emerging 

concept that focuses on monitoring the 

health and reliability of data systems in real 

time. It supports proactive detection of 

freshness, volume, schema, distribution, and 

lineage issues [7]. 

Automated anomaly detection uses 

analytics and AI techniques to identify 

unexpected patterns or deviations in data 

before they affect model performance [3]. 

Data-centric AI reflects a shift from 

model-centric approaches toward 

prioritizing improvements in data quality 

over increasing model complexity [6]. 

Governments and organizations are 

introducing stricter governance frameworks 

and regulations as AI adoption increases, 

making data quality, lineage, and 

accountability more important [9]. 

Real-time data quality monitoring 

will become more important as real-time 

analytics become more prevalent. Future 

advancements will move data quality 

management from reactive processes to 

proactive and intelligent systems [8]. 

12. CONCLUSION 

In the era of data-driven innovation, 

the success of machine learning and artificial 

intelligence systems is fundamentally tied to 

the quality and integrity of data. Data quality 

is not a peripheral concern but a core 

determinant of AI accuracy, reliability, and 

fairness [1]. 

From understanding dimensions 

such as accuracy, completeness, and 

consistency to examining challenges such as 

missing data, bias, and data drift, it is 

evident that poor data can significantly 

undermine model performance. The 

principle of Garbage In, Garbage Out 

reinforces the idea that even the most 

advanced algorithms cannot compensate for 

flawed input data [6]. 

The discussion also emphasized the 

importance of data engineering practices, 

including robust ETL pipelines, data lineage 

tracking, metadata management, and 

continuous monitoring, in maintaining data 

integrity across the lifecycle. Techniques 

such as data cleansing, validation, profiling, 

and governance provide a structured 

approach to improving data quality and 

ensuring reliable machine learning outcomes 

[7]. 

From a business perspective, high-

quality data enables better decision-making, 

improved customer experience, reduced risk, 

and enhanced trust in AI systems, while poor 

data quality can lead to financial losses, 

operational inefficiencies, and reputational 

damage [5]. 
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Looking ahead, emerging trends 

such as AI-driven data quality tools, data 

observability, and data-centric AI 

approaches will further strengthen the role of 

data quality as a strategic asset [6].
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