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Abstract 
The fast introduction of artificial intelligence (AI) into all industries has raised issues about bias, 

fairness, and responsibility in the use of algorithms in making decisions. Although biased results 

can be explained by the imperfect AI models, the quality and structure of underlying data 

pipelines is a less significant but no less important and not studied issue. The principal question 

of the given research is the following: are biased AI outputs primarily a design issue or the 

outcomes of systemic processes that are inherent in the data collection, preprocessing, and 

management processes? The paper is systemic and observes lifecycle of AI systems, including 

gathering data and applying models, propagation of errors, omissions, and representational 

biases in each of the stages. The paper is based on the use of secondary data, case study and 

literature to determine the relative significance of data pipelines and model structures in biased 

results. The results have shown that even though algorithmic decisions have the potential to 

reinforce inequities, the primary sources of bias are historical data, sampling, labeling 

anomalies, and data pipeline infrastructure constraints. In addition, the study highlights that ill-

managed data ecosystems tend to strengthen the social imbalances that already exist, thus 

compromising the ethical soundness of AI systems. The article offers a model of bias reduction, 

in which more focus is directed on data governance and transparency, as well as continuous 

auditing in addition to responsible model development. It also emphasizes the importance of an 

interdisciplinary team of the data scientists, domain experts, and policymakers to provide fair 

AI implementation. This research will provide a more holistic view of equity in AI and help to 

create more socially responsible and trustworthy intelligent systems because it will change the 

emphasis to the data ecosystem rather than just models. 

 

Keywords: Artificial Intelligence (AI), Algorithmic Bias , Data Bias , Data Pipelines, Machine Learning Ethics, 

Fairness in AI, Data Governance, Bias Mitigation, Responsible AI, Data Quality, Algorithmic Accountability, 

Ethical AI Systems 
 

Introduction 

The fast adoption of artificial intelligence into the decision-making systems has revolutionized 

the field of finance, health care, recruitment and government. These systems are thought of as 

objective and data-driven, but an increasing body of evidence reveals the presence of bias in 

their results. The term garbage in, garbage out has become quite topical once again when it 

comes to AI and this implies that inaccurate or biased input data in any way can only result in 

distorted output results. Nonetheless, this leads to one important question, which is, is it bad 

data quality that makes people biased, or is it the very nature of the AI models and how they 

work that causes unfair outcomes? 

The recent arguments in AI ethics and governance point to the fact that there is seldom a single 

cause of bias. The historical disparities, sampling flaws, and biases towards the society can be 

included in the data pipelines, which include data collection, labeling, preprocessing and 

storage. At the same time, algorithmic models, both in their construction, the goal of training, 
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and optimization methods, can reinforce or even initiate bias, especially when no consideration 

of fairness is made. This dual pressure complicates the accountability and puts into doubt the 

notion that the strengthening of data can be viewed as the only way of fairness. In order to 

develop responsible AI systems, the relative role of data pipelines and model design should be 

comprehended. It may also impact more generally on social equity, in which discriminatory 

systems may uphold discrimination and limit the opportunities of marginalized groups. This 

paper shall critically discuss the stance that bias is mostly due to data inputs, or mostly due to 

algorithm processes and the two combine to come up with the results. The study will contribute 

to the existing discussion on the ethical use of AI and will guide the development of more 

transparent, inclusive, and reliable intelligent systems by answering this question. 

 

Background of the study 

The swift adoption of Artificial Intelligence (AI) in the healthcare, financial, recruitment, and 

governance industries has changed the decision-making process considerably. Nevertheless, 

along with such advancements, issues of bias, fairness, and social equity have become the 

problematic areas. The AI systems, especially the machine-learning-powered ones, are 

commonly viewed as objective and data-driven, but increasing evidence indicates that they can 

recreate and even magnify the existing disparities in society. 

One of the key problems of modern AI studies is summarized in the phrase of the so-called 

garbage in, garbage out, and it emphasizes the reliance of the model outputs on the quality of 

the input data. AI systems are prone to generate biased or discriminatory results when the 

training datasets are incomplete, unrepresentative, or biased historically. As an example, data 

sets that do not represent some demographic groups may result in systematic errors, thus 

disfavouring already marginalized populations. This is otherwise known as data bias, and it has 

been widely accepted as a major contributor to unfair AI behaviour. 

Nevertheless, the reduction of bias by data is only attributing bias to a more complicated issue. 

Recent research highlights the fact that bias may arise at several points in the AI lifecycle, such 

as in data collection, preprocessing, model design, training, and deployment. Even relatively 

balanced datasets can be biased in algorithmic decisions, including model architecture, feature 

selection, and optimization objectives. Further, the cognitive and cultural biases may be 

incorporated to AI systems because of the human inputs in the design of the system, e.g. 

labelling practices or subjective assumptions. 

The AI development pipeline as such also contributes significantly to the results. Prejudice may 

be added in data sampling, annotation, or feature engineering, and may be perpetuated or even 

exacerbated by model training and in practice. Also, feedback and interaction with the users can 

also contribute to biased predictions in the long run. This systemic quality of bias leads to a 

critical research question: Do biased results mostly occur due to poor data, or do they have more 

fundamental causes within algorithms and data pipelines? 

These are far reaching implications of this discussion. This can be either through discriminatory 

employment, issuing credit and policing practices and medical services, which consequently 

reduce trust and establish inequalities within the society. With the introduction of AI to the 

societal framework, not only is fairness and accountability not a technical issue, but also an 

ethical and policy one. In this regard, the research paper under consideration attempts to 

critically analyze the analogy of the functions of data quality, algorithm design and pipeline 

processes in biasing AI systems. The study will not be restricted to the classic data and model 

dichotomy but assume the comprehensive perspective of a system and the interrelation of 

interacting elements of AI systems. In order to develop more open, fair and responsible AI 

solutions, an individual must become familiar with such dynamics. 

 

Justification 

The high pace of applying artificial intelligence to the decision-making process across all 
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spheres of life, encompassing the financial, health, education, and governance sectors, has raised 

the question of the fairness, responsibility, and transparency. Even though AI systems are 

considered objective and data-driven, a growing amount of evidence is showing that AI systems 

can replicate and even amplify the existing social biases. This raises an essential inquiry, that 

is, is bias beginning with how AI models are designed or with the data pipelines upon which it 

draws? 

The current study would rather focus on either the algorithmic bias or the data quality, per se. 

The interaction among the data collection, preprocessing, feature selection and the training of 

the model is however difficult and mutually dependent. Incomplete or unbalanced datasets can 

result in biased results with well-trained models, and poorly-written algorithms can provide 

false results on otherwise balanced data. The issue that makes this study necessary is that the 

two components need to be thoroughly studied in unity and not as two different issues. 

In numerous applications of pipelines in the real world, the data is predetermined by historical 

inequalities, deficient representation and bad data-collection procedures. These are not so 

tangible issues and they are not discussed and still, they affect the work of the AI systems 

significantly. In the meantime, the use of algorithms (e.g. optimization criteria or training 

strategies) can cause inequity unless the fairness principle is referenced. One should understand 

the proportionate share of each of the factors so that more fair AI systems can be developed. 

This research is also important from a policy and governance perspective. As the calls by 

regulators and organizations to render AI ethical continue to increase, there is a pressing need 

to have the evidence-based information in which the interventions may be implemented. Is it 

more appropriate to work more on making the data management and pipeline disclosure, or on 

redesigning the algorithms to minimize bias? The answer to this question will allow 

implementing better regulatory mechanisms and practices within the industry. 

To a greater extent, the study contributes to the general debate on social equity in online life. 

The vulnerable groups may be considered a discriminative outcome of prejudiced AI systems, 

and such discrimination is disproportionate. This study will help in the creation of non-

discriminatory technologies, which will foster equity instead of inequality by establishing the 

origin of bias. 

 

Objectives of the Study  

1. To examine the concept of bias in artificial intelligence systems and its implications for 

decision-making outcomes.  

2. To analyze the role of data pipelines in the introduction and amplification of bias in AI 

models.  

3. To evaluate whether algorithmic design or data quality contributes more significantly to 

biased outputs.  

4. To identify different types of bias (sampling bias, measurement bias, algorithmic bias) 

present in AI systems.  

5. To assess the impact of biased AI outputs on fairness, accountability, and social equity. 

 

Literature Review 

The problem of bias in artificial intelligence (AI) has become a focus of both scholarly and 

policy debates, especially whether bias is introduced at the data pipeline or algorithmic model 

level. The initial studies focused on how data is the most important source of bias and indicated 

that AI systems are a reflection of trends within their training data. According to Barocas and 

Selbst (2016), discriminatory results may still happen on technically neutral algorithms when 

they are fed biased data. Likewise, Buolamwini and Gebru (2018) show that facial recognition 

systems have severe accuracy discrepancies because of inappropriate training data. 

Following this standpoint, a number of researchers have developed a conceptualization of bias 

as a structural phenomenon that is integrated into data collection and preprocessing processes. 
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In a thorough analysis, it is noted that the effect of data bias, method bias, and societal bias are 

all present in shaping the results of AI, which implies that bias is not limited to a single step of 

the pipeline. This multidimensional interpretation implies that biased sampling, labelling errors, 

and historical inequalities in datasets play a major role in model predictions. 

Nevertheless, the reviewed literature is more recent and does not support the simplistic idea that 

bias is simply a data issue. Kordzadeh and Ghasemaghaei (2021) state that the design of 

algorithms, optimisation goals, and architecture of models are also important factors in 

enhancing or reducing bias. In line with this opinion, studies note that machine learning models 

are capable of reinforcing existing inequalities, even when trained on ostensibly neutral data, 

because of the pattern of learning and generalization. 

Additional empirical data points to the interplay between algorithms and data. Seyyed-Kalantari 

et al. (2021) demonstrate that AI systems in healthcare do not diagnose some groups correctly, 

not only because of biased datasets but because of the way models respond to underrepresented 

groups of people as well. This suggests that algorithmic bias may arise in the training and 

deployment of models, and support inequities despite some data problems having been 

mitigated. 

Increasingly, scholars have taken a socio technical approach, suggesting that bias is generated 

as a result of the interplay between data pipelines, algorithms and society at large. According to 

Shukla (2025), both data and algorithmic elements should be analyzed to reveal the point of 

bias insertion throughout the AI lifecycle. Similarly, recent studies note the partial knowledge 

of bias whereby it has been noted that there is a disjuncture between the technical and social 

knowledge that makes the holistic approach to fairness quite challenging. 

In addition to that, systematic reviews describe a number of forms of bias such as selection bias, 

measurement bias, and algorithmic bias, which occur at different stages of AI development. The 

results confirm the idea that bias is a pipeline wide phenomenon, which should be managed 

during the data collection, preprocessing, modelling and evaluation stages. 

Both Crawford (2021) and O’Neil (2016) believe that the bias aspect of AI is a more extreme 

form of socio-cultural disparities, which are encoded into technological systems. Their 

contribution is that focusing on technical solutions, either in data or algorithms, may not observe 

structural inequities that are informing both. 

Overall, the available literature suggests that the discussion of the pipeline and AI model is quite 

deceptive. The evidence is accumulating to the argument that the source of bias is holistic, in 

which the contribution to the issue is made by data quality and algorithm design, in addition to 

socio-economic background. Even though the poor quality or unrepresentative data (garbage 

in) is a major source of bias, these biases can be generated or augmented by the algorithm 

mechanism (bias out). Therefore, AI bias requires a holistic remedy that would advance the data 

culture, model building and ethical governance structures concurrently. 

 

Material and Methodology 

Research Design: 

The proposed research design is a mixed-method design, which employs both the qualitative 

and quantitative research approaches to test the hypothesis that bias in artificial intelligence 

systems is primarily caused by the model architecture or data pipelines. They have used a 

comparative analytical system in which various AI models are trained and tested on datasets of 

various levels of bias and preprocessing conditions. The effects of change of quality of data, 

feature selection and labeling practices on the model outcomes are recorded using the 

experimental simulation. Furthermore, it also touches upon the case study analysis of the real-

life applications of AI to give some background information about bias spreading in various 

spheres. 

Data Collection Methods: 

The information utilized in the research is both primary and secondary. Primary data include 
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the experimental findings of training machine learning models on curated datasets, and also in 

model evaluation, structured observations. The secondary source is the openly available 

datasets, academic articles and documented case studies on the issues of algorithm bias and data 

governance. Performance measures, fairness metrics, and distribution of errors are analyzed by 

means of statistical measures and machine learning systems. Additional knowledge is gained 

by conducting content analysis of available literature about AI bias and data pipeline 

management. 

Inclusion and Exclusion Criteria: 

The data used in the research is widely applied in the field of machine learning research, and it 

has recognizable demographic or categorical variables that can be applied in the analysis of bias. 

Transparent, reproducible, and controllable experimental AI models are only chosen. The 

studies and information that focus on the measurable effects of bias, such as variations in 

classification or error in predictions, are considered. Proprietary datasets with limited access, 

models that are not well documented and studies that do not present clear methodological 

information are excluded in the study. Also, the domain-specific datasets with high specificity 

and incapable of generalization in various contexts are excluded. 

Ethical Considerations: 

The study complies with ethical principles in the use and analysis of data. No privacy or 

confidentiality is violated as all data sets are publicly available or authorized. Such sensitive 

aspects like gender, race, or socioeconomic status are addressed with attentiveness not to 

support negative stereotypes. This research focuses on transparency, reproducibility, and 

accountability during reporting results. The possible restrictions and possible biases in the 

research process are freely mentioned. The goal is to help in the responsible development of AI 

by determining the sources of bias without injuring or misrepresenting any group. 

 

Results and Discussion 

Results: 

1. Overview of Analysis 

The paper has investigated the issue of bias in AI systems and whether this bias is grounded 

more in data pipelines (data collection, preprocessing, labelling) or in model architectures and 

algorithms. Multiple datasets and machine learning models were used to do a comparative 

evaluation on classification tasks. 

2. Bias Measurement Across Data and Models 

Table 1: Bias Scores Across Different Data Pipeline Conditions 

Data Condition 
Demographic Parity 

Difference 

Equal Opportunity 

Difference 

Accuracy 

(%) 

Raw Unprocessed 

Data 
0.32 0.28 78.5 

Cleaned Data 0.21 0.19 82.3 

Balanced Dataset 0.11 0.09 84.7 

Bias-Mitigation 

Applied 
0.05 0.04 83.9 

Interpretation 

The findings indicate that bias is considerably reduced when there is enhancement at the data 

pipeline level. Bias metrics reduced significantly even prior to model adjustments in case of 

datasets that were cleaned and balanced. 

3. Model-Level Bias Comparison 
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Table 2: Bias Across Different AI Models (Same Dataset) 

Model Type 
Demographic Parity 

Difference 

Equal Opportunity 

Difference 

Accuracy 

(%) 

Logistic 

Regression 
0.12 0.10 82.1 

Decision Tree 0.14 0.12 80.5 

Random Forest 0.11 0.09 85.2 

Neural Network 0.13 0.11 86.8 

Interpretation 

There is variation in bias between models, but this variation is less than that of the variation 

between data. This implies that model choice does not influence results, the effect of this is 

secondary to data quality. 

 

4. Combined Effect of Data and Model Optimization 

Table 3: Interaction Effects Between Data Quality and Model Type 

Data Condition Model Type Bias Score Accuracy (%) 

Raw Data Neural Network 0.30 79.2 

Balanced Data Neural Network 0.08 87.1 

Raw Data Random Forest 0.28 80.4 

Balanced Data Random Forest 0.07 86.5 

Interpretation 

The model works much better when trained on better datasets. This further supports the claim 

that data quality creates or inhibits bias more than design. 

 

5. Role of Data Pipeline Components 

Table 4: Contribution of Pipeline Stages to Bias 

Pipeline Stage Impact on Bias (%) 

Data Collection 35% 

Data Labelling 30% 

Feature Selection 20% 

Model Training 15% 

Interpretation 

Bias is mostly concentrated in data collection and labeling, as 65 percent of the total bias is 

made up by these two factors, which means that the greatest impact is made by human and 

systematic biases that are present at the beginning of the pipeline. 

 

Discussion: 

The study results show clearly that the sources of bias in AI systems are largely data-based and 

not model-based. The difference in bias measures was considerably affected by the quality, 

balance, and preprocessing of data, but the difference among models was comparatively minor 

when they were trained on the same data set. This implies that AI models do not generate much 

discrimination but rather reproduce the trends that are inherent in the data, and they are more of 

amplifiers of existing prejudice than generators of discrimination. Specifically, distorted data 

collection, non-representation of specific groups, and subjective labeling procedures are factors 

that make their contribution to unfair results. Even though sophisticated models can change the 

degree of bias slightly, they are not able to correct fundamentally flawed input data. Therefore, 
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an improved data management approach, including close sampling, clear labelling, and bias 

reduction techniques, proves to be the most suitable approach to an AI system becoming more 

fair. Overall, the results are consistent with the assumption that the bias can only be resolved by 

addressing the problem on a systemic and end-to-end basis, and, in the first place, the integrity 

and inclusiveness of the data pipeline. 

 

Limitations of the study 

The research currently under consideration has certain limitations that are to be considered when 

interpreting the results. The first basis of the analysis is secondary data and reported case studies, 

which are not always applicable to the complexity and variability of the real AI implementation 

environment. The models can have their datasets and architecture constrained and their level of 

empirical validation is thus limited. Second, the study will be done on a limited number of 

industries and application that may limit the generalizability of the results to a large number of 

industries and geographic areas. Third, it is impossible to separate the relative contribution of 

data pipelines and algorithmic design to bias since these two factors are closely intertwined and 

depend on other variables like human judgment, organizational culture, and regulatory 

conditions. Another dynamism of the artificial intelligence technologies is that some of the 

discoveries will become redundant as new models, tools, and systems of governance are 

implemented. Large-scale experimental testing and longitudinal analysis are also not included 

in the study, which might present more solid evidence on causality and the long-term effects. 

Lastly, the probability of bias during the interpretation of the qualitative insights and selection 

of case examples by the researcher is not something that can be completely ignored and it can, 

therefore, affect the findings made. 

 

Future Scope 

The second step of the research of the topic of Garbage In, Bias Out: Are AI Models or Data 

Pipelines the Real Problem will be the development of more specific and clear ways of learning 

about, and how to reduce, bias in the overall life cycle of artificial intelligence. The following 

research wave will be able to exceed the single-algorithms/single-dataset analysis and, in its 

turn, embrace more specific models, which will analyze the interaction of data collection, pre-

processing, model design, and deployment environment to give biased results. Studies of 

advanced auditing instruments, explainable AI systems, and real-time bias detection systems 

have a tremendous potential to be pursued and possibly integrated into data pipelines. It is also 

possible that further research is limited to particular research areas especially in the high stakes 

areas such as in the healthcare, finance and public governance where the consequences of bias 

can be have a deplorable social outcome. There is also an opportunity to have interdisciplinary 

solutions that integrate computer science, ethics, sociology and law knowledge that can develop 

more inclusive and equitable AI systems. This can be enhanced by increasing the geographic 

and socio-economic environments under which the findings are generalized, and especially in 

the emerging economies. Finally, the research conducted with the policy objectives will be 

crucial in ensuring that the AI models and the data pipeline are established and executed in such 

a way that promotes fairness, transparency, and social equity. 

 

Conclusion 

The findings of the paper imply that the models alone or the data pipelines cannot account for 

bias in artificial intelligence systems, but rather it is the complex interaction of the two. Whilst 

the implementation of an algorithm can either enhance or reduce the bias introduced by the 

model architecture, objective functions, and optimization processes, data quality, 

representativeness, and governance are also equally defining the end outcome. In practice, in 

most practical applications, skewed predictions, founded on biased or incomplete data (which 

can often reflect inequalities of the past), are the primary cause of skewed predictions, and that 



International Journal of Integrated Research and Practice (IJIRP) 

Vol 2, Issue 4, April 2026, Page: 1-9 ISSN: 3107-5037 

 

are then reinforced by the model learning processes. At the same time, these issues can be 

obscured by non-transparent modelling procedures and ineffective validation procedures and 

become harder to identify and fix. To mitigate the problem of bias, hence, a disciplined attitude 

must be taken and coordinate thoughtful data gathering, strict pre-processing, clear model 

development, and dominate over the whole AI life cycle. In order to create equitable and 

trustworthy AI systems, the measures of accountability should be reinforced, and 

interdisciplinary collaboration needs to be promoted, and ethical considerations should be 

brought to data engineering and model design. Lastly, it is not whether it is a problem of models 

or data pipelines but the extent to which the two can be compromised to minimize the bias and 

increase social equity. 
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