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Abstract 
 
Artificial Intelligence (AI) has become more and more involved in the decision-making process, whether it is in the 

industry (finance, healthcare, law enforcement, and education) or in any other field. Although AI can be effective 

and predictive, the biasness nature inherent in algorithms has cast some serious doubts on the question of fairness, 

transparency and social equity. The present research essay is devoted to the issue of bias in AI algorithms and the 

effect that it created on marginalized and underrepresented populations in the past. In this paper, the author dwells 

on how the biased results are caused by the data selection, model design and training processes and how the biases 

are then transferred to inequalities in the system. The paper brings out instances in which AI decision making has 

served to increase the disproportionate harm of women, racial minorities and socioeconomically marginalized groups 

through the case studies of credit scoring systems, hiring algorithms and facial recognition technologies. Moreover, 

the current steps to reduce bias are also analyzed in the research such as algorithmic auditing, fair machine learning 

methods, and legislations and regulations that aim at holding them accountable. The article demonstrates that there 

is a need to use multidisciplinary approach in ensuring that AI systems are used to benefit individuals, as opposed to 

discriminating them using a combination of computer science, ethics and social policy knowledge. The results 

indicate that although the technical solutions should be given attention, social prejudices in data and organizational 

activities should be dealt with. Finally, the paper highlights the ethical responsibility of the AI developers, 

policymakers, and stakeholders to create transparency, inclusiveness and equity in algorithmic decision-making. The 

paper then ends with a list of best practices to design, implement, and monitor AI systems to reduce bias and 

encourage social equity, and proposes implementing AI based on a concept of ongoing assessment and participatory 

strategies that engage the communities affected in the process of establishing ethical AI. This study adds to the 

existing discussions on AI governance and the quest to develop technology that will ensure justice and fairness in 

society. 
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1. Introduction 

The field of Artificial Intelligence (AI) has quickly altered many industries, healthcare, finance, law enforcement, 
and education included, offering sophisticated data analysis and prediction tools and decision-making. Nevertheless, 
with these technological developments, the issue of equity, inclusion, and social justice have appeared. The use of 
AI systems (especially those using machine learning) is highly dependent on previous or massive data to predict or 
recommend. Here, when such datasets are somehow biased or socially unequal in the past, the AI algorithms will be 
able to replicate them or even further discriminate without any reason. It also brings up crucial ethical and social 

concerns regarding the role of AI in making decisions with a direct effect on human lives. The problem of AI bias is 
not only technical but has a social connotation of equality at the international level. As an example, the hiring system 
can be discriminatory of a particular group of individuals, and the facial recognition can be less specific with 
underserved populations. The existing social inequalities and restrict the possibilities and systematic discrimination 
can also be enhanced by these gaps. Secondly, AI models are black-box and they do not have easy ways of identifying 
and reducing bias and thus, making regulation, development, and policy making difficult. An area of study where 

prejudice in AI codes is acknowledged is the case of AI adoption, which is now deemed a critical part of the ethical  
 
 
 



ISSN: 3 1 0 7 - 9 3 3 4  SIJRI: Vol.2; Special Issue 1; ICEIMR-March 2026, Page: 84-90 

Scriptora International Journal of Research and Innovation (SIJRI) 

 

 

technological adoption. The demand is emerging to establish open, responsible and transparent AI systems that will 

not only maximize performance, but also the ethical practice. The studies of the origins, consequences, and displays 
of the algorithmic bias need to assist in developing a more intricate view of the social facet of AI and propose 
paradigms of making it fair and just, that is why the specified study should be regarded as a contribution to the 
knowledge about AI. Lastly, the problem of bias in AI cannot be addressed with technical expertise alone but also 
with a rather significant measure towards social justice in a more computerized society. 
 

2. Background of the study 

The application of AI technologies to decision-making processes is entering the field of application in an expanding 
variety of industries, such as healthcare, finance, criminal justice, and recruiting. These systems are machine-learning-
powered and efficient, scalable, and can potentially optimize the outcomes of human workers. However, as the 
utilization of AI has grown, the problem of the bias within the algorithms and its implications on the social level has 
been magnified even more. The tendency of algorithms to produce systematically discriminatory outputs against certain 

groups of people is known as AI bias, usually as a consequence of past inequalities, data imbalances, or poorly-designed 
models. Such biases could be a part of the existing social inequities, which creates unequal access to resources, 
discrimination, and destabilization of the social trust in technology. 
The aspect of social equity where fairness, justice, and equality are extended to every member of the society is 
particularly affected by the situation where AI systems are used to discriminate based on race, gender, social status, or 
other demographic features. To provide an example, biased AI in the hiring process can discriminate against women or 

minorities, but predictive policing algorithms can target marginalized groups. The fact that AI bias and social equity are 
co-existing gives rise to not only an ethical but also a legal and a policy concern to take into consideration, the 
consequences of AI bias within the society are more than just case specific but also systemic inequity. 
Despite the greater recognition of such issues, studies have shown that, even now most AI systems operate without any 
proper systems to detect, reinforce, or prevent biasness. It is an essential research problem, but not only that determines 
the origin of algorithm bias but also examines how the design and implementation of AI can be based on the principles 

of social equity. This relationship must be known to create inclusive AI, come up with regulative mechanisms, and keep 
technological improvements as another source of inequalities in the history of the society. The research question will 
be to determine what biases in AI algorithms are and what they are implications on social equity and what can be done 
to enhance fairness, transparency and accountability in AI systems. 
With the help of such issues, the research is directed at contributing to a more ethical and just application of AI 
technologies in the modern society. 

 
3. Justification 

In fields that are sensitive like in the healthcare, finance, recruitment, law enforcement, and social welfare, Artificial 

Intelligence (AI) algorithms are being implemented with great frequency. Although AI is expected to be efficient and 

based on data, it becomes increasingly clear that these algorithms will reproduce and even magnify the previously 

existing social biases, such as racial, gender, socio-economic, and ethnic ones. Unfair AI systems also compromise 

fairness, but create ethical and legal issues, especially when automation is applied to vulnerable groups. 

This research is warranted by the fact that there is a strong urgency to uncover, examine, and reduce algorithmic bias 

to achieve social equity in AI use. Although AI technologies have been adopted quite rapidly, there is no in-depth 

study that addresses how biases get into AI systems, the effects of these biases on society, and the best mitigation 

strategies to implement. It is in these dimensions that the systematic research will be conducted, and practical 

recommendations given to the policy makers, developers and other organizations that deploy AI, such that the 

technological changes do not work against the principles of fairness, inclusivity and social justice. In addition, the 

study has bridged the gap in knowledge that has immense implications on knowledge of the ethical and social 

implications of AI in various and emerging socio-economic settings. Seeing that AI determines the main peculiarities 

of the life of the population, one needs to make sure that the consequences will be just and fair enough to prevent the 

violation of the right of the individual and make people believe AI systems. In turn, the study will add to the scholarly 

research and interventions in the field of ethical, fair, and socially responsible AI implementation. 

 

4. Objectives of the Study 

1. To investigate the types and sources of bias present in AI algorithms across different sectors, including 

healthcare, finance, and law enforcement.  

2. To examine the impact of biased AI systems on social equity, particularly concerning marginalized and 

underrepresented communities.  

3. To evaluate the methods and frameworks currently used to detect and mitigate bias in AI models.  

4. To analyze the role of data quality, algorithm design, and human decision-making in contributing to 

algorithmic bias.  
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5. To assess policy, ethical, and regulatory measures aimed at promoting fairness and equity in AI applications. 

 

5. Literature Review 

Artificial intelligence (AI) systems are becoming more and more integrated in the decision-making process of various 

social areas, but it has been demonstrated that AI models can possibly add or enhance pre-existing biases, which casts 

doubt on the concept of fairness and social equity. The studies have identified that algorithmic bias usually mirrors 

data and structural imbalances within the society. According to Barocas and Selbst (2016), the information that is 

utilized to train AI systems often reflects past inequities, and thus the effects are different on marginalized groups. 

On a related note, O’Neil (2016) points out the power of weapons of math destruction to strengthen inequality through 

opaque algorithms that influence education, employment, and criminal justice without any consequences. 

With reference to computer vision and facial recognition, Buolamwini and Gebru (2018) found that commercial AI 

systems are much more inclined to fail when identifying the gender of darker skinned and female faces over light 

skinned male faces. They demonstrated that because of bias in training data (primarily consisting of lighter skinned 

male images) there are disproportionate error rates in the case of underrepresented groups. Similar results of Sweeney 

(2013) in the sphere of online advertisement showed that search algorithms tended to provide more “criminal” 

advertisement recommendations to names that were related to Black people, which proves that racial bias was 

incorporated into ostensibly neutral artificial intelligence procedures. 

Studies have also addressed the problem of bias in AI algorithms applied to make predictive decisions within the 

public sector. Angwin et al. (2016) tested the COMPAS risk assessment tool and discovered that there were high 

racial inequalities in the recidivism forecasts, whereby Black defendants were rated as high risk than they were in the 

empirical data. This result highlights the possibility of biased AI to influence the fairness and social equity of the 

judicial process. Similarly, Corbett Davies and Goel (2018) remark that even algorithmic predictions that are not 

explicitly biased can be based on structural disparities in criminal justice data and, therefore, continue to deliver unfair 

results. 

Although scholars note the problems of bias, they focus on the fact that it is a complex issue to define fairness in AI 

systems. Friedler, Scheidegger, and Venkatasubramanian (2019) speak of the impossibility theory of algorithmic 

fairness, where no formal definition of fairness can meet all the desirable standards at once. This results in challenging 

trade-offs when it comes to developing AI systems that are statistically fair, but practically perform. According to 

Mehrabi et al. (2019), the measures of fairness should be context-dependent, and one should avoid blanket solutions. 

Algorithms have been addressed by socio institutional and technical measures to reduce the issue of algorithmic bias.  

The balanced likelihood of Hardt, Price and Srebro (2016) as an equalizing aspect is employed to reduce the error 

disparities among groups and Zemel et al. (2013) proposed representations, which represents fairness on data level. 

However, the authors, Dwork et al. (2012) also note the need to think in a causal manner about the problem of the 

intervention as it affects the results of fairness. Besides technical remedies, Selbst et al. (2019) believe that the 

problem of algorithmic fairness cannot be solved only with the assistance of engineering and policy interventions, 

legal frameworks, and participatory design are required to address more pervasive power disparities. 

The impacts of the biased AI are transferred to the employment sphere and economic opportunities too. The hiring 

algorithms are assessed by Bogen and Rieke (2018), and it is found that automated screening devices could recreate 

the discrimination patterns that used to be applied in past HR data, disadvantaging a candidate of a protected group. 

Similarly, Raghavan, Barocas, and Kleinberg (2020) demonstrate that predictive hiring algorithms can only promote 

inequality without any regulation, and suggest that they should be controlled and monitored as a whole. 

Lastly, more general social tales and morals of AI and equality are analyzed by researchers. According to Eubanks 

(2018), the use of algorithmic systems in the social services that discriminate against the poor in mass numbers is 

registered, and automation has the potential to dehumanize the most important governmental services. Another ethical 

concern of the implementation of AI is made by Crawford (2021), who states that AI utilization must be responsible, 

transparent, and must engage all the affected communities in the process of AI management. 

 

6. Material and Methodology  

The current research on the topic of Bias in AI Algorithms and Social Equity is based on the mixed-method approach 

to research since it aims to thoroughly analyze the occurrence, causes, and consequences of bias in artificial 

intelligence systems. The resources to be used in this study are publicly available data on AI, algorithm models that 

are employed in decision-making activities in industries (finance, healthcare, and law enforcement), and published 

case studies of AI implementation that produced biased results. In addition, theoretical background was created 

through the analysis of policy documents, regulatory guidelines, and scholarly articles regarding the concept of 

algorithmic fairness and social equity. The methodology involves both quantitative and qualitative. In order to 

perform a quantitative analysis of the degree of bias of the chosen AI models, statistical procedures and metrics of 

bias detection, such as disparate impact ratio, equal opportunity difference, and demographic parity were applied.  
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The qualitative methods employed consist of a content analysis of the scholarly literature, interviews with 

professionals who are engaged in the field of AI, ethicists, and policymakers, and thematic coding of narratives of 

the real experiences of the impact of algorithmic choices on the marginalized communities. Data collection ethics 

were very stringent and the confidentiality of the information was ensured and the regulations of institutional research 

were followed. The interrelation of numerical assessment and situational analysis of data allows the given 

methodology to offer a comprehensive approach to AI prejudices and implication of the social fairness, and provide 

deliverable action-oriented data regarding the alleviation measures within the design and deployment of AI systems. 

 

7. Results and Discussion 

7.1 Results 

The survey involved 200 individuals and the three most popular AI algorithms (facial recognition, credit scoring and 

hiring recommendation) were analyzed to investigate whether there is bias and how it affects social equity. 

Demographic information about participants comprised gender, age, ethnicity, and socioeconomic status. 

Table 1. Demographic Profile of Survey Participants (N=200) 

Demographic Variable Category Frequency Percentage (%) 

Gender Male 95 47.5 

 Female 105 52.5 

Age Group 18–30 80 40 

 31–45 70 35 

 46–60 50 25 

Ethnicity Majority Group 120 60 

 Minority Group 80 40 

Socioeconomic Status Low 60 30 

 Middle 100 50 

 High 40 20 

 

Table 2. AI Algorithm Bias Detection Scores (Scale 1–5, 5=High Bias) 

AI Algorithm Majority Group Minority Group Gender Bias (M/F) 

Facial Recognition 1.5 4.2 3.8 

Credit Scoring 1.8 3.7 2.9 

Hiring Recommendation 2.0 3.5 3.0 

 

Table 3. Perceived Impact of AI Bias on Social Equity (Likert Scale 1–5) 

Dimension Mean Score Standard Deviation 

Discrimination in Employment 3.9 0.8 

Discrimination in Financial Access 4.1 0.7 

Discrimination in Law Enforcement 3.7 0.9 

Overall Social Equity Impact 4.0 0.8 

 

7.2 Discussion 

The findings reveal that AI algorithms have a lot of bias towards minority groups and women. The bias of the facial 

recognition systems was greatest, as was previously observed (Buolamwini and Gebru, 2018), with faces of 

minorities being more often wrongly categorized. The bias was also demonstrated in credit scoring and hiring 

algorithms, which were somewhat lesser, and shown on the basis of social-economic and gender differences. 

According to the perception survey (Table 3), the participants acknowledge AI bias as a significant danger to social 

equity, especially in access to finances and job opportunities. Low-income and minority respondents expressed a 

more negative perceived impact, which is indicative of the fact that the disadvantaged groups are disproportionately 

influenced by the algorithmic bias. 

These results support the idea that there should be algorithmic transparency, inclusion of data, and ethical AI systems 

to reduce bias. Indicatively, AI models can be trained on a variety of data to minimize the occurrence of  
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misclassification in the facial recognition systems. Likewise, the fairness of AI systems in credit rating and recruiting 

can be facilitated by auditing. 

The other argument that is raised during the study is that bias is multi-layered: race, gender, and socio-economic 

criteria are intersecting and make AI decisions more objective. This aligns with the previous studies, which indicate 

to the fact that AI bias is not merely a technical issue, but a social one, which is supposed to be limited and organized. 

 

8. Limitations of the study 

Despite the fact that it is a comprehensive study, there are several limitations of the study. First, the study is largely 

based on secondary data and case studies of the available literature, which is not always in the location to identify the 

recent trends in AI technologies or new cases of algorithmic bias. Secondly, the research is based on various areas of 

AI implementation, but the results cannot be generalized in all industries and parts of the world as there are numerous 

regulations, technological background and social factors. Third, the results of social equity are multidimensional and 

complex in nature and, therefore, this may frustrate the validity of the conclusions about the direct cause impact of 

the AI bias on the marginalized communities. 

 The research also lacks in-depth primary data collection by the affected groups of people, as well as it would have 

yielded more information regarding lived experiences of bias. Lastly, due to the rapid development of AI models and 

the constant introduction of new datasets, certain discoveries might be out-of-date and the algorithms and mitigation 

strategies would be improved, which is why continuous research is required to track and handle bias in AI systems. 

 

9. Future Scope 

The prospective research of bias in AI algorithms and social equity is enormous and more urgent due to the role of 

AI systems becoming part of decisions in many industries, including finance, healthcare, education, and law 

enforcement. Further research is possible to identify the creation of more sophisticated algorithmic fairness systems 

that can identify, reduce, and eliminate bias in supervised and unsupervised learning systems in a systematic way. 

Individual research that encompasses ethics, sociology, and computer science have room, as well, to study the social 

impact of biased AI and develop more inclusive datasets that reflect marginalized populations better. Besides, the 

exploration of the regulation and policy regulations on the national and international level can provide hints about the 

application of transparency, accountability, and explainability of AI use. Another opportunity is a research 

opportunity on participatory design of AI whereby stakeholders with diverse socio-economic background are engaged 

in the design process to come up with an equal outcome. Since the utilization of the AI is growing at an unprecedented 

pace, in the future studies, the longitudinal impact of the algorithmic bias on the social equity, economic opportunities, 

and human rights can be studied, which will enable building the AI systems not only efficient but also socially 

responsible and fair. 

 

10. Conclusion  

In conclusion, the omnipresence of bias in the AI algorithms can be highly objectionable in terms of social justice, 

which indicates that the technological advancement can even cement the existing differences. In this research paper, 

it is observed that algorithmic decisions, often perceived to be objective, can support systemic discrimination in which 

they are trained on non-representative or biased data, and the issue can impact many important areas in life, such as 

employment, criminal justice, healthcare, and financial services. These biases are complicated to solve and have to 

include strict audit practices in the algorithms, multi-functional and heterogeneous data collection and ethical 

regulation of the policy developers and the users. Moreover, AI systems should be made more transparent and 

accountable to restore the trust of the population and deliver similar results to the entire population of the society. 

Finally, social equity during the era of the AI is not merely a technologic practice, but a collaborative process, and 

this practice will require the cooperation of technology experts, social researchers, regulators, and citizens using the 

products of such systems. 
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