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Abstract:- In this work, bias identification and mitigation 

in AI-driven target marketing are examined with an 

emphasis on guaranteeing fairness in automated 

consumer profiling. Significant biases in AI models were 

found by preliminary investigation, especially impacted 

by characteristics like purchasing history and geographic 

location, which closely correspond with protected 

characteristics like race and socioeconomic position. With 

a Disparate Impact (DI) of 0.60, a Statistical Parity 

Difference (SPD) of -0.25, and an Equal Opportunity 

Difference (EOD) of -0.30, the fairness measures 

computed for the original models revealed significant 

biases against certain population groups. We used three 

main mitigating strategies: pre-processing, in-processing, 

and post-processing, to counteract these biases. Re-

sampling and balancing of training data as part of pre-

processing raised the DI to 0.85, SPD to -0.10, and EOD 

to -0.15. The measures were much better with in-

processing, which adds fairness restrictions straight into 

the learning algorithms, with a DI of 0.90, an SPD of -0.05, 

and an EOD of -0.10. The most successful were post-

processing modifications, which changed model outputs 

to guarantee fairness; they produced a DI of 0.95, an SPD 

of -0.02, and an EOD of -0.05.  These results support the 

research already in publication and demonstrate that bias 

in AI is a complicated and enduring problem that calls for 

a multidimensional strategy. The paper highlights how 

crucial ongoing audits, openness, and multidisciplinary 

cooperation are to reducing prejudice. Marketers, AI 

practitioners, and legislators will find the ramifications 

profound, which emphasizes the requirement of moral AI 

methods to preserve customer confidence and follow laws. 

This approach advances the larger discussion on AI 

ethics, promotes justice, and reduces prejudice in AI-

driven marketing systems. 

 

 

 

 

 

 

 

I. INTRODUCTION 

 
Artificial intelligence (AI) has ushered in a new age of 

efficiency and creativity in recent years by revolutionizing 

many facets of business and daily life. Target marketing is one 

well-known use of artificial intelligence (AI), where machine 

learning algorithms examine enormous volumes of customer 

data to build comprehensive profiles and forecast consumer 

behaviour (Haleem, 2023). This makes it possible for 

businesses to customize their marketing plans to each 

consumer's tastes, increasing customer satisfaction and 

revenue. However, the quick uptake of AI-powered target 

marketing has also brought up serious ethical issues, namely 
concerning the impartiality and possible biases in these 

automated consumer profile systems. The topic of bias in AI, 

and some issues presented in the figure below has attracted a 

lot of attention from academics, decision-makers, and the 

general public since these systems are being used more and 

more to make choices that directly affect humans.  
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Fig 1: Ethical Issues of AI 

 
According to De Bruyn in 2023, racial, gender, 

socioeconomic, and other demographic biases are only a few 

examples of the many ways that prejudice in AI might appear. 

These biases can have discriminatory effects and exacerbate 

already-existing societal injustices. Biased AI algorithms in 

the context of target marketing may lead to the unjust 

treatment of certain consumer groups, denying them 

opportunities or exposing them to excessive scrutiny. To 

ensure the ethical use of these technologies and to create 

effective mitigation techniques, it is essential to understand 

the causes and consequences of bias in AI-driven target 

marketing. 
 

Artificial intelligence (AI) systems acquire knowledge 

from historical data, which often reflects societal prejudices 

(Ntoutsi, 2020). For example, an AI model trained on 

previous sales data from a corporation may unintentionally 

reinforce a preference for a certain demographic, 

marginalizing or excluding other groups. In addition, if some 

features—like age, gender, and location—correlate with 

protected qualities, they may introduce or intensify biases in 

the AI models.  

 
Thus, without proper design and oversight, even well-

meaning AI applications may provide skewed results. 

Predictive police algorithms have been shown to 

disproportionately target minority populations, providing an 

example of prejudice in AI-driven target marketing 

(McDaniel, 2021). Similar biases may exist in marketing 

algorithms, leading to the unjust targeting or exclusion of 

certain demographic groups according to their characteristics. 

For example, a credit card firm may use artificial intelligence 

(AI) to find prospective high-value clients and provide them 

with special offers. A biased algorithm might exclude those 

from lower socioeconomic backgrounds who could 

potentially benefit from these offerings in favour of those 

from richer ones. This restricts the company's market reach 

and maintains economic inequality. 

 

The methods used to gather and handle data might 

potentially introduce bias into AI-driven target marketing 

(Kim, 2021). Diversity is typically lacking in data sets used 
to train AI models, which results in algorithms that do not 

generalize well across various populations. When training an 

AI system on data mostly from urban customers, for instance, 

it could not function well for rural consumers (Rabah, 2018). 

Furthermore, if not done correctly, data pretreatment 

procedures like data cleansing and normalization might 

induce biases. These prejudices have the potential to spread 

throughout the AI pipeline and influence the system's final 

judgments. Bias in AI-driven target marketing has serious 

ethical ramifications. A decline in confidence in AI 

technology and the businesses that use it may result from 
unfair treatment of customers based on skewed AI judgments. 

Consequently, this may lead to more widespread societal 

effects including the strengthening of preconceptions and the 

widening of socioeconomic gaps. Thus, it is essential to 

remove prejudice in AI systems to advance equality and 

justice in automated consumer profiling. AI-driven target 

marketing bias mitigation calls for a multifaceted strategy. 
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Making sure the data used to train AI models is reflective of 

the varied customer base is an important first step. This 

entails gathering information from a range of demographic 

groups and making sure that the perspectives of minorities are 

fairly reflected (Danks & London, 2017). Furthermore, data 

must be updated often to account for changing customer 

preferences and habits (Gebru et al., 2018). 

 
A crucial component of mitigating bias is the meticulous 

selection and engineering of characteristics included in 

artificial intelligence models. It is preferable to choose 

features according to their applicability to the marketing job 

rather than how closely they align with protected attributes 

(Barocas & Selbst, 2016). For instance, a model may employ 

product preferences or purchase behaviour in place of a 

consumer's zip code, which may be correlated with 

socioeconomic position or race (Hajian et al., 2016). Bias 

may have a lessening effect on AI results by using feature 

engineering approaches like deleting or altering biased 
features (Hardt et al., 2016). 

 

Addressing prejudice in AI-driven target marketing also 

requires accountability and transparency. When developing 

and implementing AI systems, businesses should follow 

transparent procedures. This includes accurately 

documenting data sources, model structures, and decision-

making procedures (Binns, 2018). This makes it possible to 

examine things more closely and spot any biases 

(Diakopoulos, 2016). In addition, implementing 

accountability measures like frequent audits and effect 

analyses may aid in guaranteeing the moral and equitable use 
of AI systems (Ananny & Crawford, 2018). Another possible 

approach to reducing prejudice in AI-driven target marketing 

is the use of algorithmic fairness tools. To enhance fairness, 

these strategies include making adjustments to the decision-

making algorithm or the training procedure (Kamiran & 

Calders, 2012). One way to ensure that the AI model's 

forecasts do not unfairly benefit or harm any one group is to 

include fairness restrictions in the model's objective function 

(Zafar et al., 2017). It is also possible to use post-processing 

techniques, which modify the model's output to get more 

equitable results (Feldman et al., 2015). Careful calibration is 
necessary to achieve a balance between model accuracy, 

business goals, and fairness when using these strategies 

(Corbett-Davies et al., 2017). 

 

In addition, addressing prejudice in AI-driven target 

marketing requires interdisciplinary cooperation. Combining 

knowledge from the social sciences, computer science, ethics, 

and law may help build strong mitigation measures and 

provide a comprehensive view of the problem (Mittelstadt et 

al., 2016). For example, computer scientists may provide 

technological solutions to overcome these biases, while 

ethicists and social scientists can provide insights into the 
societal implications of biased AI systems (Binns, 2018). 

Legal professionals may make sure that AI operations abide 

by current laws and can push for the creation of new 

legislation to advance AI justice (Crawford & Schultz, 2014). 

Important elements of prejudice reduction also include 

awareness-raising and education. Businesses need to spend 

money educating staff members about the moral 

ramifications of artificial intelligence and the significance of 

justice in automated decision-making (Eubanks, 2018). This 

involves bringing company executives' attention to the ethical 

and reputational problems associated with biased AI systems, 

as well as training data scientists and engineers on bias 

detection and mitigation strategies (Holstein et al., 2019). 

Companies may guarantee that fairness is given priority 

throughout the AI development lifecycle by cultivating a 
culture of ethical AI usage (Jobin et al., 2019). 

 

Several attempts to identify and reduce bias in AI-driven 

target marketing have proven effective despite the 

difficulties. As an example, a few businesses have put in place 

bias detection technologies that examine AI models for any 

biases before deployment (Raji et al., 2020). These tools can 

detect biased characteristics, assess how fair model 

predictions are, and provide suggestions for mitigating bias 

(Mehrabi et al., 2021). Furthermore, programs like fairness 

challenges and standards have been set up to promote the 
creation of equitable AI models (Bellamy et al., 2019). These 

initiatives show that bias in AI may be addressed and 

emphasize the need for further study and development in this 

field (Mitchell et al., 2019). Policies are essential for 

advancing equity in AI-powered target advertising. Globally, 

governments and regulatory agencies are creating regulations 

to guarantee the ethical use of AI as they become more aware 

of the need to eliminate prejudice in AI (Veale & Brass, 

2019). For instance, the General Data Protection Regulation 

(GDPR) of the European Union has clauses about algorithmic 

accountability and transparency (Goodman & Flaxman, 

2017). A complete set of rules for the moral creation and use 
of AI systems, including standards for equity and 

nondiscrimination, is the goal of the proposed EU AI Act 

(Voss, 2021). These legislative initiatives provide businesses 

a platform on which to base their AI operations on morality 

and advance equity in automated consumer profiling 

(Whittaker et al., 2018). 

 

A. Significance of Study 

The significance of this study lies in its potential to 

address critical ethical challenges in AI-driven target 

marketing. By investigating bias detection and mitigation 
strategies, the research aims to promote fairness and equity in 

automated consumer profiling. This is crucial for preventing 

discriminatory practices that could harm marginalized groups 

and undermine public trust in AI technologies. Additionally, 

the study's findings can guide businesses in implementing 

ethical AI systems, fostering more inclusive marketing 

practices. Therefore, this research contributes to the broader 

discourse on ethical AI, helping to shape policies and 

standards that ensure responsible and fair use of AI in 

marketing (Barocas & Selbst, 2016; Binns, 2018). 

 

B. Aims and Objectives 
This study aims to investigate and propose effective 

strategies for detecting and mitigating biases in AI-driven 

target marketing. The objectives are to analyze the sources 

and impacts of biases in AI models, develop methods for bias 

reduction, and recommend best practices for ethical AI use in 

marketing. 
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II. CONCEPTUAL FRAMEWORK 

 

A. Artificial Intelligence (AI) 

Artificial intelligence (AI) refers to the simulation of 

human intelligence in machines designed to think, learn, and 

problem-solve like humans. AI encompasses a broad range of 

technologies, including machine learning, natural language 

processing, and computer vision, which enable computers to 

process large amounts of data, recognize patterns, and make 

decisions with minimal human intervention (Russell & 

Norvig, 2020). In the context of marketing, AI-driven 

systems analyze consumer data to generate insights, 

personalize experiences, and optimize marketing strategies, 

leading to more effective and efficient campaigns (Davenport 

et al., 2020). The below statistical presentation indicates 

countries that trust generative AI for their business growth. 
 

 
Fig 2: AI Usage Statistic (Capemini) 

 

AI's ability to continuously learn and adapt from new 

data allows it to refine its predictions and recommendations 

over time, enhancing its utility in dynamic market 
environments. However, the reliance on historical data also 

raises concerns about the perpetuation of existing biases and 

ethical implications, necessitating ongoing research and 

development to ensure fair and responsible AI applications 

(Mitchell et al., 2019; Binns, 2018). 

 

 

 

 

 

B. The Role of Artificial Intelligence in Digital Marketing  

 

 Enhancing Consumer Insights and Personalization 
By using sophisticated analytics of large datasets, AI 

enables marketers to get a more profound understanding of 

customer behaviour. To find trends and forecast future 

actions, machine learning algorithms examine both historical 

and real-time data, including social media interactions, 

purchasing histories, and browsing tendencies (Davenport et 

al., 2020). This feature, as presented in the figure below 

allows marketers to develop highly customized marketing 

decision-making that are catered to individual tastes, hence 

raising relevance and interaction.  

 

 
Fig 3: Importance of AI in Marketing (LeewayHertz) 
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Beyond segmentation, AI-driven personalization goes 

even further to hyper-personalization, in which real-time 

dynamic tailoring of information, offers, and suggestions to 

each customer's preferences and circumstances occurs 

(Rousseau, 2011). To improve user experience and increase 

sales, AI-powered recommendation engines on e-commerce 

sites like Amazon propose items based on past purchases and 

browsing activity. 
 

 Optimization of Marketing Campaigns 

AI gives marketers previously unheard-of accuracy and 

efficiency in optimizing many facets of marketing efforts. 

Real-time optimization recommendations are made by 

predictive analytics and artificial intelligence algorithms, 

which also examine campaign performance indicators and 

spot effective tactics. With this iterative approach, marketers 

may best allocate resources, modify messages, and target to 

maximize return on investment (Kireyev et al., 2020). 

Additionally, AI improves the efficacy of digital advertising 
via platforms for programmatic advertising. These systems 

optimize ad placements based on audience data and 

engagement metrics by using AI to automate the purchase and 

placement of advertising in real-time auctions (Martin & 

Srivastava, 2020). By making sure that ads reach the most 

appropriate demographic groups, AI-driven ad targeting 

improves conversion rates and lowers squandered advertising 

budgets. 

 

 Customer Service and Engagement 

Virtual assistants and chatbots driven by artificial 

intelligence transform customer service by answering 
questions quickly, fixing problems, and advising customers 

on what to buy. Real-time understanding and response to 

client questions by chatbots made possible by natural 

language processing (NLP) algorithms improves customer 

happiness and loyalty (Voruganti et al., 2019). When chatbots 

answer common questions well, human agents can 

concentrate on more difficult jobs.  

 

Moreover, via the use of social listening and sentiment 

analysis, AI improves client engagement. To determine 

mood, spot patterns, and foresee possible problems before 
they become worse, AI algorithms examine social media 

posts, reviews, and client comments (Jurgelenaite & Castelló-

Martinez, 201). This proactive strategy helps companies to 

build connections, reduce reputational concerns, and react 

quickly to consumer comments.  

 

 Ethical Considerations and Challenges 

There are serious ethical questions with AI in digital 

marketing even with its revolutionary promise. The 

possibility of bias in AI algorithms is one of the main worries 

as it might support prejudices or unjustly hurt certain 

demographic groups (Binns, 2018). Unintentionally causing 
discriminatory results in targeting and customisation, biased 

algorithms may undermine trust and exacerbate social 

inequality. Reducing these dangers requires responsibility 

and transparency. Marketers need to guarantee openness in 

the way AI algorithms work, how data is gathered and 

utilized, and provide customers concise justifications for 

choices made using AI (Veale & Binns, 201). Fairness, 

accountability, and the right to explanation are also stressed 

in AI-driven marketing practices by legal frameworks such as 

the GDPR in Europe and developing principles for AI ethics 

(Goodman & Flaxman, 2017). 

 
C. Bias Management in AI-Driven Marketing 

Bias management in AI-driven marketing is crucial for 

ensuring fair and ethical practices. As AI systems 

increasingly influence marketing decisions, addressing bias 

becomes essential to avoid perpetuating discrimination and to 

maintain consumer trust. 

 

 Understanding Bias 

Bias in AI-driven marketing can stem from several 

sources, including biased training data, algorithmic design, 

and the interpretation of AI outputs. Training data often 
reflects historical inequalities and societal biases, which can 

be inadvertently learned and amplified by AI models 

(Barocas & Selbst, 2016). Understanding the nature and 

sources of these biases is the first step toward effective 

management. For instance, biased data might arise from the 

overrepresentation or underrepresentation of certain 

demographic groups in the datasets used to train AI models 

(Danks & London, 2017). 

 

 Mitigation Strategies 

To manage and mitigate bias, several strategies can be 

employed. One approach is to use balanced and 
representative datasets that reflect the diversity of the 

consumer base (Gebru et al., 2018). This involves actively 

collecting data from underrepresented groups and 

continuously updating datasets to capture changing consumer 

behaviours and preferences. Feature engineering is another 

crucial technique. Selecting features that are relevant to 

marketing goals without correlating strongly with protected 

attributes, such as race or gender, can reduce bias (Hardt et 

al., 2016). For example, instead of using geographic location 

data that might correlate with socioeconomic status, 

marketers can focus on behavioural data such as purchase 
history. Algorithmic fairness tools also play a significant role 

in bias management. These tools include pre-processing 

methods to cleanse training data, in-processing methods to 

adjust the learning algorithms, and post-processing methods 

to correct biased outputs (Kamiran & Calders, 2012; Feldman 

et al., 2015). By incorporating fairness constraints and 

regularly auditing AI systems, businesses can ensure more 

equitable outcomes (Raji et al., 2020).  
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Fig 4: Bias and Fairness in AI (Raji, 2021) 

 

 Accountability and Transparency 

Maintaining accountability and transparency is vital in 

managing bias. Businesses should document data sources, 

model development processes, and decision-making criteria 

(Binns, 2018). Regular audits and impact assessments help 

identify biases and measure the effectiveness of mitigation 

strategies (Ananny & Crawford, 2018). Transparency in AI 

operations fosters consumer trust and aligns marketing 

practices with ethical standards. 
 

III. METHODS 

 

A. Research Design 

The research methodology section outlines the scientific 

methods and procedures employed to investigate bias 

detection and mitigation in AI-driven target marketing. This 

section details the research design, data collection methods, 

analytical techniques, and evaluation metrics used in the 

study. 

 
 

 

 

B. Research Design 

This study adopts a mixed-methods approach, 

combining qualitative and quantitative research methods. The 

research design includes: 

 

 Qualitative Analysis: Interviews with experts in AI 

ethics, marketing professionals, and data scientists to gain 

insights into current practices and challenges in managing 

AI biases. 

 Quantitative Analysis: Statistical analysis of datasets 

used in AI-driven marketing to identify patterns of bias 

and evaluate the effectiveness of mitigation strategies. 

 

C. Data Collection 

Data collection involves two primary sources: 

 

 Primary Data: Semi-structured interviews with 

stakeholders, including AI developers, marketing 

managers, and ethicists. 

 Secondary Data: Publicly available datasets from 
marketing campaigns, customer interaction logs, and 

demographic information. 

Table 1: Summarizes the Data Sources and their Characteristics. 

Data Source Type Description 

Interviews Qualitative Expert opinions on AI bias and mitigation strategies 

Marketing Datasets Quantitative Data on customer interactions, purchase history, and campaign outcomes 
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D. Analytical Techniques 

To analyze the data, several analytical techniques are 

employed: 

 

 Feature Analysis: Examining the features used in AI 

models to identify potential biases. 

 Algorithmic Audits: Conducting audits on AI models to 

detect bias in their predictions and decisions. 

 Statistical Tests: Using statistical methods to measure the 

presence and extent of bias. 

 

E. Bias Detection Model 

The bias detection model is based on the fairness 

metrics framework. Key metrics include: 

 Disparate Impact (DI): Measures the ratio of favourable 

outcomes between different demographic groups. 

 

DI=
Pr(Outcome=positive∣Group=B)

Pr(Outcome=positive∣Group=A)
 

 

 Statistical Parity Difference (SPD): Computes the 

difference in positive outcome rates between groups. 

     SPD=Pr (Outcome=positive ∣ 
Group=A)−Pr(Outcome=positive ∣ Group=B) 

 Equal Opportunity Difference (EOD): Measures the 

difference in true positive rates between groups. 

EOD=TPRA−TPRB 

 

Table 2: Presents these Fairness Metrics and their Implications. 

Metric Formula Implications 

Disparate Impact (DI) DI=
Pr(Outcome=positive∣Group=B)

Pr(Outcome=positive∣Group=A)
 Indicates potential bias if significantly 

different from 1 

Statistical Parity Difference SPD=Pr (Outcome=positive ∣ 
Group=A)−Pr(Outcome=positive ∣ Group=B) 

Highlights the disparity in outcomes 

between demographic groups 

Equal Opportunity Difference EOD=TPRA−TPRB 

 

Reflects fairness in true positive rates 

between groups 

 

F. Bias Mitigation Techniques 

The study evaluates various bias mitigation techniques, 

including: 

 

 Pre-processing: Modifying the training data to remove 

biases before model training. 

 In-processing: Adjusting the learning algorithm to 

minimize bias during model training. 

 Post-processing: Altering the model's predictions to 
ensure fairness after training. 

 

G. Evaluation Metrics 

To assess the effectiveness of bias mitigation 

strategies, the following metrics are used: 

 

 Accuracy: Measures the overall correctness of the 

model's predictions. 

 

Accuracy = 
True Positives+True Negatives   

Total Predictions 
 

 

 F1 Score: Combines precision and recall to provide a 

balanced evaluation metric.             

 

F1 Score= 2×  
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 ×Recall 

Precision+Recall
 

 

 Fairness Metrics: Assess the degree of bias reduction as 
outlined in Table 2. 

 

H. Model Implementation 

The research implements a model to detect and mitigate 

bias using the following steps: 

 

 Data Preprocessing: Cleaning and preparing data for 

analysis. 

 Model Training: Using machine learning algorithms to 

train models on preprocessed data. 

 Bias Detection: Applying fairness metrics to evaluate 

bias in model predictions. 

 Bias Mitigation: Implementing techniques to reduce 

identified biases. 

 Model Evaluation: Using accuracy, F1 score, and 

fairness metrics to assess model performance. 

 

IV. RESULTS 

 

The results section presents the findings from the 

analysis of bias in AI-driven target marketing, based on the 

methods outlined in the research methodology. This includes 

the outcomes from feature analysis, algorithmic audits, and 

the evaluation of bias mitigation techniques. The results are 

structured to reflect the identification of biases, their impact, 

and the effectiveness of the implemented mitigation 

strategies. 

 

A. Feature Analysis 
The feature analysis identified several features in the 

marketing datasets that contributed to bias in AI models. 

Notably, features such as geographic location (zip code) and 

purchase history showed strong correlations with protected 

attributes like socioeconomic status and race. 
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Table 3: Summarizes the Correlations between selected features and protected attributes. 

Feature Protected Attribute Correlation Coefficient 

Geographic Location Socioeconomic Status 0.78 

Purchase History Race 0.65 

Browser Type Age 0.45 

 

The high correlation coefficients indicate potential 

sources of bias, necessitating careful consideration and 

possible exclusion or transformation of these features in the 

AI models. 

 

 

B. Algorithmic Audits 

The algorithmic audits revealed significant biases in the 

AI models' predictions. The primary biases were identified 

through the calculated fairness metrics: Disparate Impact 

(DI), Statistical Parity Difference (SPD), and Equal 

Opportunity Difference (EOD). 

 
Table 4: presents the fairness metrics for the initial AI models. 

Metric Value Implication 

Disparate Impact (DI) 0.60 Significant bias against certain demographic groups 

Statistical Parity Difference -0.25 The marked disparity in positive outcome rates between groups 

Equal Opportunity Difference -0.30 Substantial difference in true positive rates between groups 

 

The values indicate that the initial AI models exhibited 

significant biases, with the DI far from the ideal value of 1, 

and both SPD and EOD indicating notable disparities 

between demographic groups. 

 

C. Effectiveness of Bias Mitigation Techniques 

The bias mitigation techniques implemented in this 

study—pre-processing, in-processing, and post-processing—

were evaluated for their effectiveness in reducing identified 

biases. 
 

 

 

 

 

 Pre-processing Techniques: Adjusting the training data 

to balance the representation of demographic groups led 

to a notable improvement in fairness metrics. After re-

sampling and modifying the data, the DI improved to 

0.85, SPD to -0.10, and EOD to -0.15. 

 In-processing Techniques: Incorporating fairness 

constraints into the learning algorithms further reduces 

biases. The DI increased to 0.90, SPD to -0.05, and EOD 

to -0.10, indicating a more equitable distribution of 

outcomes. 

 Post-processing Techniques: Post-processing 

adjustments to the model outputs provided the most 

significant improvements. The DI reached 0.95, SPD 

reduced to -0.02, and EOD to -0.05, demonstrating a 

substantial reduction in bias. 

 

Table 5: Compares the Fairness Metrics before and after the Application of Bias Mitigation Techniques 

Metric Initial Value Post-Preprocessing Post-Inprocessing Post-Postprocessing 

Disparate Impact (DI) 0.60 0.85 0.90 0.95 

Statistical Parity Difference -0.25 -0.10 -0.05 -0.02 

Equal Opportunity Difference -0.30 -0.15 -0.10 -0.05 

 

 Model Evaluation 

The overall performance of the AI models, including accuracy and F1 score, was assessed to ensure that bias mitigation did 

not compromise model effectiveness. 

 
Table 6: Presents the Accuracy and F1 Score before and after Bias Mitigation 

Metric Initial Model Post-Preprocessing Post-Processing Post-Postprocessing 

Accuracy 0.82 0.80 0.81 0.82 

F1 Score 0.78 0.76 0.77 0.78 

 

The slight variations in accuracy and F1 score indicate 

that bias mitigation had a minimal impact on the overall 

performance of the AI models, while significantly improving 

fairness metrics. 

 

 

 

 

 

 

V. DISCUSSION 

 

The findings reveal significant biases in initial AI 

models, demonstrating how features correlated with 

protected attributes, such as geographic location and purchase 

history, can lead to discriminatory outcomes. These biases 

were quantified using fairness metrics like Disparate Impact 

(DI), Statistical Parity Difference (SPD), and Equal 

Opportunity Difference (EOD), which all indicated 

substantial disparities between demographic groups. This 
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aligns with previous research highlighting similar issues of 

bias in AI systems (Barocas & Selbst, 2016; Hardt et al., 

2016). One of the primary complications identified is the 

inherent difficulty in creating unbiased datasets. Historical 

data often reflects societal biases, and if these data are used 

to train AI models, the models can perpetuate and even 

amplify these biases. The high correlation coefficients 

between features like geographic location and socioeconomic 
status underscore the challenge of using such data without 

inadvertently introducing bias. This is a common issue 

highlighted in the literature, where the representation of 

certain groups in training data significantly affects the 

fairness of AI outcomes (Gebru et al., 2018; Mitchell et al., 

2019). 

 

The implementation of bias mitigation techniques—pre-

processing, in-processing, and post-processing, as presented 

in the table below—showed varying degrees of effectiveness 
in reducing bias.  

 

 
Fig 5: Implementation of Bias Mitigation Techs (Kamiran, 2012) 

 

Pre-processing methods, such as re-sampling and 

balancing the training data, improved the fairness metrics 

significantly. This technique aligns with strategies proposed 

in other studies that advocate for the modification of training 

data to better represent diverse demographic groups (Kamiran 

& Calders, 2012). However, pre-processing alone may not be 
sufficient, as it does not address biases inherent in the model 

algorithms themselves. In-processing techniques, which 

incorporate fairness constraints directly into the learning 

algorithms, further reduced biases, improving DI, SPD, and 

EOD metrics. These findings are consistent with the work of 

Zemel et al. (2013), who demonstrated that embedding 

fairness considerations within the model training process can 

significantly enhance equitable outcomes. However, these 

techniques require careful calibration to avoid compromising 

model accuracy and utility, a balance that is often difficult to 

achieve. 

 
Post-processing adjustments, which modify the outputs 

of AI models to ensure fairness, provided the most substantial 

improvements in fairness metrics. This approach is 

particularly effective because it allows for real-time 

correction of biased outcomes, as supported by Hardt et al. 

(2016). However, it also presents challenges, as continuous 

post-processing may lead to inconsistencies and operational 

inefficiencies, which can complicate the deployment of AI 

models in dynamic marketing environments. Comparing 

these results with published work reveals both alignment and 

divergence. For instance, the findings on the efficacy of pre-
processing techniques in reducing bias are supported by 

Binns (2018), who emphasizes the importance of data 

diversity in training sets. Similarly, the improvement in 

fairness metrics through in-processing techniques aligns with 

the findings of Dwork et al. (2012), who advocate for 

algorithmic adjustments to mitigate bias. However, the 

study's results on post-processing techniques show a more 

pronounced effectiveness than some other studies suggest, 

possibly due to the specific implementation and context of the 
marketing models used in this research. 

 

Moreover, this study's comprehensive approach to bias 

management, combining multiple techniques, supports the 

notion that no single method can eliminate bias. This 

multifaceted strategy is echoed in the broader literature, 

where scholars argue for an integrated approach to bias 

mitigation (Veale & Binns, 2021). The necessity of ongoing 

audits and evaluations to maintain model fairness over time 

is a critical insight, emphasizing that bias management is a 

continuous process rather than a one-time fix. The 

implications of these findings are profound for both 
marketers and AI practitioners. For marketers, the presence 

of bias in AI-driven strategies can lead to unintended 

discrimination, adversely affecting marginalized groups and 

potentially violating ethical standards and regulations such as 

the GDPR. This can erode consumer trust and damage brand 

reputation. Therefore, incorporating robust bias detection and 

mitigation frameworks is not only a moral imperative but also 

a business necessity. 

 

For AI practitioners, the study highlights the importance 

of transparency and accountability in AI development. 
Documenting data sources, model structures, and decision-

making processes, as well as conducting regular audits, are 

essential practices for ensuring ethical AI usage (Ananny & 
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Crawford, 2018). This transparency is critical for gaining 

stakeholder trust and meeting regulatory requirements. The 

ethical considerations surrounding AI in marketing are 

further complicated by the rapid evolution of both technology 

and consumer expectations. As AI systems become more 

sophisticated, their ability to influence and potentially 

manipulate consumer behaviour grows, raising new ethical 

and legal questions. This study's findings underscore the need 
for interdisciplinary collaboration, bringing together 

expertise from computer science, ethics, and law to address 

these challenges comprehensively (Danks & London, 2017). 

 

In comparing the results with other published works, it 

is evident that the study agrees with the consensus that bias 

in AI is a pervasive issue requiring concerted efforts to 

address. However, the study also contributes unique insights, 

particularly into the effectiveness of post-processing 

techniques in marketing applications, which may differ in 

other contexts. For example, Kleinberg et al. (2018) highlight 
that while post-processing can be effective, its application 

must be carefully managed to avoid adverse effects on model 

consistency and reliability. This research contributes to the 

growing body of knowledge on ethical AI by providing 

empirical evidence on the effectiveness of various bias 

mitigation techniques in a specific application area—target 

marketing. The detailed analysis of fairness metrics and their 

improvement through targeted interventions offers a practical 

framework for other researchers and practitioners aiming to 

reduce bias in AI systems. 

 

Ultimately, the study emphasizes that achieving fairness 
in AI-driven marketing is a dynamic and ongoing challenge. 

Continuous monitoring, transparency, and the integration of 

ethical considerations into every stage of AI development and 

deployment are crucial. This aligns with the broader 

discourse on AI ethics, which advocates for a proactive and 

holistic approach to managing the societal impacts of AI 

technologies (Floridi et al., 2018). 

 

VI. CONCLUSION 

 

The study of bias identification and mitigation in AI-
driven target marketing emphasizes the ubiquitous problem 

of bias in AI models and the need to use all-encompassing 

approaches to deal with it. Because protected characteristics 

like buying history and geographic location are correlated, 

early AI models showed notable biases. The research has 

shown significant gains in fairness measures by thorough use 

of pre-, in-, and post-processing strategies; post-processing 

proved to be especially successful. These results support the 

research already in publication, indicating that bias in AI is a 

complicated problem that calls for a variety of approaches. 

The paper highlights the need for continuous audits, 

openness, and multidisciplinary cooperation to guarantee the 
moral use of AI. In addition to being morally required, 

marketers must reduce prejudice to keep customers' trust and 

follow the law. The paper promotes thorough documentation 

and ongoing assessment for AI practitioners to maintain 

accountability and fairness. 

 

Ultimately, fairness in AI-driven marketing is a dynamic 

problem that calls for ongoing work and cross-disciplinary 

cooperation. The results of this work provide a useful 

paradigm for lowering prejudice in AI systems, encouraging 

more moral and fair marketing practices, and advancing the 

larger conversation on AI ethics and fairness. 
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