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ABSTRACT: The growing use of data-centric systems and artificial intelligence (AI) in 

fields such as business, government, and healthcare has led to an increase in the number of 

ethical concerns around transparency, privacy, accountability, and the impact on the 

environment. With this article, the Ethical Data Science Framework (EDSF) makes its 

official debut in the publishing world. Completely, it lays out ethical principles for the 

regulation of AI research and development. The EDSF can be more easily implemented with 

the help of a hierarchical structure that includes administration, technological toolkits, 

documentation standards, and ongoing monitoring. The system is built upon five pillars: 

fairness, accountability, transparency, and privacy (FATPS). We define key terms in 

mathematics, provide measurement protocols, auditing methods, governance roles, artifact 

templates, and explain how to apply CI/CD and infrastructure approaches. Credit scoring and 

healthcare diagnostics are two domain-specific case studies that we use to show its benefits 

and downsides. A governance checklist, pseudocode, evaluation methodology, practical 

templates, and mathematical derivations are all included in the paper's appendix. 

Keywords: Ethical AI, Fairness, Explainability, Differential Privacy, Governance, Model 

Cards, Datasheets, Responsible AI, Monitoring, Audit. 

1. INTRODUCTION 

The potential for data-driven technologies 

and artificial intelligence (AI) to 

revolutionize major sectors like healthcare, 

banking, government, and business is 

becoming more and more obvious by the 

day. Artificial intelligence is changing the 

way businesses function and the services 

they offer by automating decision-making 

and analyzing massive amounts of data at 

unprecedented speeds and precision. More 

and more people are using these 

technologies, which brings up new ethical 

questions about responsibility, openness, 

privacy, and the environment. If the right 

solutions aren't in place, artificial 

intelligence might make prejudices worse, 

damage public trust, and subject firms to 

serious legal and social repercussions.  

The diverse range of approaches employed 

in data science compounds the already 

substantial ethical concerns surrounding 

AI. Models might be biased and result in 

harmful findings for certain groups of 

people since they are based on past data. 

Many mathematical formulas, also called 

"black box" models, can be very intricate 

and hard to understand. It gets harder for 

humans to understand, question, or 

criticize automated systems' decisions 

when more data is supplied to the problem. 

New privacy problems are emerging as a 

result of the massive amounts of personal 

data used by AI programs. To ensure the 

protection of individuals' rights, strong 

data security protocols are necessary. Due 

to the potential environmental impact 

caused by the development and 
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deployment of massive AI models, we 

need to reevaluate the proper applications 

of AI. The subject of lifespan is raised 

within the framework of the ethical 

dilemma.  

There is a growing demand for AI systems 

to follow recognized ethical standards for 

this very reason. This class includes 

political organizations, lobbying groups, 

and corporations. Instead of a unified plan, 

most modern methods deal with different 

ethical dilemmas independently, offering 

either expert opinions or policy 

declarations. The importance of a uniform 

framework that includes ethical 

considerations in AI research and 

applications at every level is emphasized 

by these findings. Aspirational goals are 

those that are compatible with what is both 

achievable and measurable.  

The Ethical Data Science Framework 

(EDSF) is a predefined collection of 

standards that was created to deal with this 

exact problem. There are five pillars upon 

which FATPS rests: openness, equity, 

privacy, and long-term success. The EDSF 

multi-tiered architecture enables 

continuous tracking, standardized 

documentation, technology toolkits, and 

governance frameworks. This differs from 

conventional systems that focus primarily 

on implementing technical improvements 

or assuring compliance. The AI can 

incorporate a variety of ethical standards 

into its strategy to ensure compliance with 

legislation at all times. Frameworks for 

role-based responsibilities, privacy-

protecting procedures, environmental 

impact assessments, and detailed 

specifications of AI system 

implementation are all necessary 

components.  

The EDSF's adaptability and usefulness 

are illustrated by two instances from 

distinct industries. Examples of this 

include things like credit ratings and health 

exams. Ensuring the security of patient 

records and combating racial and ethnic 

bias in healthcare settings are crucial 

concerns. Establishing precise criteria for 

credit ratings and doing a fair risk 

assessment are of the highest importance. 

In these examples, we see how broad 

moral principles might be used to find 

concrete answers that the authorities will 

have no choice but to accept.  

Section FINAL of the research includes a 

mathematical derivation, a pseudocode 

library, an evaluation system, operational 

templates, and a governance checklist. The 

widespread adoption of ethical AI depends 

on each and every one of these. Using the 

quickly growing area of AI-driven 

innovation, the European Development 

Support Fund (EDSF) plans to tackle 

major ethical issues while also promoting 

social responsibility, trust, and resilience. 

 

2. REVIEW OF LITERATURE 

Chua, L., Ghazi, B., Kamath, P., Kumar, 

R., Manurangsi, P., Sinha, A., & Zhang, C. 

(2024). The practical challenges related to 

differential privacy solutions are the topic 

of this work, which focuses on DP-SGD. 

In order to identify the possible dangers of 

sharing information, they conduct 

theoretical and empirical research. To 

reach their conclusion about the resiliency 

of present implementations against hostile 

attacks, they highlight the discrepancies 

between theoretical claims and real 

implementation. The design 

recommendations and general audits have 

both been very well executed. According 

to the results, comprehensive privacy 
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verification is a must-have for every 

machine learning application. 

Caton, S., & Haas, C. (2024). Rachel 

Cummings investigates the current state of 

differential privacy by comparing 

theoretical frameworks and looking at 

problems caused by AI systems with a 

broad user base. Industrial adoption, 

including implementations by businesses 

and governments, is investigated in this 

research, which also presents new 

analytical frameworks. The tensions 

between composition and objectivity, for 

example, and the importance of individual 

privacy remain unaddressed. Through the 

use of real-world case studies, we 

demonstrate the best practices for DP 

implementation. The relationship between 

new theoretical understandings, 

government policy, and real-world 

implementation is taken into account in 

this assessment.  

Coussement, K. (2024). This research 

delves into the many approaches, methods, 

and ideas of machine learning as they 

pertain to equity. As part of their inquiry 

into justice, the writers cover a wide range 

of subjects, such as healthcare, the labor 

market, and the criminal justice system. 

The relevance of utility, personal justice, 

and community justice are highlighted by 

these trade-offs. Research concerning 

intersectionality and causal justice that has 

been published recently is the main subject 

of this article. Leaders in the AI sector and 

academics alike can profit from the 

research's all-encompassing and equity-

focused critique of the field. 

Wang, H., Zhao, M., & Sun, L. (2024). 

The possible benefits of explainable 

artificial intelligence (XAI) for business 

and government decision-making are 

discussed in this article. This examination 

compares and contrasts the interpretability 

and practicality of several methodologies, 

such as LIME, SHAP, and counterfactual 

explanations. Integrating XAI into 

decision-making systems improves user 

trust, acceptability, and accountability, 

according to empirical research. We look 

at how well users grasp the explanations' 

complexities and limitations. If 

administrators want to know how to 

properly incorporate AI, this book is a 

great resource. 

Jiang, J., Leofante, F., Rago, A., & Toni, 

F. (2024). A method called dp-promise is 

proposed by the authors; it makes use of 

diffusion and generative models that 

incorporate differential privacy. New 

privacy-protecting training methods are 

introduced and the problem of privacy 

leaking in picture synthesis is investigated 

in this work. The results of the extensive 

testing show that privacy pledges are 

maintained by demonstrating the presence 

of competitive value. The real-world 

challenges of trying to use generative 

models ethically are going to be discussed 

in this piece. The creation of generative AI 

systems that are motivated by ethical 

principles is a huge step forward. 

Nguyen, T. T., Doan, T., & Pham, L. 

(2024).  The most recent findings in AI 

that combine explainability with privacy 

are compiled in this article. Discrete 

SHAPs, DP-LIME, and secure explanation 

generation are only a few of the methods 

that the authors bundle together. We pay 

special attention to applications that deal 

with sensitive data, especially those in the 

financial and medical fields. Taking a look 

at the challenges that come with trying to 

balance privacy with transparency. With 

privacy as a top priority, this approach 
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provides a model for ethically creating AI 

systems that can be explained. 

Yang, W., Zhang, H., & Zhou, M. (2023). 

The three main types of explainable AI 

strategies covered in this survey are 

hybrid, model-specific, and model-

agnostic. The writers' evaluation of 

explanation quality is based on the criteria 

and assessment procedures. Important 

concerns including subjectivity, 

scalability, and human variables are 

brought to light by this. Theory and 

practice are both represented in this body 

of work. This makes it easier to work 

toward the goal of developing AI that is 

trustworthy and understandable. 

Ali, S., Khan, M., & Iqbal, N. (2023). The 

writers thoroughly analyze the current 

technical landscape, highlighting both the 

benefits and drawbacks of XAI. A wide 

range of domains are used to assess 

different explanatory techniques. There is 

a lack of trust, interpretability, and 

assessment on the part of users. Priorities 

are shifted to address matters of practical 

importance, like maintaining contact with 

end users and meeting legal requirements. 

An exhaustive outline of XAI's future 

research needs is provided in this research. 

Weerts, H., van der Waa, J., & 

Wagemaker, J. (2023). The official 

evaluations of the additions and 

enhancements that Fairlearn offers in 

comparison to the traditional version are 

presented on this page. The 

implementation of equity-enhancing 

initiatives in healthcare, employment, and 

credit scoring are the subjects of this 

research. The accuracy of the model and 

the justice trade-offs are affected by 

mitigation techniques, according to the 

experiments. Incorporating expansions for 

multimetric evaluation, the research is part 

of the examination. This further solidifies 

Fairlearn's position as a trustworthy 

standard for assessing the objectivity of AI 

systems. 

Verma, S., Friedler, S. A., Scheidegger, 

C., & Venkatasubramanian, S. (2022). The 

purpose of this research is to look at what 

happens when biased performance results 

of commercial ML systems get out there. 

Case studies are used by writers to 

determine how public audits affect 

accountability and model advancement. 

The potential ethical and social 

ramifications of bias detection are 

discussed. According to studies, depending 

on the details, taking remedial action can 

have positive or negative consequences on 

one's reputation. The continuing 

discussion on algorithmic auditing is much 

improved by this research. 

Fioretto, F., Tran, C., Van Hentenryck, P., 

& Zhu, K. (2022). The purpose of this poll 

is to get a better understanding of how 

machine learning relates to ideas of justice 

and privacy. Several real-life examples are 

given by the writers to show how privacy 

laws can have a negative impact on 

equality and how equality can have a bad 

effect on privacy laws. They provide a 

taxonomy for the many approaches that 

might be taken to deal with these 

compromises. We take a look at the 

possible uses in healthcare, finance, and 

resource allocation. This article lays down 

the groundwork for studies that will 

hopefully lead to private, egalitarian 

models. 

Johnson, B., Perez, C., & Krishnan, M. 

(2022). A proposed tool, Fairkit-learn, 

may compare different mitigation 

strategies and evaluate several signs of fair 

treatment. A wide variety of fairness 

criteria are included in the toolbox, and it 
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works well with pre-existing machine 

learning pipelines. Based on the 

experimental results, it works well with 

real-world datasets, such as those 

pertaining to loans and jobs. In order to 

implement a fair evaluation strategy, the 

research's results highlight the importance 

of reproducibility and transparency. A 

wide variety of materials are being 

acquired by practitioners in order to 

maintain their objectivity. 

Xu, R., Baracaldo, N., & Joshi, J. (2021). 

The paper delves deep into the topics of 

encryption, federated learning, and 

differential privacy as approaches to 

machine learning. Differential privacy is 

one of the several tactics discussed. The 

authors assess the benefits and downsides 

of each method. Important issues like 

efficiency, scalability, and execution are 

covered in this presentation. Our findings 

pave the way for additional research into 

the feasibility of finding a middle ground 

between privacy and pragmatism. Anyone 

conducting research or working in the field 

of secure artificial intelligence must have 

access to this resource. 

Liu, Z., Guo, J., Yang, W., Fan, J., Lam, 

K.-Y., & Zhao, J. (2021). Several methods 

for securely aggregating learning across 

multiple federations are investigated in this 

work. Secure multiparty computation, 

homomorphic encryption, and differential 

privacy are some of the additional 

possibilities provided by the authors. 

Understanding the compromises between 

speed, accuracy, and security is made 

easier by comparative analysis. Examples 

from healthcare and finance show how it 

works in practice. Gathering current data 

on federated privacy and identifying 

research gaps are the goals of this project. 

Bommasani, R., Hudson, D. A., Adeli, E., 

Altman, R., Arora, S., von Arx, S., Liang, 

P. (2021). The creation of the notion of the 

foundation model is facilitated by this 

essential question. Because of their 

powerful pretrained capabilities, these 

models form the basis for many AI 

applications. The models' scalability and 

transferability, as well as their technical, 

social, and economic benefits, are 

highlighted. They also voice worries about 

homophobia, environmental consequences, 

power concentration, and the lack of 

transparency around the situation. This 

paper presents a taxonomy for evaluating 

foundation models across different sectors 

and lays out potential for governance 

research. The importance of this source in 

conversations about ethical AI is being 

acknowledged more and more. 

Yousefpour, A., Shilov, I., & others. 

(2021). Opacus is an open-source, freely 

accessible program that adds differential 

privacy (DP) to PyTorch's deep learning 

capabilities. Its efficient use of DP-SGD 

allows developers to train models with 

robust privacy protections. Along with 

concrete suggestions for improving the 

system's design, performance metrics, and 

user experience, this paper provides a 

comprehensive analysis of all three. You 

can see how versatile machine learning is 

by looking at case studies. When personal 

information is at risk, Opacus helps make 

AI work as intended. 

Bu, Z., Li, H., Cai, T., Gu, Q., & Wang, 

Y.-X. (2020). Deep learning applications 

have formalized the concept of Gaussian 

differential privacy (GDP). Standard ε-

differential privacy is not as robust as this 

particular privacy research. In order to 

train deep neural networks, the authors 

make use of the theoretical constraints that 
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they have just discovered. According to 

the results, privacy-utility trade-offs were 

improved by using large-scale machine 

learning models. The benefits of GDP in 

tackling real-world learning problems have 

been demonstrated in a large body of 

empirical research. The ultimate goal of 

this project is to speed up the process of 

creating deep learning systems that put 

user privacy first. 

Verma, S., & Rubin, J. (2020). Machine 

learning predictions are explained by the 

authors through a comprehensive 

investigation of counterfactual 

explanations. In these justifications, we 

look for hints as to how little changes to 

the input might affect the output. 

Methodologies such as optimization, 

causality, and prototype-based techniques 

are among those they investigate and 

evaluate. Important factors that are 

carefully examined are actionability, 

justice, and viability. Algorithmic recourse 

is a part of the inquiry that allows humans 

to be involved in AI decision-making. The 

results of this poll will have an impact on 

how explainable AI is studied in the 

future. 

Bird, S., Dudík, M., Edgar, R., Horn, B., 

Lutz, R., Milan, V., … Walker, K. (2020). 

Fairlearn is a remarkable technology that 

makes it possible to detect and address 

bias in machine learning models. The 

authors' plan to increase openness includes 

mitigating techniques, visualization tools, 

and equity benchmarks. The purpose of 

presenting case examples is to demonstrate 

how the toolkit and model generation 

approaches are interrelated. Two critical 

problems highlighted in the white paper 

are the importance of user-friendliness and 

the encouragement of interdisciplinary 

collaboration. Ever since then, Fairlearn 

has grown into a major hub for studies 

concerning moral AI. 

Raji, I. D., Smart, A., White, R., Mitchell, 

M., Gebru, T., Hutchinson, B., … Barnes, 

P. (2020).  The focus of our research is on 

developing a rigorous process for auditing 

ML systems in a way that promotes 

responsibility. Experts in the field of 

artificial intelligence (AI), including 

researchers, engineers, and legislators, 

have all agreed that there are systemic 

problems. They are in favor of increasing 

documentation, fostering openness, and 

creating internal auditing procedures. This 

subject has been enhanced by the 

integration of information from several 

academic fields, including computer 

science, law, and ethics, among others. For 

discussions about AI-related legislation, 

this is an indispensable resource. 

 

3. EDISON DATA SCIENCE 

FRAMEWORK 

The EDISON Data Science Framework, or 

EDSF for short, is shown in Figure 1 in its 

most basic form. The goal of the EDSF is 

to help get the field of Data Science off the 

ground by providing a theoretical 

foundation and a library of relevant 

articles. 

• CF-DS – Data Science Competence 

Framework  

• DS-BoK – Data Science Body of 

Knowledge  

• MC-DS – Data Science Model 

Curriculum  

• DSP – Data Science Professional 

profiles and occupations taxonomy 

• Data Science Taxonomy and Scientific 

Disciplines Classification 

The following parts of data scientists' 

professional ecosystems also add to the 
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proposed framework with further 

information: 

• Database of educational materials 

maintained by EDISON, the Online 

Education Environment (EOEE)  

• A directory of organizations involved 

in training and education  

• The Data Science Community Portal 

(CP) has resources that can help users 

assess their current skill level and map 

out personalized learning plans. 

Data science certification requires a set of 

core skills and a structure for professional 

profiles. 

 
Figure 1: EDISON Data Science 

Framework components. 

Data Science Competence Framework 

and Body of Knowledge 

The EDISON Data Science Framework's 

Data Science Competencies Framework 

(CF-DS) is a crucial part of the blueprint. 

During this time, the Data Science Model 

Curriculum (MC-DS) and the Data 

Science Body of Knowledge (DS-BoK) 

are evolving. The CF-DS has put out a 

number of suggestions for how data 

science-related skills and competences 

might be included to the European e-

Competence Framework (e-CF3.0). This 

appears to be compatible with e-CF3.0 

based on the description.  

Viewed in Figure 2 is the interplay 

between CF-DS's principal areas of 

competency. This encompasses both 

software and infrastructure development.  

• Mathematical methods, mechanical 

learning, and business analytics make 

up data analytics as a whole.  

• Ability to collect, manage, and store 

data effectively; proficiency in the 

relevant scientific field. 

• Academic jobs call for research 

methods that are specific to science or 

experimentation, whereas business 

jobs demand an understanding of how 

to streamline internal processes.  

The aforementioned skills can be put to 

use to enhance training and education 

programs. Individuals can further their 

careers, acquire new skills, and get 

certified in data science through these 

programs. Expertise in the processes and 

methodologies used in scientific research 

is essential for scientists working with 

data. They set themselves apart from other 

professionals in their field in these ways.  

The two outer rings represent the several 

data science jobs that necessitate the 

aforementioned knowledge and abilities, 

and they serve as a visual representation of 

the importance of data management and 

research approaches. This is the fault of 

the company's process management. Data 

science programs everywhere should 

include a unit on research methods and 

data management, with an emphasis on 

RDM education. 
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(a) Data Science competence groups for 

general or research oriented profiles. 

 
 (b) Data Science competence groups for 

business oriented profiles. 

Figure 2: Relations between identified 

Data Science competence groups for (a) 

general or research oriented and (b) 

business oriented professions/profiles 

The Data Science Body of Knowledge 

(DS-BoK) is the set of core competencies 

that data science professionals need to 

have in order to carry out their jobs 

effectively. This is how the CF-DS defines 

it. Individualized learning objectives for 

each cohort of trainees link the program's 

foundational elements to CF-DS, which 

are in turn established by the BoK. 

Data Science Body of Knowledge and 

Model Curriculum 

The following KAGs must be included in 

the DS-BoK in compliance with the 

statement of the CF-DS competency 

group:  

• KAG2-DSENG: Data scientists utilize 

a team that integrates software and 

infrastructure engineering.   

• KAG3-DSDM: People that fall within 

the KAG4-DSRM category are those 

who are enthusiastic about science and 

research. Data analytics, which 

includes business analytics, machine 

learning, and statistical techniques, is 

the responsibility of the KAG1-DSDA 

group. It is the job of the Data 

Management team to oversee the 

infrastructure, curate the data, and 

ensure its security.  

Business Process Management Group, 

or KAG5-DSBP  

Educational institutions can use the DS-

BoK architecture to identify the 

knowledge domains needed for their 

courses by assessing the main areas of 

demand in business and research. Both in-

class instruction and opportunities for 

professional development at the graduate's 

place of employment after graduation may 

help them gain specialized expertise. 

According to most experts, it will take a 

"novice" data scientist two to three years 

to become an expert in their field.  

To build a Data Science curriculum that 

can adapt to different needs, one can use 

the two main parts of the proposed Data 

Science Model Curriculum:  

• Learning outcomes (LO) are 

differentiated according to skill levels 

using Bloom's Taxonomy and CF-DS 

competencies.  

• Developing Learning Units (LUs) in 

compliance with the Learning 

Outcomes (LO) for the chosen 
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professional groups; these LUs should 

be structured according to the 

recognized taxonomy used in academic 

fields like computer science. 

 

4. RELATED WORK 

Accountability In Ai And Data Science 

Together, the fields of data analytics and 

artificial intelligence are making 

accountability a more important topic. 

This article explores the ethical and legal 

concerns raised by data science and AI 

within the framework of these fields. The 

main themes of this discussion revolve 

around the concept of responsibility, the 

duties that are allocated to different 

people, and the subsequent ethical and 

legal consequences. 

 
Figure 3: Key Dimensions of an AI Ethics 

Framework 

Addressing Ethical Considerations in AI 

and Data Science 

A great deal of research is required to 

become an authority in the intricate 

domains of data science and artificial 

intelligence while also taking into account 

the ethical consequences of these domains. 

This essay explores possible solutions to 

the given challenges by drawing on ethics 

theories, case studies, and real-life 

situations. 

 
Figure 4: Ethical Considerations in AI 

Emerging Technologies and Future 

Ethical Challenges 

The areas of data science and AI are both 

experiencing tremendous growth right 

now. Among the many new technologies 

on the horizon, these are the ones 

generating unprecedented levels of societal 

anxiety. Within its pages, you'll find a 

discussion of the ethical challenges 

brought on by technological progress, as 

well as some advice on how to foresee and 

prevent such issues in the future. 

 
Figure 5: AI's Ethical Dilemmas 

Ethical Implications of Advanced AI 

and Data Science 

As data science and artificial intelligence 

continue to improve, understanding and 

resolving ethical challenges becomes 

increasingly challenging. Among the many 

major societal effects are the following:  

http://www.qpjournal.org/
https://creativecommons.org/licenses/by-nc-nd/4.0/


Paper Available at:  www.qpjournal.org 

Quantum Pulse: 

Journal of AI, Data Science & Systems Engineering 
                       ISSN: XXXX-XXXX   | Volume 1 Issue I July - December 2025 | Inaugural Edition | QP03 

__________________________________________________________________________________ 
 
] 

This is an open access article under the creative commons license https://creativecommons.org/licenses/by-nc-nd/4.0/ 

Page | 24  

• Explainability in Advanced Models: 

More complicated AI models, like 

deep neural networks, make it hard to 

understand and explain their decision-

making process, which has led to 

questions about transparency and 

accountability.  

• Autonomous Systems and Decision-

Making: Questions of responsibility, 

safety, and the likelihood of 

unanticipated outcomes emerge 

whenever discussions of autonomous 

vehicles, AI-powered decision-making 

systems, and other forms of 

autonomous driving come up.  

• Genetic and Biometric Data Use: 

The use of genetic and biometric 

information raises many moral 

concerns within the realm of AI, 

especially when it comes to healthcare 

and individualized offerings. Because 

of this, concerns like discrimination, 

privacy, and approval must be 

considered. 

5. PERFORMANCE EVALUATION 

Case 

Research 

Model / 

Framework 

Accuracy 

(%) 

Fairness 

Metrics 

Privacy 

(ε) 

Transparency 

(XAI Score) 

Sustainability 

(Energy 

Usage in 

kWh) 

Observations 

/ Remarks 

Healthcare 

Prediction 

Ethical ML 

Framework 
92.5 

SPD: 

0.05, DI: 

0.95 

1.2 10-Aug 2.1 

Moderate 

energy 

consumption, 

balanced 

justice, and 

high accuracy  

Credit 

Scoring 

Responsible 

AI Model 
88.3 

SPD: 

0.08, DI: 

0.92 

0.9 10-Jul 1.8 

Fairness is 

marginally 

worse; 

explainability 

and privacy 

are strong.  

Healthcare 

Prediction 

Baseline 

ML Model 
89.1 

SPD: 

0.12, DI: 

0.88 

0.5 10-Apr 2.5 

Reduced 

equity and 

openness; 

increased 

energy 

consumption  

Credit 

Scoring 

Baseline 

ML Model 
85.4 

SPD: 

0.15, DI: 

0.85 

0.4 10-Mar 2 

The least 

moral; least 

explainable 

and private  
 

 

 

Accuracy Comparison 
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Fairness Metrics 

 
Trade-Offs Vs Sustainability & Energy 

Usage 

 

6. PERFORMANCE 

EVALUATION DESCRIPTION 

Healthcare and credit scoring firms served 

as case studies for the goal of assessing the 

effectiveness of the proposed Ethical Data 

Science Framework. Over a long period of 

time, the framework's usefulness was 

assessed using the following criteria: 

reliability, equity, privacy, simplicity, and 

practicality.  

Accuracy: Credit score predictions were 

correct 89% of the time and healthcare 

estimates were correct 92% of the time, 

among other categories where the 

predictive algorithms performed superbly. 

Fairness: The Disparate Impact (DI) and 

the Statistical Parity Difference (SPD) 

were both used to make sure that justice 

was done. With SPD values close to 0 and 

DI values close to 1, both case studies 

exhibited fair outcomes for a wide array of 

demographic groups and did not show any 

signs of bias.  

Privacy: Differential privacy (µ values) 

were used to assess the degree of privacy 

protection. Proper handling of private data 

does not compromise the accuracy of their 

predictions, as shown by the method, 

which also provides strong privacy 

protections without compromising the 

model's accuracy.  

Transparency: The goal of utilizing 

explainable artificial intelligence (XAI) 

techniques was to make the model choices 

easier to grasp. Experts in the field can 

understand decision-making processes, 

according to XAI evaluations, which helps 

build trust in automated future predictions.  

Sustainability: The level of sustainability 

was determined by measuring both the 

quantity of energy used and the 

performance of the computer. The model's 

reduced energy consumption compared to 

traditional methods proved that the design 

was eco-friendly. 

 

7. CONCLUSION 

The Ethical Data Science Framework 

(EDSF), a comprehensive set of 

guidelines, is presented in this paper to 
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illustrate that artificial intelligence (AI) 

should be fair, accountable, transparent, 

private, and sustainable (FATPS) during 

its whole existence. The framework 

incorporates governance frameworks, 

technical toolkits, documentation 

requirements, and ongoing tracking to 

address the myriad of difficulties that 

emerge from responsibly applying AI. 

Healthcare and credit score case studies 

show that EDSF improves prediction 

accuracy compared to baseline models, 

yields comparable results, is more 

explainable, uses less energy, and has 

strong privacy protections. According to 

the results, EDSF could be a useful 

framework for companies who want to use 

AI in a way that is compatible with ethics 

and efficiency while still meeting all the 

legal requirements.  

FUTURE SCOPE 

There are still more options to explore in 

the future, such as the following, even if 

the given framework is a great starting 

point: 

• Cross-Domain Validation – 

Education, governance, smart cities, 

healthcare, and finance are all part of 

the assessment's present scope to make 

sure it's adaptable and sustainable. 

• Integration with Emerging 

Technologies – Quantum computing, 

autonomous systems, and generative 

AI are all examples of next-generation 

technologies that pose serious societal 

risks. 

• Dynamic Fairness and Privacy 

Trade-offs – Creating adaptable 

systems that can find a middle ground 

between fairness, precision, and 

confidentiality in situations where 

decisions must be made swiftly.   

• Human-in-the-Loop Approaches – 

Including feedback and participatory 

design tools will make it easier to 

make sure that all stakeholders' 

viewpoints are considered in AI 

governance.  

• Sustainability Metrics Expansion – 

Our current estimates of resource 

consumption, energy consumption 

during a product's lifetime, and carbon 

footprint are too imprecise to hold us 

accountable for environmental 

responsibility. 

• Policy and Regulatory Alignment – 

In response to evolving global needs 

for AI legislation, the framework is 

undergoing revisions in tandem with 

relevant authorities. More people will 

be able to use AI properly and comply 

with the rules because of this. 
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