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Abstract 
Background/Problem Statement: Adoption of AI/ML models has intensified debates about software 
testing framework biases alongside concerns about transparency and regulatory rules. The critical domains 
healthcare and finance and recruitment and law enforcement need AI-based systems that requires priority 
focus on ethical principles. The current methodologies used in software testing mostly neglect ethical 
aspects related to AI development although they examine functionality and security aspects together with 
performance. Product discrimination occurs because of unbalanced datasets and technical constraints as 
well as insufficient representation diversity resulting in discriminatory outcomes. A defined Quality 
Assurance (QA) framework must exist to detect and eliminate bias during legal protection of global data 
while satisfying GDPR and CCPA moral AI requirements. 
Methodology: A complete ethical AI testing system serves as the primary contribution of this research. The 
framework implements three key functions that include bias detection systems and mitigation protocols and 
regulatory compliance examination and explanation transparency reports. The implementation utilizes 
automatic compliance measure functions with AI testing systems that include fairness-aware features. A 
component of this system performs ongoing verification to maintain sustained ethical usage of AI principles. 
A total of 20 cases from multiple industries have been used in this research to demonstrate how ethical QA 
solutions function in actual business applications. Experimental testing included the utilization of bias 
detection algorithms together with compliance tracking metrics along with XAI (Explainable AI) 
techniques. Domestic and international organizations use research methods to measure better fairness and 
transparency along with accountability. The collected data was quantitatively analyzed before researchers 
presented the results using tables and visual charts. 
Findings: Different applications using bias mitigation techniques show an average improvement between 
25-30% regarding AI fairness according to research findings. Shock patients showed improved compliance 
with regulators to a level of 27%. Explainability techniques gained 33% increase in transparency scores 
among the study participants. Continuous monitoring together with real-time auditing tools allowed 
organizations to detect bias at much higher rates (35%) compared to traditional methods. The 
implementation of this approach creates both long-term compliance and reduces ethical risks in businesses. 
Different AI systems were studied including recruitment software and finance-oriented algorithms to 
demonstrate how their bias levels could be improved, and fair implementation was possible. Ethical AI 
testing which is proactive in nature leads to increased trust alongside improved accountability and strict 
compliance of legal standards. 
Conclusion & Recommendations: Techniques that include ethical AI testing frameworks should be 
implemented into software development processes for decreasing bias and ensuring fair practices and 
forbidding unlawful behavior. The investigation shows the necessity of developing uniform ethical QA 
approaches in different industrial sectors to stop unscrupulous AI operations. The next phase of research 
must concentrate on creating dedicated AI audit systems and enhancing interpretability methods for AI 
algorithms as well as creating methods to improve fairness standards without harming accuracy rates. 
Efficient governance and compliance standards require consistent work between researchers from different 
disciplines together with policy experts and ethical researchers. Organizations can establish trustworthy and 
socially responsible AI systems through the proposed ethical quality assurance methods which guide their 

development process. 
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1. Introduction 

AI systems generate independent choices which affect society and people, so developers need strong ethical QA features to 

secure transparent fair accountable programs. The existence of model bias emerges from mismatched datasets as well as 

limitations of algorithms and insufficient testing practices which produces discriminatory results or unfair decisions in AI/ML  
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applications. The General Data Protection Regulation 

(GDPR) and California Consumer Privacy Act (CCPA) 

alongside other global regulations force organizations to 

create ethical and privacy-compliant testing frameworks 

because they must adhere to those standards [1, 2]. 

 

A. Limitations of Traditional Software Testing in AI 

Ethics 

The classical testing approach deals exclusively with 

functionality alongside performance testing as well as 

security assessments. Any ethical investigation into AI 

systems tends to be absent when professionals focus on 

performance and functionality while ignoring bias detection 

alongside explainability and legal compliance. Standardized 

testing methods for AI systems are lacking which compounds 

the potential of releasing biassed models and those that do not 

conform to regulations in production. The evolving nature of 

AI/ML models through data dependence makes it hard to 

predict their expected behaviors since they differ from static 

conventional software programs. A specialized ethical 

quality assurance framework needs development because the 

system variability requires examination for compliance with 

ethical guidelines and regulatory mandates [3]. 

 

B. Research Objectives and Aims 

This research examines fundamental ethical QA methods for 

testing AI/ML software through a study of three main 

principles: (1) bias detection in AI models followed by bias 

reduction for preventing unjust consequences. Testing for 

AI/ML software systems must meet global standards under 

GDPR as well as CCPA to protect user privacy and data 

rights. A program to create transparent testing methods will 

increase the interpretability and accountability of AI decision 

systems. The research investigates multiple relevant areas to 

present an organized model for testing software ethically 

which achieves efficiency alongside social responsibility and 

legal compliance. 

 

C. Key Ethical Challenges in AI/ML Software Testing 

AI/ML software testing encounters multiple essential ethical 

difficulties which stem from Algorithmic Bias that develops 

through biassed training information or faulty model 

frameworks and unintended reinforcement mechanisms that 

sustain discrimination. Fairness testing and mitigation 

solutions need application during model creation as well as 

deployment to solve this issue [4]. Regulatory Compliance 

becomes crucial because GDPR together with CCPA sets 

strict regulations about data collection and processing and 

user rights protection across the global landscape. The 

performance of AI-driven software requires adherence to 

regulatory standards which protect users from legal and 

ethical problems [5]. Transparency and Explainability – AI 

models often function as "black boxes," making their 

decision-making process opaque and difficult to interpret. 

Testing strategies that maintain transparency enable 

organizations to explain AI decision processes which 

establishes responsibility measures while building trust 

relationships [6]. 

2. Literature Review 

A. Ethical Challenges in AI/ML Software Testing  

The implementation of AI alongside ML technology brings 

forward novel ethical problems to software testing which 

cause concerns related to algorithmic bias together with 

regulatory compliance and transparency requirements. 

Expert evaluations show that biassed AI programs lead to 

unjust selection decisions across employment hiring and 

lending operations as well as medical practices and police 

departments [1]. The introduction of bias in AI systems stems 

primarily from training datasets that deliver poor results 

along with improper feature design choices and inadequate 

data source population diversity [2]. Strong quality assurance 

methodologies must be applied to AI systems because they 

help detect fairness issues before systems reach deployment 

phases [3]. 

AI systems face major obstacles to reach compliance with 

laws alongside the requirement to prevent biased operation. 

GDPR along with CCPA and comparable frameworks 

stipulate that AI-based systems need to preserve privacy as 

well as fairness and rights protection of users [4]. Multiple 

studies demonstrate that most AI systems do not incorporate 

tracking systems or decision-justification capabilities which 

creates difficulties when performing compliance tests [5]. 

These difficulties become worse because of the absence of 

standardized ethical testing frameworks [6]. 

 

B. Algorithmic Bias in AI/ML Models 

Systematic group preferences shown by AI systems emerge 

from imbalanced training data and from unfair weighting of 

features together with unwanted effects of algorithmic 

decision-making [7]. The research community identifies data 

bias as the first category followed by algorithmic bias and 

user-interaction bias as the remaining types. Discriminatory 

practices including hiring discrimination and facial 

recognition failures and biassed credit scoring stem from 

unrepresentative or uneven training datasets known as data 

bias [8]. Unfair predictions come from biases in model 

structures and learning processes as well as hyperparameter 

choices which naturally choose specific patterns [9]. AI 

models develop unfair preferences through user interactions 

over time and this process is referred to as user-interaction 

bias [10]. 

The research presents multiple proposed remedial approaches 

to bias problems with frameworks for bias detection 

alongside training methods that enhance fairness while also 

offering post-hoc bias fix methods. Experts propose 

adversarial debasing as an approach to train AI models with 

counterexamples to cancel biases based on findings from [11]. 

Data augment techniques help produce equalized datasets 

which serve to train AI models according to researchers in 
[12]. 

 

C. Regulatory Compliance in AI/ML Software testing 

The testing of AI components needs to ensure proper 

compliance with worldwide laws protecting data privacy in 

order to meet ethical standards. AI models need to be 

auditable with clear explanations to fulfil GDPR  
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requirements which underline strict data processing rules and 

consent standards as well as transparency standards [13]. 

Under CCPA laws the California Consumer Privacy Act AI-

based systems need to let users obtain access to their personal 

data and allow deletion while offering exclusion options [14]. 

The adherence to regulatory standards proves challenging for 

numerous AI systems because of inadequate accounting 

capabilities and unintelligible systems along with data 

security worries. The decision-making processes of deep 

learning networks along with other AI models operate as 

black boxes because their internal processes are difficult to 

interpret according to research [15]. The absence of clear vistas 

into AI decision-making systems presents difficulties during 

regulatory compliance assessments since organizations face 

challenges in documenting the decision processes of their AI 

systems. 

The major obstacle when dealing with AI decision-making 

systems consists of the lack of sufficient accountability. The 

defined human oversight structure which traditional software 

systems employ fails to exist in applications powered by AI 

because these systems lack standard responsibility structures. 

According to researchers’ compliance testing standards must 

include traceability features that connect AI decisions to their 

related data sources and model parameters to achieve 

auditability and compliance with regulations [16]. AI models 

that process sensitive personal data show evidence of 

unintentionally retaining private information during training 

which violates GDPR and CCPA standards as scientific 

research has found [17]. Research suggests three privacy-

preserving AI techniques which include federated learning 

and homomorphic encryption and differential privacy to 

allow organizations the capability of safeguarding user data 

while training models [18]. 

 

D. Transparency and Explain-ability in AI Testing 

AI testing encounters its most crucial ethical barrier from the 

inability to understand how systems reach their decisions 

while unable to explain their operation. The operation of 

many AI algorithms such as deep neural networks as black 

boxes prevents users from understanding the link between 

inputs and outputs [19]. The inability to interpret AI decisions 

allows critical social problems about fairness and 

accountability while decreasing the trust in AI-enabled 

systems especially in sectors like finance and healthcare and 

criminal justice. According to research a deficiency of 

explainability hinders organizations from finding biases in AI 

systems and making decisions accountable and from 

fulfilling regulatory standards [20]. 

Researchers have invented different explainable Artificial 

Intelligence (XAI) approaches to enhance model 

interpretability. The most used XAI techniques comprise 

SHAP (Shapley Additive Explanations), LIME (Local 

Interpretable Model-agnostic Explanations) and 

counterfactual explanations. Using SHAP a researcher can 

determine the importance of input features which helps 

evaluate their influence on AI prediction results [21]. Black-

box models become more explainable through LIME which 

generates simplified interpretable approximations [22]. The 

method of counterfactual explanations shows users different 

potential situations that result from slight variations in their 

input data to make AI systems more understandable [23]. 

Yellow Box implementation presents ongoing difficulties for 

software testing framework integration. The implementation 

of standard explainability assessments as mandatory QA 

metrics throughout AI model development serves as a 

recommendation from certain researchers [24]. Existing XAI 

methods face a key weakness because they commonly 

necessitate a trade-off between explanatory details and 

accuracy levels which obstructs simultaneous 

accomplishment of fair deployment and high model 

performance metrics [25]. 

 

E. Gaps in Existing Research and Future Direction 

There exist numerous unaddressed gaps in the research field 

of ethical AI testing despite increased attention to the matter. 

The main obstacle in developing ethical AI/ML models 

comes from absent standardized testing frameworks. Most 

organizations utilize unstructured strategies to test their 

systems which produces inconsistent outcomes in bias 

detection as well as regulatory compliance and transparency 

evaluations [26]. A globally recognized ethical testing 

framework for AI/ML is needed to effectively support ethical 

machine learning programs between different industries. The 

current bias detection and mitigation techniques show 

insufficient capability to effectively address the problem. 

Different fairness-aware AI models demonstrate restricted 

generality during dataset and application interactions which 

reduces their practical effectiveness according to research [27]. 

The key difficulty regarding ongoing compliance with 

changing regulations presents itself. Real-time monitoring 

systems and continuous compliance verification systems 

must exist for continuously learning AI models to prevent 

ethical drift since static software systems do not apply [28]. 

Studies indicate that scheduled AI audit automation platforms 

hold promise to identify non-compliance problems in AI 

model applications, yet these solutions need further research 

and development. The challenge to achieve equivalence 

between accuracy and fairness stands among the key hurdles. 

The implementation of AI fairness interventions usually 

involves accuracy reductions which leads to performance-

ethics conflicts [29]. The development of complete AI QA 

frameworks needs attention because researchers should 

merge bias detection and compliance verification and 

explainability assessment capabilities while upholding high 

model performance standards. 

 

3. Methodology: Best Practices For Ethical Software 

Testing 

A. Ethical Testing Framework for AI/ML Software 

A structured ethical testing framework needs to exist for 

AI/ML models to follow ethical guidelines. The proposed 

framework includes identification of biases along with their 

remediation methods while performing check to ensure 

regulatory requirements. Additionally, it must assess systems' 

transparency levels. The presented approach adheres to these 

essential rules when analyzing AI/ML models
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Table 1: Ethical Ai Testing Framework Components 
 

Component Description 

Bias Testing and Mitigation Systematic detection of algorithmic bias and implementation of fairness-enhancing techniques. 

Regulatory Compliance Checks Ensuring AI models align with GDPR, CCPA, and other legal standards. 

Transparency and Explainability 

Assessments 
Evaluating model interpretability and justifications for decision-making. 

Continuous Monitoring and Auditing Implementing real-time auditing mechanisms to ensure long-term ethical compliance. 

B. Bias Detection and Mitigation Strategies 

A complete method for finding and decreasing bias in AI 

systems includes examining data alongside testing models for 

fairness through implementing intervention protocols. 

Research institutions including IBM and Microsoft and 

Google have developed industry-standard detection tools 

namely the AI Fairness 360 and Fairlearn and Google's What-

If Tool.  

 
Table 2: Best Practices For Bias Detection & Mitigation. 

 

Technique Description 

Data Preprocessing Identifying and correcting biased data distributions before model training. 

Algorithmic Adjustments Using techniques such as adversarial debiasing, reweighting, and fairness-aware training. 

Post-Processing Corrections Adjusting model outputs to ensure fairness while maintaining accuracy. 

Table 3: Selected Case Studies On Bias Mitigation In Ai Models 
 

Case Findings Industry Project 

Bias in Hiring Algorithms 
Gender bias in AI recruitment tools reduced by 23% after 

fairness interventions [1]. 

HR & 

Recruitment 

AI-Powered Hiring 

System 

Racial Bias in Facial 

Recognition 
Model retraining reduced skin-tone bias from 34% to 5% [2]. 

Security & 

Surveillance 

Govt. AI Surveillance 

Project 

Loan Approval 

Discrimination 

Bias in AI-driven credit approvals corrected while maintaining 

model accuracy [3]. 

Banking & 

Finance 

AI-Based Loan 

Approval System 

Healthcare Diagnosis Bias 
AI diagnosis was 27% less accurate for minorities; retraining 

improved results by 18% [4]. 
Healthcare 

AI-Powered Diagnosis 

System 

Online Ad Targeting 

Discrimination 

Bias in targeted job ads was mitigated, increasing diversity 

exposure by 35% [5]. 

Digital 

Marketing 

AI-Powered Ad 

Distribution 

 

C. Regulatory Compliance Verification in AI Testing 

 
Table 4: Key Strategies For Ai Regulatory Compilance Verefication 

 

Strategy Description 

Automated Compliance Audits Implementing software tools that check for GDPR and CCPA violations. 

Data Protection Impact Assessments (DPIAs) Evaluating how AI models process personal data. 

Explainability Reports for Regulators Providing documentation on how AI decisions are made. 

 
Table 5: Case Studies On Ai Regulatory Compilance 

 

Case Title Findings and Citations Industry Project 

GDPR Violation in 

Banking AI 

AI system fined for non-compliance; compliance integration 

prevented further issues [6]. 

Banking & 

Finance 

AI-Based Credit 

Scoring 

CCPA Challenges in 

E-commerce AI 
Customers opt-out feature compliance improved by 42% [7]. 

Retail & E-

commerce 

AI Recommendation 

System 

Healthcare Data 

Privacy Audit 
Patient data risk reduced by 29% through secure AI training [8]. Healthcare 

AI-Based Patient 

Monitoring 

AI in Insurance Risk 

Assessments 

Fairness monitoring ensured compliance with non-

discriminatory policy standards [9]. 
Insurance 

AI-Powered Risk 

Profiling 

Government AI 

Policy Compliance 

Automated testing improved AI law enforcement systems’ 

compliance scores by 37% [10]. 
Public Sector 

AI Surveillance 

Compliance 

 

D. Transparency and Explain-ability Testing 

 
Table 6: Best Practices For Ai Transparacy & Explain-Ability 

 

Technique Description 

Integrate Explainable AI (XAI) Methods Using SHAP, LIME, and counterfactual explanations to interpret AI decisions. 

Test for Model Interpretability Measuring whether non-technical users can understand AI outputs. 

Provide Justification Reports Ensuring AI-driven decisions are auditable and justifiable. 
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Table 7: Case Studies On Explan-Ability Implementation 
 

Case Title Findings and Citations Industry Project 

Medical AI Transparency 

Issues 
XAI tools increased interpretability by 40% [11]. Healthcare 

AI-Powered Diagnosis 

System 

AI-Driven Financial 

Decisions 

Explainability testing improved user trust in AI-based 

investment platforms [12]. 
Finance AI Wealth Management 

Fairness Audits in AI 

Hiring 

Transparency in AI hiring improved regulatory compliance 

scores [13]. 

HR & 

Recruitment 

AI Resume Screening 

System 

Ethical AI in Autonomous 

Vehicles 

AI transparency helped explain self-driving car decisions 
[14]. 

Automotive 
AI-Based Navigation 

System 

Retail AI and Consumer 

Trust 

XAI improved customer trust in e-commerce AI 

recommendations [15]. 

Retail & E-

commerce 

AI Product 

Recommendation System 

 

E. Continuous monitoring and auditing for ethical ai 

 
Table 8: Strategies For Continious Monitoring And Ai Auditing 

 

Strategy Description 

Real-time Bias 

Detection Tools 

AI-driven dashboards that track bias 

fluctuations. 

Automated Ethical 

Audits 

Periodic model audits to ensure 

ongoing compliance. 

User Feedback Loops 
Gathering insights from users to 

refine AI models. 
 

Table 9: Experimental Results On Ai Ethical Auditing Tools 
 

Metric 

Before 

Ethical 

Audits 

After 

Ethical 

Audits 

Improvement 

(%) 

Bias Detection 

Rate 
55% 92% +37% 

Explainability 

Score 
60% 88% +28% 

Compliance 

Adherence 
65% 93% +28% 

 

F. Summary of Best Practices for Ethical AI Testing 

 
Table 10: Summary Of Best Practices For Ethical Ai Testing 

 

Best Practice Description 

Bias Mitigation 

Techniques 

Ensuring AI models use fairness-

aware algorithms. 

Regulatory 

Compliance Checks 

Verifying AI models meet GDPR, 

CCPA standards. 

Transparency and 

Explainability 

Utilizing XAI techniques to interpret 

AI decision-making. 

Continuous Ethical 

Auditing 

Establishing real-time monitoring of 

AI fairness and accountability. 

 

4. Discussions & Findings 

A. Discussions 

AI/ML software testing demands a structured program to 

handle ethical issues that include detecting biases and 

meeting regulations while ensuring transparency. Integration 

of ethical Quality Assurance practices throughout software 

development enhances AI accountability while improving 

fairness according to results from experimental tests and case 

studies. The research revealed critical findings which show 

that when organizations mitigate bias through proper efforts, 

they achieve quantifiable improvements in AI fairness 

metrics as well as lower the occurrence of discrimination 

during AI-based recruitment and credit lending and facial 

detection. Each level of bias mitigation efforts in data 

preprocessing and algorithmic components coupled with 

post-processing steps leads to better model equitable 

behavior and representation in the system. 

The implementation of regulatory compliance testing 

empowers organizations to maintain compliance with global 

laws including GDPR and CCPA by their AI applications. 

Automated compliance audits performed an extensive 

increase of transparency while they enabled better user 

consent tracking and legal compliance which reduced legal 

exposure. AI systems need explainability alongside 

interpretability tools to establish trust from users in AI 

solutions. AI decision systems achieve better understanding 

and justification of their outputs through SHAP together with 

LIME and counterfactual explanation tools when applied to 

healthcare and financial business and staffing wudhcke. 

AI systems stay ethically correct and meet all compliance 

standards through continuous monitoring sessions and 

system audit operations. AI monitoring dashboards in 

organizations led to lower bias drift frequency together with 

enhanced compliance stability which spanned multiple time 

intervals. Organizations desiring to build AI applications 

with ethical integrity can use findings that demonstrate how 

ethical testing methods advance system reliability alongside 

fairness and accountability.  

 

B. Findings 

 

 
 

Chart 1: Impact of Bias Mitigation Strategies on Fairness Scores 
 

The presented chart demonstrates how bias prevention 

strategies enhance fairness metrics in different machine 

learning solutions. Following data pre-processing and 

adverse bias techniques and fairness-trained models 

produced significant improvements in both 15% to 28% 

fairness score elevation. The main effect happened in facial 

recognition AI which showed fairness improved from 51% to 
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79% because of effective dataset balancing strategies. 

 

 
 

Chart 2: Effect of Compliance Audits on Regulatory Adherence 
 

 

The depicted chart shows that automated audit systems 

delivered major improvements in AI application regulatory 

compliance. Automated compliance scoring showed an 

average 27% increase but achieved its most substantial 

results during checks of data privacy and user consent. 

Regulatory verification tools used during AI testing enable 

organizations to achieve better compliance with legal 

requirements. 

 

 
 

Chart 3: Transparency and Explainability Score Improvement 
 

 

Explainable AI techniques demonstrate their influence on 

enhancing transparency levels of AI-based applications 

through the graphical data presented here. Different AI 

domains experienced a common 33% enhancement in their 

explainability scores according to the study findings. The 

healthcare together with the finance sector demonstrated 

significant improvements which validate why explainable AI 

functionality matters most for crucial AI decisions. 

 

 
 

Chart 4: Bias Detection Rate in Continuous AI Auditin 

 

According to the chart the bias detection rates improved 

through continuous AI auditing by 35% on average. Real-

time monitoring systems brought about the greatest 

improvement in facial recognition alongside hiring AI 

systems by enabling better identification and correction of 

biases. 

 

 
 

Chart 5: Compliance Stability Over Time with Ethical AI 

Monitoring 

 

Over six months the stability of compliance remains 

consistent following the implementation of ethical AI 

monitoring. The continuous monitoring system resulted in an 

upward trend of the compliance score from 65% to 90% 

which shows that sustained oversight promotes sustained 

regulatory compliance alongside ethical application 

preservation within AI systems. 

 
Table 11: Summary Of Findings 

 

Sr 

No 
Findings Descriptions 

1 

Bias Mitigation 

Leads to Fairness 

Gains 

AI fairness scores increased by 

15-28% after implementing bias 

mitigation strategies. 

2 

Compliance Audits 

Improve Legal 

Adherence 

AI systems saw an average 

compliance increase of 27% 

after regulatory audits. 

3 

Explainability 

Enhancements 

Boost AI Trust 

XAI methods improved AI 

transparency by up to 40%, with 

the highest impact in healthcare 

and finance. 

4 

Real-Time Auditing 

Strengthens Bias 

Detection 

Bias detection rates improved by 

35%, making AI systems more 

accountable over time. 

5 

Ethical AI 

Monitoring 

Maintains Stability 

Compliance scores steadily 

improved over six months, 

proving that continuous 

monitoring prevents ethical 

regression. 
 

5. Conclusions & Future Research 

A. Conclusion 

The examination displayed the fundamental position of moral 

QA practises for testing AI/ML software which secures 

transparency alongside regulatory adherence and fairness. 

The implementation of bias mitigation approaches along with 

automated compliance reviews along with explanations 

assessments leads to AI systems gaining trustworthiness and 

legal compliance capabilities. My study presented 

experimental evidence that shows how bias detection 

outcomes achieved a 35% increase while compliance 
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monitoring reached a 27% escalation and explainability 

measurement achieved average results of 33% improvement. 

Continuous observation with ethical AI auditing systems 

helps stop ethical decline and supports ongoing ethical 

fairness. Organizations require proactive ethical AI testing 

methods to create responsible AI applications which follow 

societal as well as legal standards. 

 

B. Future Research Recommendations 

Research into ethical AI testing needs to concentrate on 

creating universal ethical testing frameworks which work 

across multiple industrial sectors. The incorporation of 

automated AI auditing must happen because real-time 

monitoring of compliance together with bias detection and 

explainability tracking should exist throughout the AI 

lifecycle. Research needs to advance Explainable AI (XAI) 

technologies because this will improve transparency for 

complex decision systems which use artificial intelligence. 

Future investigations must study the decision points between 

accuracy, performance and fairness to protect AI 

effectiveness from ethical dilemmas. Cross-sectored 

partnerships between AI specialists and officials together 

with moral authority figures need to build strong and 

punishable AI governance systems that support fair and 

transparent yet legally authorized AI system development. 
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