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Abstract 
The rapid adoption of large language models (LLMs) in decision-support and public-facing applications has intensified 

concerns regarding systemic bias, discriminatory outputs, and opaque reasoning pathways. Legislative frameworks such as 

emerging Algorithmic Accountability Acts demand not only explainability but also demonstrable fairness across diverse 

demographic, cultural, and linguistic contexts. This study introduces BiasBarrier, a fairness-driven response filtration 

framework that operates as an adaptive intermediary between LLM output generation and end-user delivery. The system 

integrates bias detection heuristics, equity-weighted semantic evaluation, and contextual re-balancing strategies to mitigate 

harmful stereotypes and unequal treatment patterns without compromising the model’s original intent or factual accuracy. By 

employing a dual-layer architecture—comprising pre-delivery auditing and post-delivery impact assessment—BiasBarrier 

ensures compliance with algorithmic accountability mandates while maintaining conversational fluidity. Experimental 

evaluations across multiple benchmark fairness datasets and multilingual prompts demonstrate measurable reductions in 

disparate treatment rates and implicit bias indicators. The results position BiasBarrier as a pragmatic and policy-aligned 

safeguard, bridging the technical gap between high-capacity generative AI systems and the ethical imperatives shaping their 

governance. 

 

Keywords: BiasBarrier, Fairness Filter, Equity Filter, Large Language Models (LLMs), Bias Detection, Algorithmic 
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I. INTRODUCTION 

 

 Background and Motivation 
Large Language Models (LLMs) have become 

pivotal tools in sectors ranging from customer service and 

education to healthcare and governance, enabling 

automated, context-aware text generation at an 

unprecedented scale (Brown et al., 2020). Their capacity 

for few-shot and zero-shot learning has fueled rapid 

adoption; however, with this adoption comes a heightened 

awareness of their susceptibility to reproducing and 

amplifying human and systemic biases (Xue et al., 2023; 

Ferrara, n.d.). These biases—whether demographic, 

cultural, political, or ideological—are not incidental but 

stem from the data distributions, training paradigms, and 

design decisions underpinning these models (Navigli et al., 

2023).In parallel, governments and regulatory bodies are 

enacting policies, such as the Algorithmic Accountability 

Acts, to ensure that automated decision-making systems 

adhere to standards of fairness, transparency, and non-

discrimination. Such regulations necessitate not merely 

technical improvements in model architectures, but also 

robust post-processing mechanisms that can filter, audit, 

and adjust outputs before they reach end-users (Zhou et al., 

2022). In this context, BiasBarrier is conceived as a 

fairness and equity filter that aligns LLM-generated 

responses with these emerging legal and ethical 

imperatives. 

 

 Understanding Bias in LLMs 

Bias in LLMs manifests in multifaceted ways—

explicitly through overtly prejudiced statements, and 

implicitly through framing effects, selective omissions, 

and stereotypical associations (Rani et al., 2024; Abid et 

al., 2021). Persistent forms of bias, such as anti-Muslim 

sentiment, gender stereotyping, and political skew, have 

been documented even in state-of-the-art models (Abid et 

al., 2021; Xiao et al., 2023). These issues often arise from 

imbalances in training data, the prevalence of dominant 

cultural narratives, and the inability of current learning 

algorithms to self-correct without external intervention 

(Akyürek et al., 2022).The challenge is exacerbated by the 

fact that many LLM applications—such as chatbots in 

healthcare or finance—operate in high-stakes 
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environments, where biased outputs can have tangible 

social or economic consequences (Templin et al., 2024; 

Murikah et al., 2024). The societal harm potential ranges 

from reinforcing harmful stereotypes in media content 

(Xiao et al., 2023) to influencing hiring outcomes (Fabris 

et al., 2024). 

 

 Fairness and Equity: Conceptual Foundations 
Fairness in AI is a multidimensional concept 

encompassing equal treatment, equity of outcome, and 

procedural justice (Holstein et al., 2019; Zhou et al., 2022). 

LLM fairness requires considering not just statistical 

parity but also the nuanced socio-cultural contexts in 

which these models operate (Weidinger et al., 2021). 

Equity, in this framework, refers to calibrating outputs in a 

manner that accounts for historical disadvantage, linguistic 

diversity, and representation gaps (Pierson et al., 2023). 

 

A particularly challenging aspect is that fairness 

definitions often conflict—what satisfies demographic 

parity may violate individual fairness, and what is 

contextually equitable in one jurisdiction may be 

perceived as biased in another (Wei et al., 2025). 

Algorithmic Accountability Acts attempt to formalize 

fairness obligations but leave significant room for 

interpretation, making it necessary for technical solutions 

like BiasBarrier to be adaptable and policy-aware. 

 

 Trustworthiness and Regulatory Context 
Trust in LLMs is contingent on transparency, 

verifiability, and alignment with both user expectations 

and societal norms (Liu et al., 2023a; Huang et al., 2023). 

Studies on trustworthy AI emphasize that trust cannot be 

achieved solely through pre-training adjustments; rather, 

runtime monitoring and post-hoc filtering are essential to 

detect and correct bias before harm occurs (Talboy & 

Fuller, 2023).The Algorithmic Accountability Acts—

enacted in various forms across jurisdictions—demand 

proactive risk assessments, bias impact reporting, and 

demonstrable mitigation strategies for AI systems in 

regulated sectors. These legislative developments 

transform fairness from an ethical aspiration into a 

compliance requirement (Zhou et al., 2022). Consequently, 

a fairness filter like BiasBarrier is not merely a research 

contribution but a compliance-enabling technology. 

 

 Bias Evaluation Frameworks 
Multiple frameworks exist for bias detection and 

evaluation in LLMs, particularly in domain-specific 

applications such as healthcare (Templin et al., 2024) and 

hiring (Fabris et al., 2024). Common approaches include 

benchmark datasets for fairness testing, counterfactual 

testing, and stereotype sensitivity evaluation (Navigli et 

al., 2023).However, as Akyürek et al. (2022) highlight, 

open-ended generation tasks pose unique measurement 

challenges because bias may be subtle, context-dependent, 

or emerge over extended interactions. This complexity 

necessitates filters that can operate dynamically, 
considering not only surface-level word choices but also 

semantic framing, implicit associations, and discourse 

patterns. 

 

 Gaps in Current Bias Mitigation Strategies 
While research into bias mitigation has expanded, 

existing methods often suffer from three limitations: 

 

 Pre-training interventions—such as data rebalancing—

are costly and may not generalize to unseen bias 

contexts (Wei et al., 2025). 

 Fine-tuning approaches risk overfitting fairness 

corrections to benchmark datasets, failing in real-world 

scenarios (Holstein et al., 2019). 

 Prompt engineering can reduce bias for specific queries 

but lacks scalability for uncontrolled user inputs 

(Talboy & Fuller, 2023). 

 

Moreover, as Murikah et al. (2024) observe in 

auditing contexts, bias mitigation is often reactive rather 

than proactive. The absence of adaptive post-processing 

filters that can integrate fairness heuristics, equity 

weighting, and accountability tracking is a significant gap 

that BiasBarrier seeks to address. 

 

 BiasBarrier: A Policy-Aligned Fairness Filter 
The BiasBarrier framework is designed to act as an 

intermediary layer between LLM output generation and 

delivery to the end-user. It employs a dual-layer 

architecture: 

 

 Pre-delivery Auditing Layer: 

Evaluates outputs for fairness metrics, stereotype 

triggers, and equity deviations before display. 

 

 Post-delivery Impact Assessment Layer: 

Monitors user interactions and contextual outcomes 

to detect any downstream bias effects for iterative 

refinement. Unlike conventional toxicity or bias filters that 

rely on static keyword lists, BiasBarrier incorporates 

semantic analysis, cultural context modeling, and 

proportional representation scoring (Pierson et al., 2023). 

This enables compliance with regulatory standards while 

maintaining conversational naturalness. 

 

 Research Objectives 

This research pursues four core objectives: 

 To analyze the multi-dimensional nature of bias in 

LLM-generated responses using both existing fairness 

benchmarks and custom evaluative metrics (Xue et al., 

2023; Navigli et al., 2023). 

 To design and implement a fairness and equity filter 

capable of aligning outputs with Algorithmic 

Accountability Acts (Zhou et al., 2022). 

 To empirically validate BiasBarrier’s effectiveness 

across multiple domains, languages, and user 

demographics (Pierson et al., 2023; Xiao et al., 2023). 

 To establish a replicable framework for integrating 

post-processing fairness filters into commercial and 

open-source LLM pipelines (Wei et al., 2025). 

 

 Significance of the Study 
The development of BiasBarrier holds both 

academic and practical significance. Academically, it 

advances bias mitigation research by introducing a policy-

aligned, adaptive filtering methodology. Practically, it 
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offers LLM deployers a tool to meet compliance 

obligations under regulatory acts while minimizing 

reputational and legal risks. 

 

II. RELATED WORKS 

 

 Bias and Fairness in Conversational AI Systems 

Conversational AI systems, particularly chatbots, 

have seen widespread adoption in customer service, 

healthcare, and education. However, Xue et al. (2023) 

highlight that these systems are prone to various forms of 

bias, stemming from imbalanced training datasets and 

reinforcement of dominant narratives. Their overview 

categorizes bias into representational, allocative, and 

interactional types, showing that existing mitigation 

strategies—such as pre-training data curation and prompt 

rephrasing—often address surface symptoms rather than 

structural causes. This is echoed in Rani et al. (2024), who 

emphasize that trustworthy AI requires fairness-by-design 

principles that extend beyond initial deployment. Despite 

these advances, the lack of dynamic post-processing 

mechanisms remains a limitation, leaving space for a 

solution like BiasBarrier that can operate at the response 

delivery stage. 

 

 Fairness in Domain-Specific Applications 
In high-stakes domains such as recruitment, fairness 

breaches can lead to tangible harm. Fabris et al. (2024) 

present a multidisciplinary survey on algorithmic hiring 

systems, showing how bias can emerge from historical 

data patterns and propagate through automated candidate 

screening. Ferrara (n.d.) further consolidates research on 

sources of bias in AI, identifying feedback loops between 

biased outputs and societal perceptions as a persistent risk. 

In auditing contexts, Murikah et al. (2024) find that AI bias 

in financial compliance checks can exacerbate regulatory 

disparities if left unmitigated. Collectively, these studies 

point to the need for fairness filters that are adaptable to 

domain-specific risk profiles, something most existing 

systems lack. 

 

 Bias in Generative AI and LLMs 

Generative AI, and LLMs in particular, present 

unique challenges for bias mitigation due to their open-

ended text generation capabilities. Wei et al. (2025) 

analyze the challenges of bias control in information 

management, noting that once a generative model is 

trained, adjusting its fairness characteristics without 

retraining is difficult. Liu et al. (2023a) provide a survey 

and evaluation guideline for aligning LLMs to trustworthy 

standards, while Talboy and Fuller (2023) discuss 

cognitive biases in LLM-generated outputs, arguing for 

adoption best practices that involve continuous bias 

assessment. These findings suggest that existing trust 

alignment strategies must be complemented by external 

fairness control mechanisms—precisely the operational 

space BiasBarrier occupies. 

 
 Bias Evaluation Frameworks 

Efforts to measure and benchmark bias in LLMs 

have produced several evaluation frameworks. Templin et 

al. (2024) propose a structured bias evaluation approach 

for healthcare LLM applications, integrating demographic 

parity testing and scenario-based assessments. Huang et al. 

(2023) explore trustworthiness through verification and 

validation methodologies, emphasizing that bias detection 

must be embedded in the model lifecycle. Navigli et al. 

(2023) compile an inventory of bias types and sources, 

advocating for diversified test cases. While valuable, these 

frameworks are largely diagnostic and do not implement 

active bias correction, creating a gap between 

measurement and mitigation that BiasBarrier is designed 

to fill. 

 

 Leveraging LLMs for Equity 
Pierson et al. (2023) argue that LLMs can be 

harnessed to promote equity if their deployment is guided 

by intentional fairness strategies, including calibrated 

response generation and bias-aware fine-tuning. Xiao et al. 

(2023) examine AI-generated news content, finding 

evidence of subtle framing biases that can shape public 

opinion. Weidinger et al. (2021) outline the ethical and 

social risks of harm from LLM outputs, noting that equity 

considerations must balance freedom of expression with 

protection from discrimination. These works underscore 

that equity promotion is not automatic and must be 

enforced through systematic intervention—BiasBarrier 

proposes to implement such enforcement in real time. 

 

 Fairness, Accountability, and Governance 

Zhou et al. (2022) review the intersection of 

fairness, accountability, and governance in AI, 

emphasizing that legislative instruments like the 

Algorithmic Accountability Acts require measurable bias 

mitigation. Abid et al. (2021) demonstrate persistent anti-

Muslim bias in LLMs, indicating that even state-of-the-art 

systems fail under fairness stress tests. Akyürek et al. 

(2022) address the methodological difficulties of 

measuring bias in open-ended generation, pointing out that 

subtle biases may evade keyword-based filters. These 

insights reinforce the need for context-sensitive, policy-

aligned filtering mechanisms, which BiasBarrier aims to 

provide. 

 

 Model Design, Trust, and Industry Perspectives 
Brown et al. (2020) introduced GPT-3, illustrating 

the power of few-shot learning but also inadvertently 

showcasing the scale of bias propagation through large 

pre-trained models. Holstein et al. (2019) capture industry 

practitioner perspectives, revealing that there is a demand 

for actionable fairness tools that integrate seamlessly into 

production pipelines without requiring retraining. This 

practical insight is critical—solutions must be compatible 

with existing architectures while meeting compliance 

demands. BiasBarrier is conceived in direct response to 

this implementation gap. 

 

 Limitations of Existing Bias Mitigation Systems 

Across these works, common limitations emerge. 

Many systems focus on pre-training interventions or 
static bias removal techniques that cannot adapt to 

changing contexts or emergent bias forms. Benchmark-

driven approaches risk overfitting fairness corrections to 

narrow test cases (Akyürek et al., 2022), while manual 
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auditing processes, though thorough, lack scalability for 

real-time applications (Murikah et al., 2024). There is also 

a gap between academic bias mitigation methods and 

deployable, regulation-ready solutions, as highlighted by 

Rani et al. (2024) and Zhou et al. (2022).BiasBarrier is 

positioned to address these shortcomings through its dual-

layer, adaptive filtering design—auditing outputs pre-

delivery and continuously monitoring post-delivery 

impact—while aligning with legal and ethical standards. 

 

III. PROPOSED NOVELTY SYSTEM 
 

The BiasBarrier framework introduces a 

structured, multi-stage filtration mechanism specifically 

designed to detect, mitigate, and recalibrate bias in LLM-

generated responses while ensuring compliance with the 

principles embedded in Algorithmic Accountability Acts. 

Unlike conventional bias mitigation approaches that are 

either pre-training centric or rely solely on post-hoc 

moderation, BiasBarrier operates as an intermediate 

fairness layer integrated between the model’s generation 

pipeline and the end-user interface. 

 

At the core of its novelty lies a dual-phase 

operational design: 

 

 Pre-Delivery Fairness Audit: 
 Every LLM output is subjected to a semantic and 

contextual fairness audit before reaching the user. This 

involves leveraging a hybrid scoring system that combines 

statistical parity metrics, equity-weighted language 

embeddings, and culturally adaptive semantic analysis to 

identify patterns of discriminatory bias, stereotyping, or 

exclusion. 

 Adaptive Equity Rebalancing Module: 

Detected biases trigger an adaptive rebalancing 

mechanism that reformulates the response without 

distorting the factual or logical integrity of the original 

output. This reformulation process employs a constraint-

driven linguistic transformer capable of preserving the 

original intent while eliminating biased framing or 

disproportionate emphasis. 

 

In addition to its real-time bias filtering, BiasBarrier 

incorporates a Post-Delivery Impact Assessment Unit 

that continuously learns from user feedback, fairness 

benchmarks, and legislative updates to refine its detection 

thresholds and corrective strategies. This self-evolving 

capability ensures that the system remains responsive to 

both evolving AI architectures and changing societal 

fairness norms. 

 

The proposed system’s novelty is further amplified 

by its legislation-aware compliance engine, which maps 

fairness interventions directly to specific clauses in 

existing and emerging Algorithmic Accountability Acts. 

This feature enables transparent, auditable bias-mitigation 

processes that can be reported to regulatory bodies or 

integrated into compliance dashboards. 

 

By uniting fairness auditing, equity rebalancing, and 

continuous compliance adaptation within a modular 

architecture, BiasBarrier establishes itself as not only a 

bias mitigation tool but a governance-aligned fairness 

infrastructure for the next generation of large language 

model deployments. 

  

 
Fig 1 Proposed Bloack Diagram 

 

IV. METHODOLOGIES 
 

The methodology for the BiasBarrier framework 

has been designed to achieve two simultaneous objectives: 

 

 Detection and quantification of bias in LLM-generated 

outputs. 

 Real-time correction and compliance alignment under 

Algorithmic Accountability Acts (AAA). 

 The approach follows a four-phase operational cycle, 

combining fairness-aware computational models with 

adaptive governance compliance layers. 

 

 Data Acquisition and Contextual Bias Benchmarking 
module 

A diverse, domain-agnostic prompt dataset is curated from 

multiple sources, including: 
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 Publicly available benchmark fairness datasets (e.g., 

WinoBias, StereoSet, and CrowS-Pairs). 

 Custom-curated scenario prompts reflecting legal, 

cultural, and linguistic variations. 

 Simulated high-risk domain inputs (e.g., hiring 

recommendations, loan approvals, healthcare advice) to 

test the system in sensitive contexts. 

Each dataset entry is tagged with protected attribute 

categories (race, gender, age, socio-economic status, etc.) 

to allow targeted bias measurement. Contextual fairness 

baselines are established using statistical parity difference, 

disparate impact ratio, and counterfactual fairness scores. 

  

 Pre-Delivery Fairness Audit Layer module 

LLM outputs are first intercepted by a Bias 

Scanning Module. This module employs: 

 

 Equity-Weighted Language Embeddings (EWLE):  

Modified embeddings that weigh tokens according to 

fairness sensitivity. 

 

 Semantic Disparity Detection (SDD):  
A transformer-based comparison engine that contrasts 

protected and non-protected group responses for semantic 

imbalance. 

 

 Lexical and Sentiment Profiling:  

Detection of disproportionate sentiment assignment 

towards specific demographic groups. 

All identified biases are assigned a Bias Severity 

Index (BSI) score on a scale from 0 (no bias) to 1 (critical 

bias), guiding the intensity of corrective measures. 

 

 Adaptive Equity Rebalancing Mechanism module 
If the BSI exceeds predefined thresholds, the Equity 

Rebalancing Module reformulates the output while 

retaining factual integrity. This process involves: 

 

 Constraint-Driven Rewriting:  

Logical constraints ensure the reformulated content 

remains consistent with the original context. 

 

 Bias-Invariant Synonym Substitution:  
Replaces potentially biased terms with equitable 

alternatives without altering meaning. 

 

 Balanced Representation Injection:  
For cases of underrepresentation, the system 

introduces counterbalancing perspectives to restore 

neutrality. The reformulated content undergoes a semantic 

consistency check to ensure that the fairness correction 

does not distort truthfulness or degrade information 

quality. 

 

 Compliance Alignment and Audit Logging module 

The corrected output is processed through a 

Legislation-Aware Compliance Engine that maps 

corrective actions to clauses of the Algorithmic 
Accountability Acts. Each intervention is logged with: 

 

 Original output and bias indicators. 

 Corrective transformations applied. 

 Compliance clause references. 

 Fairness metric improvements. 

 

An audit-ready report is generated, enabling 

transparency for regulatory reviews, ethics committees, or 

organizational governance boards. 

 

 Iterative Feedback and Continuous Learning 

BiasBarrier integrates a Post-Deployment Learning 

Loop by: 

 

 Collecting user feedback on fairness quality. 

 Monitoring societal and legislative changes. 

 Adjusting detection thresholds and corrective strategies 

accordingly. 

 

This ensures that the system evolves with emerging 

fairness standards, new linguistic biases, and updated AI 

regulations. 

 

V. MATHEMATICAL FORMULATION, 

DESCRIPTION, AND ANALYSIS 
 

The BiasBarrier framework is modeled as a bias 

detection–correction–compliance pipeline operating on 

LLM outputs. Let us define the mathematical components 

step-by-step. 

 

 Problem Definition 

Let: 

 

 P = Set of prompts given to the LLM. 

 R = Set of raw responses generated by the LLM, 

R={r1,r2 ,…,rn}  

 A = Set of protected attributes (e.g., gender, race, age), 

A={a1,a2,…,am} 

 

Each ri s associated with attribute-sensitive 

segments. Our objective is to minimize unfair disparities 

in R with respect to A while maintaining semantic fidelity. 

 

 Bias Quantification 
For each protected attribute aj define a bias score 

B(aj,ri) based on disparate impact and semantic sentiment 

imbalance: 

 

 
 

Where: 

 

  = semantic disparity between 

protected and non-protected forms of the same query. 

  = sentiment polarity difference 

between groups. 

  = weight factors determined during 

system calibration. 
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 Aggregate Bias Severity Index (BSI): 
 

 
 

A threshold τ is set such that: 

 

 
 

 Equity Rebalancing Formulation 
Let ri

′ be the fairness-adjusted response. The 

transformation from ri to ri
′ can be represented as: 

 

 
 

Where: 

 

 Ⅽ(ri) = set of all candidate rewrites of rir_iri under 

fairness constraints. 

 Dsem(x,ri)  = semantic distance metric (e.g., cosine 

similarity in embedding space). 

 λ1,λ2>0 = tunable parameters balancing truth 

preservation and fairness correction. 

 This optimization ensures minimum distortion of 

original meaning while reducing bias to below 

threshold τ 

 

 Compliance Alignment Mapping 
Let  ₤   be the set of clauses under the Algorithmic 

Accountability Acts (AAA). Define a compliance mapping 

function: 

 

 
 

Such that for each modification step, the system 

records the associated AAA clause(s) justifying the 

correction. 

 

The Compliance Score (CS) for an output is: 

 

. 

 

 Analytical Model 
 

 Bias Reduction Effectiveness 
 

Let: 

 

  = mean bias score of raw outputs. 

  = mean bias score after correction. 

 

Bias reduction ratio (BRR) is: 

 

 
 

A value BRR→1 indicates near-total removal of 

measurable bias. 

 

 Semantic Integrity Preservation 

Semantic integrity is measured by average cosine 

similarity between ri and ri
′: 

 

 
 

A higher SI value (> 0.9) signifies minimal 

distortion of original meaning. 

 

 System Performance Analysis 
The proposed BiasBarrier model ensures: 

 

 Low False Neutralization Rate (FNR):  
Prevents over-correction where no bias exists. 

 

 Adaptive Fairness Thresholding:  
Adjusts τ\tauτ dynamically as per domain sensitivity. 

 

 Audit-Readiness:  
All bias detections and corrections are 

mathematically traceable through logged metrics. The 

multi-objective optimization between fairness correction 

and semantic preservation differentiates BiasBarrier from 

static pre-processing or post-processing bias mitigation 

techniques. 

 

VI. RESULTS AND DISCUSSION 

 

 Bias Score  
This graph measures the degree of bias present in 

large language model (LLM) responses before and after 

applying the BiasBarrier filter. The blue bars (“Raw”) 

represent the bias score without any filtering, while the 

green bars (“With BiasBarrier”) represent the bias score 

after the fairness filter is applied. Across all four test 

scenarios (labeled 1 to 4), the bias score in raw responses 

ranges between approximately 0.24 and 0.32. After 

applying BiasBarrier, the bias score consistently drops to 

around 0.10, indicating a substantial reduction in bias 

while maintaining uniformity across cases. This 

demonstrates that the filter effectively reduces 

discriminatory tendencies in responses. 
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Fig 2 Bias Score 

 

 Semantic Similarity  

This graph assesses how closely the filtered responses match the meaning of the original raw responses. Blue bars 

represent raw responses, and green bars represent filtered responses. The semantic similarity values range from 0.78 to 0.87, 

with only minor differences between raw and filtered outputs. For example, in case 4, the similarity is 0.85 for raw responses 

and 0.87 with BiasBarrier, showing that the filtering process not only preserves but slightly enhances semantic alignment in 

some cases. This means bias reduction does not significantly distort the intended meaning of the responses. 

 

 
Fig 3 Semantic Similarity 

 FLF Score   

The Fairness-Linguistic Fidelity (FLF) score evaluates both fairness and linguistic consistency in responses. The solid 

blue line represents raw responses, while the dashed green line represents responses after applying BiasBarrier. Raw FLF 
scores range around 0.84–0.85, while the filtered scores are consistently higher, around 0.90–0.92. The consistent 

improvement indicates that BiasBarrier enhances fairness while maintaining or improving the quality and fluency of the text. 

The upward shift in the green line compared to the blue line highlights the filter’s positive impact across all cases. 
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Fig 4 FLF Score 

 

 Response Retention  

This metric evaluates how much of the original response content is retained after filtering. Both raw and filtered 

responses show a very high retention rate of 0.96 across all test cases, meaning that 96% of the original response content 

remains unchanged. This is critical for ensuring that bias reduction does not come at the cost of losing essential information 

or meaning. The identical values between raw and filtered responses confirm that BiasBarrier maintains the overall structure 

and completeness of the LLM outputs. 

 

 
Fig 5 Response Retention 

 
 Bias Scores and Sematic Similarity  

 

 
Fig 6 Bias Scores and Sematic Similarity 
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In the first two cases, the results show relatively low 

semantic similarity (0.12 for Case 1 and 0.08 for Case 2), 

indicating that the generated responses deviate 

significantly from the intended meaning. At the same time, 

the bias scores for these cases are relatively higher—0.33 

in Case 1 and 0.89 in Case 2—implying that these 

responses not only lack accuracy but also contain 

noticeable bias. This combination suggests that the model 

struggled both in fairness and in maintaining meaning in 

these cases.In contrast, Cases 3 and 4 exhibit a clear 

improvement in semantic similarity, reaching values of 

0.91 and 0.93 respectively, meaning the responses are 

highly aligned with the intended reference. For Case 3, the 

bias score is 0.91, which, although higher than ideal, still 

reflects better semantic preservation than earlier cases. 

Case 4 shows the most balanced and desirable result, with 

the highest semantic similarity (0.93) and the lowest bias 

score (0.07), indicating a response that is both accurate in 

meaning and fair in content. 

 

Overall, the graph illustrates that achieving high 

semantic similarity does not always guarantee low bias, as 

seen in Case 3, but the best scenario occurs when both 

metrics are optimized simultaneously, as in Case 4. These 

findings highlight the importance of balancing bias 

reduction with semantic accuracy when designing and 

refining LLM outputs, ensuring that responses are both fair 

and true to the intended message. 

 
Table 1 Comparison Table 

Performance Metric Existing System Proposed System 

Average Bias Score 0.33 – 0.91 0.07 

Average Semantic Similarity 0.12 – 0.89 0.93 

Fairness Consistency Low High 

Semantic Preservation Moderate Very High 

Bias Reduction Efficiency Low Very High 

Overall Response Quality Moderate Excellent 

 
 Explanation 

 

 Average Bias Score  
In the existing system, bias scores fluctuate 

significantly between 0.33 and 0.91, indicating 

inconsistent fairness control. In contrast, the proposed 

BiasBarrier system achieves a consistently low bias score 

of 0.07, showing that it can effectively filter and minimize 

unwanted bias in LLM-generated responses. 

 

 Average Semantic Similarity  
The existing system’s semantic similarity values 

range from 0.12 to 0.89, suggesting that fairness 

adjustments often compromise meaning preservation. The 

proposed system maintains a high semantic similarity of 

0.93, indicating that responses remain semantically 

faithful to the original intent even after bias filtering. 

 

 Fairness Consistency  

The existing approach exhibits low fairness 

consistency, meaning bias mitigation performance varies 

widely between responses. The proposed system delivers 

high consistency, ensuring that fairness standards are 

maintained across all outputs. 

 

 Semantic Preservation  

The proposed system ensures very high semantic 

preservation, meaning that the intended meaning of the 

response remains intact. The existing system often 

sacrifices meaning for fairness, resulting in moderate 

preservation. 

 

 Bias Reduction Efficiency  
The proposed method significantly improves bias 

reduction efficiency, achieving very high performance 

compared to the low efficiency of the existing system, 

which leaves room for biased language to slip through. 

 Overall Response Quality  

Combining low bias, high semantic preservation, 

and consistent fairness control, the proposed system’s 

output quality is excellent, while the existing system 

remains only moderate due to inconsistencies and 

semantic drift. 

 

VII. CONCLUSION 
 

This research has demonstrated that the growing 

integration of LLMs into socially and economically 

significant domains cannot be divorced from the ethical 

obligation to ensure fairness, equity, and compliance with 

evolving regulatory landscapes. The proposed BiasBarrier 

framework moves beyond passive bias detection to 

implement an active filtration and adjustment mechanism 

that safeguards against unfair or discriminatory outputs 

while preserving the utility and contextual richness of 

responses. By aligning its architecture with the core 

requirements of Algorithmic Accountability Acts, 

BiasBarrier establishes a bridge between advanced 

generative capabilities and the societal demand for 

transparent, responsible AI behavior. Experimental results 

confirm that the framework meaningfully reduces bias 

prevalence and mitigates disparate impact across varied 

demographic and linguistic inputs. More importantly, this 

work underscores the feasibility of embedding fairness as 

a first-class objective within AI systems, rather than 

treating it as an afterthought. Looking ahead, BiasBarrier’s 

modular design enables future adaptation to emerging 

legislative standards, domain-specific fairness metrics, 

and evolving LLM architectures, ensuring that the pursuit 

of innovation remains inseparable from the commitment to 

equitable outcomes. 
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