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Abstract

The appearance of social stereotypes in Large Language Models (LLMs) is a crucial concern in research
on fairness in the context of Natural Language Processing (NLP). This study focuses on gender bias,
occupational stereotypes, gender comparisons, and trait attributions. Numerous mitigation techniques
depend on fine-tuning and post-processing, which are typically expensive and difficult to audit. BiasScope
is a lightweight framework that uses prompt engineering and RAG to detect and mitigate model biases
at inference time without changing weights. We generate responses through the Gemini 2.5 Flash API
in our implementation. The system (1) provides a baseline reply, followed by (2) scoring by a lexicon-
and pattern-based detector with transparent functioning. When bias is detected, (3) it retrieves fairness
guidance, followed by (4) generating a mitigated response from an augmented prompt. The mean
composite bias score on the 26-prompt evaluation set is reduced by 72.1% after mitigation. This composite
score combines four detector signals: toxicity, counterfactual sensitivity, stereotype co-occurrence, and
sentiment and sentiment is treated as one signal among four, not as proof of bias. No formal user study of
response quality was conducted; qualitative inspection of the outputs is reported in Section 4. BiasScope
is designed to support multiple LLM backends and is fully traceable from detection to mitigation. It
provides an effective means of achieving fairness and accountability in production Natural Language
Processing (NLP).
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1. Introduction

Large Language Models have shown impressive capabilities in various natural language processing tasks
such as creative writing, code generation, reasoning, and question answering. As a result of being trained
on large amounts of data using internet text, the technology has benefited many people, including through
chatbots and other applications. Nonetheless, the strength of these models is also a challenge. Since
social biases are present in the training corpora, learning from diverse and extensive datasets can lead to
reproducing these biases [1].

Concerns regarding gender and occupational bias in LLM outputs are particularly pervasive. Studies
have shown that these models usually associate certain professions with specific genders. For instance,
engineering and surgical roles are linked to masculine pronouns, while nursing and teaching positions are
associated with feminine reference. While these correlations may capture the historical distribution of
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individuals in occupations, using them in hiring, education, healthcare communication, or legal support
can perpetuate stereotypes with real consequences [2]. Even the subtle biases exhibited in outputs from
these models can perpetuate unfair assumptions [3].

Current methods that tackle bias in LLMs can be broadly classified into pre-training interventions and
post-training modifications. Pre-training debiasing means cleaning the training data of biased content or
adapting the training to obtain fair representation. Methods such as fairness fine-tuning, counterfactual
data augmentation, or output filtering can be used. Although these methods have been more or less
effective, they have several common drawbacks such as high computational costs, limited reproducibility,
and difficulty of auditing, apart from cases when only API access to models is possible [4].

The unique part of BiasScope is its lightweight, modular design that decouples bias detection from
mitigation while maintaining full traceability. The framework is designed to support multiple LLM
backends, though only the Gemini 2.5 Flash API was evaluated in this study. The bias detection
mechanism determines bias using a scoring method that is based on a lexicon and patterns over a host of
bias dimensions. Furthermore, it is ensured that the detection method is reproducible and transparent.
When there is bias, the bias alert retrieves the relevant fairness guidelines from a knowledge source and
appends them as additional context to the generation prompt [5]. In this way, practitioners will know not
just that bias was detected but also which patterns triggered detection and which guidance was used to
moderate it. Recent advances in retrieval-augmented generation have made such knowledge-grounded
conditioning increasingly practical for production systems [6].

BiasScope: Architecture, Implementation and Evaluation of a New Tool. The system substantially
minimizes bias across a pool of diverse prompts without sacrificing the quality and coherence of the
responses. The rest of this paper is organized as follows: the methodology is presented in Section 2,
which describes the theory as well as the technique. The system architecture and implementation are
discussed in Section 3. The test and results are in Section 4. Section 5 outlines implications, limitations,
and broader context. In Section 6, we conclude and offer future directions.

Addressing bias in language models has been a central concern in responsible Al research. Early
approaches focused on data-level interventions such as counterfactual data augmentation and reweighting,
but these often require retraining and are computationally prohibitive for large models. Post-training
mitigation techniques, including fine-tuning with fairness objectives and output constraints, have been
explored but suffer from limited generalizability and lack of transparency. Recent work has shifted
towards inference-time strategies that leverage prompt engineering and retrieval-augmented generation to
guide model outputs without altering weights [7]. These methods are particularly attractive for production
systems where model updates are costly and auditability is paramount.

Recent work has explored inference-time mitigation through self-diagnosis and self-debiasing, as
well as retrieval-augmented generation for knowledge grounding and control [4]. Surveys of bias in NLP
emphasize the need for transparent and interpretable evaluation [1]. Established benchmarks such as
StereoSet [8], BBQ [9], and BOLD [10] provide external validation resources. Our work builds on these
foundations by proposing a lightweight, modular framework that combines transparent bias detection
with RAG-based mitigation, addressing the gaps in existing inference-time fairness approaches.

The use of RAG for fairness is still nascent; prior work has primarily focused on factual accuracy
and knowledge grounding [5]. However, the idea of retrieving ethical guidelines or fairness principles
to condition generation is gaining traction. Comprehensive surveys have catalogued the evolution and
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current landscape of retrieval-augmented generation [11], while others have examined best practices for
retrieval and augmentation [12]. Several surveys have catalogued bias sources and mitigation strategies,
highlighting the need for practical, interpretable solutions [2]. Our work builds on these foundations by
proposing a lightweight, modular framework that combines transparent bias detection with RAG-based
mitigation, addressing the gaps in existing inference-time fairness approaches.

Recent research has also explored multi-paradigm Al frameworks for real-time anomaly detection and
adaptive risk scoring, which share methodological similarities with our bias detection approach in their
emphasis on transparent, rule-based scoring mechanisms [3]. Cloud computing architectures for multi-
tenant LL.M agents have addressed deployment considerations relevant to production fairness systems
[13]. Software physics approaches for safe agentic Al-driven code evolution provide complementary
perspectives on ensuring safety in Al systems. Additionally, model-driven engineering for health data
management demonstrates the importance of integrating fairness considerations into domain-specific
applications [14].

The BiasScope framework operates under the premise that one can mitigate bias using prompt engineering
and without changing the model parameters. The basis of this technique stems from the observation that
LLMs are sensitive to contextual cues within prompts. Moreover, they are influenced, to a large degree,
by explicit instructions on fairness. The methodology follows a three-part pipeline of detection, retrieval,
and mitigation, each using distinct techniques to ensure effective and illuminative bias mitigation.

The detection phase uses a multi-dimensional scoring system that assesses the generated text over
various bias indicators. This approach is computationally lightweight and interpretable, as opposed to less
interpretable learned bias classifiers [3], and achieves a reasonable level of detection performance. The
scoring system consists of four key components: toxicity (7'), counterfactual sensitivity (C), stereotype (S),
and sentiment (P). Each component produces a normalized score in the range [0, 1], where O indicates
no detectable bias signal and 1 indicates the maximum detectable bias signal for that dimension. The
composite bias score B is defined as the weighted sum of the four component scores:

B=wiT +wcC +wsS+wpP (D

3.1 Detector Component Specifications

Toxicity lexicon and patterns. The toxicity component uses a curated lexicon L of approximately
120 terms and phrases associated with toxic, derogatory, or demeaning language. The lexicon was
constructed by combining entries from established toxicity resources and manually filtering for terms
relevant to gender and occupational bias. In addition to direct term matching, the detector identifies
contextual patterns using regular expressions that capture co-occurrence relationships, such as a toxic
term appearing within a five-token window of a demographic group mention. The toxicity score T is

computed as:
Niox + @ - Nex

T =min (1, ———— -« (2)
Ntokens

where n is the number of direct lexicon matches, n¢ is the number of contextual pattern matches,
a = 0.5 weights contextual matches, Nyens 1S the total token count of the response, and « = 100 is a
scaling constant. This approach to contextual sensitivity mitigates false positives that otherwise arise with
naive lexicon-based methods [15].
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Counterfactual procedure. Given a generated response R, the system produces a counterfactual
response R’ by swapping gendered terms and pronouns according to a predefined mapping Mgender (€.€.,
he<she, him«sher, his<>hers, man«<>woman, men<>women, male<>female, masculine«<>feminine). The
output is not regenerated; the counterfactual is produced by deterministic lexical substitution on the
original response. The sentiment difference is computed as:

_ |sent(R) — sent(R’)|

¢ 2

3)

where sent(-) € [—1, 1] is the sentiment polarity score computed using a lexicon-based sentiment analyzer.
The normalization by 2 maps the maximum possible difference (from —1 to +1) to the range [0, 1]. A
threshold of C > 0.1 is used to flag counterfactual sensitivity as a contributing bias signal.

Stereotype mappings. The stereotype component uses a mapping Mgereo that associates demo-
graphic groups with stereotypical roles, traits, and occupations. The mapping is organized into three
categories: (i) occupation-role associations (e.g., surgeon—male, nurse—female, engineer—male,
teacher—female, CEO—male, secretary—female); (ii) trait attributions (e.g., male—assertive, decisive,
logical; female—caring, empathetic, gentle); and (iii) comparison framings (e.g., “men are better at X",
“women are more Y”’). Each mapping entry is represented as a triple (demographic group, stereotypical
attribute, category). The stereotype score S is computed as:

mentions

S = min (1, Ttereo -/l) @)

where ngereo 1S the number of co-occurrences between a demographic group mention and a mapped
stereotypical attribute within a ten-token window, Npyentions 1S the total number of demographic group

mentions, and A = 2 is a scaling constant.

Sentiment calculation. The sentiment component computes the emotional polarity of demographic
descriptions using a lexicon-based sentiment analyzer. For each demographic group mention, a sentiment
score is computed over a window of ten tokens surrounding the mention. The sentiment score P is then
computed as:

1
P:—l——Zsentg (&)

where G is the set of demographic groups mentioned in the response and sent, € [—1, 1] is the average
sentiment score for group g. This formulation assigns higher bias scores to responses with systematically
negative sentiment toward specific groups. The limitations of this approach include sensitivity to lexical
choices, inability to capture nuanced or implicit sentiment, and potential for false positives when negative

sentiment is contextually appropriate [16].

Aggregation rules. The four component scores are aggregated according to Eq. (1). If any component
score exceeds its individual flagging threshold (7 > 0.2, C > 0.1, § > 0.15, P > 0.2), the response is
flagged for mitigation regardless of the composite score. Otherwise, the composite score B is compared
against the intervention threshold 7 = 0.15 as described in Section 3.

When assessing toxicity, we use a carefully constructed list of words and phrases commonly associated
with toxicity. The technique goes further than simply matching keywords by accounting for contextual
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patterns and co-occurrence relationships. In particular, the system assesses whether the identified biased
terms appear in contexts that reinforce stereotypes or generalize negatively against groups.

Counterfactual sensitivity provides a particularly robust indicator of bias by measuring how output
changes when demographic indicators are swapped. Given a generated response R, the system produces a
counterfactual response R’ by applying a deterministic lexical substitution mapping Maender to the original
response. The mapping includes the following term pairs: he«<>she, himeher, hisehers, himself«herself,
man<>woman, men—women, male«—female, masculine<»feminine, and son«<daughter. The output
is not regenerated; the counterfactual is produced by substituting terms in the original response. The
sentiment difference is calculated as:

- |sent(R) — sent(R’)|
B 2

(6)

where sent(-) € [—1, 1] is the sentiment polarity score computed using a lexicon-based sentiment analyzer.
A threshold of C > 0.1 is used to flag counterfactual sensitivity as a contributing bias signal. When the
sentiment difference is large, this means that the model is making fundamentally different characterizations
based only on gender. We consider this a significant bias.

Stereotype identification examines how often demographic language and stereotypical role/trait
language co-occur. The system maintains a mapping Mgereo Of demographic groups and stereotypical
associations, organized into three categories: (i) occupation-role associations, (ii) trait attributions,
and (iii) comparison framings. The occupation-role associations include pairs such as surgeon—male,
engineer—male, CEO—male, nurse—female, teacher—female, and secretary—female. The trait attribu-
tions include male—assertive, male—decisive, male—logical, female—caring, female—empathetic, and
female—gentle. The comparison framings include patterns such as “men are better at X”, “women are
more Y”, and “men are naturally Z”. Each mapping entry is represented as a triple (demographic group,
stereotypical attribute, category), and the complete mapping is available as a machine-readable JSON file
in the supplementary materials. The system identifies when generated text links these groups to these
associations within a ten-token window. This component is crucial to capturing occupational stereotypes
where certain professions are associated more with certain genders, when the association is not explicitly
put down in a biased manner.

The sentiment analysis component establishes the emotional value of the description of the demo-
graphics. Sentiment is treated as one detector signal among four, not as proof of bias. Although having a
positive or neutral sentiment towards a group is not inherently problematic, having systematic patterns
of negative sentiment towards certain groups as compared to others can suggest bias. The sentiment
component produces an assessment of positive/negative polarity that balances the other detection signals.

The mitigation phase uses retrieval-augmented generation whereby fairness guidelines are retrieved
dynamically based on specific detected patterns of bias. The fairness documents in the knowledge base
are sourced from established ethical frameworks, including the IEEE Ethically Aligned Design principles
and ACM computing ethics. Every document is tagged with metadata to indicate which bias dimensions
are addressed for targeted retrieval based on the detected bias in the original response.

Retrieval is performed as follows. Each document in the knowledge base is split into chunks of
approximately 200 tokens with 50-token overlap. Each chunk is embedded using the ‘all-MiniLM-L6-v2°
sentence transformer model. At retrieval time, the original prompt is embedded using the same model.
The retrieval score for a document chunk d given a detected bias profile b = (7, C, S, P) and prompt
embedding e is:

Score(d) = B - sim(e, ez) + (1 — B8) - match(b, M) (7
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where sim(e, ey) is the cosine similarity between the prompt embedding and the document chunk
embedding, match(b, M) is the fraction of detected bias dimensions present in the document’s metadata
Mg, and B = 0.6 weights semantic similarity over metadata matching. Documents are ranked by this
score, and the top-k documents with k = 3 are selected for prompt augmentation. The augmented prompt
is constructed by prepending the retrieved fairness guidelines to the original task instruction, followed by
an explicit instruction to avoid the detected bias patterns. The same retrieval and augmentation procedure
is applied to every prompt that triggers mitigation.

The prompt augmentation strategy prepares a modified generation prompt consisting of the retrieved
fairness guidelines along with the original task instruction. The added requirements include instructions
for avoiding bias, such as avoiding gendered language and occupational differences and ensuring balanced
representation. The enhanced prompt gives examples of the behavior we expect from the model. Thus, it
provides an exhibit of what not only to avoid but also an example of positive behavior.

No independent benchmark experiments (StereoSet, BBQ, BOLD) were conducted in this study. The
evaluation relies solely on the lexicon- and pattern-based detector described in Section 3. The circularity
concern is acknowledged as a limitation: the same detector used to trigger mitigation is also used to
measure mitigation effectiveness. Independent benchmark evaluation is left for future work.

The BiasScope system architecture is designed as a modular, extensible pipeline that integrates multiple
components while maintaining clear separation of concerns. The architecture comprises five main layers:
the user interface, the LLM generation layer, the bias detection engine, the mitigation engine, and the
evaluation and visualization layer. Each layer is independently configurable and can be modified or
extended without affecting other system components .

The user interface layer is implemented using Streamlit, providing an accessible web-based interface
for interacting with the system. The interface accepts prompt input from users, displays both baseline
and mitigated responses, and presents quantitative bias metrics through interactive visualizations. The
interface also supports side-by-side comparison of outputs, enabling users to directly observe the impact
of mitigation interventions. The design prioritizes transparency, showing users not only the final outputs
but also the intermediate steps of detection and retrieval [17].

The LLM generation layer abstracts the specific model implementation, supporting both API-based
models and locally deployed open-source models. The current implementation supports the Google
Gemini 2.5 Flash API as the primary backend, with additional support for local models via Ollama.
The generation layer handles configuration, authentication, and response parsing, providing a consistent
interface for the rest of the system regardless of the underlying model. This abstraction enables model
comparison studies and ensures the system remains functional if specific model endpoints change [13].

For reproducibility, the exact configuration used in the reported experiments is as follows: model
identifier ‘gemini-2.5-flash‘; temperature = 0.7; top-p = 0.95; top-k = 40; maximum output tokens
= 1024; system prompt: “You are a helpful assistant. Provide balanced and unbiased responses.”;
generation settings: default safety filters enabled; API configuration: Google Al Studio API, accessed via
the official Python SDK; API date: March 2025; number of runs per prompt: 1. All reported results are
based on this single-run configuration.

The bias detection engine implements the multi-dimensional scoring described in Section 2. The
engine evaluates generated responses against toxicity, counterfactual sensitivity, stereotype, and sentiment
dimensions, computing a composite bias score that determines whether intervention is necessary. The
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Figure 1: BiasScope inference pipeline with bias detection and RAG-based mitigation.

detection engine is implemented as a lightweight, rule-based system that does not require external API
calls or heavy computational resources, enabling rapid evaluation suitable for interactive applications.

The mitigation engine comprises the RAG retrieval component and the prompt augmentation
component. The RAG retrieval component maintains a curated fairness knowledge base of approximately
10 documents derived from IEEE and ACM ethics guidelines, industry best practices, and published bias
mitigation research. Table 1 lists the documents, their sources, and their metadata tags. Each document
is chunked into segments of approximately 200 tokens with 50-token overlap and embedded using the
‘all-MiniLM-L6-v2° sentence transformer model. Retrieval is performed using the scoring function
defined in Eq. (7), with top-k = 3 selection. Each document is tagged with metadata indicating which
bias dimensions it addresses, enabling targeted retrieval based on the specific biases detected in the
baseline response.

The prompt augmentation component constructs modified generation prompts by embedding retrieved
fairness guidelines within the original instruction. The augmentation strategy varies based on the
detected bias type, providing specific guidance relevant to the observed bias pattern. For example,
prompts triggering gender-bias detection receive specific instructions about using gender-neutral language
and avoiding stereotypes, while prompts triggering occupational-bias detection receive guidance about
representing diverse professional roles.

The evaluation and visualization layer provides real-time feedback on system performance through
multiple visualization techniques. The primary visualization is the bias radar profile, which displays
normalized scores across the four bias dimensions, enabling users to understand the specific patterns of bias
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Table 1: Fairness knowledge base documents and metadata.

Document Source Metadata Tags

IEEE Ethically Aligned Design (excerpts) IEEE Gender, Occupation, Traits
ACM Code of Ethics (excerpts) ACM Gender, Occupation
UNESCO Recommendation on Al Ethics UNESCO Gender, Traits

EU AI Act fairness provisions EU Occupation, Comparison
NIST AI Risk Management Framework NIST Gender, Occupation, Traits
Google Responsible Al Practices Google Gender, Occupation
Microsoft Responsible Al Standard Microsoft Gender, Traits

Meta Fairness Guidelines Meta Occupation, Comparison
Bias mitigation survey (Gallegos et al.) Academic Gender, Occupation, Traits
Counterfactual fairness guidance Academic Comparison, Traits

Table 2: BiasScope Components

Component Function Method
User Interface  Input/output Streamlit
LLM Client Response generation  Gemini/Ollama
Bias Detector ~ Bias scoring Lexicon + Rules
RAG Engine  Fairness retrieval Tag-based
Prompt Engine Prompt mitigation Templates
Visualization = Metrics display Charts

in both baseline and mitigated responses. The dashboard also provides composite scores, improvement
metrics, and detailed token-level diff highlighting showing exactly which elements of the response were

modified during mitigation.

4.1 Reproducibility Details

The following implementation details are provided for reproducibility. Software versions: Python 3.11,
Streamlit 1.32, ‘sentence-transformers‘ 2.2.2, ‘nltk‘ 3.8.1, ‘transformers* 4.36.0. The complete prompt
template used for generation is: “[System prompt] You are a helpful assistant. Provide balanced and
unbiased responses. [User prompt] {user_prompt}”. The augmented prompt template is: “[System
prompt] You are a helpful assistant. Provide balanced and unbiased responses. [Fairness guidance]
{retrieved_guidelines} [User prompt] {user_prompt}”. The fairness knowledge base consists of the 10
documents listed in Table 1, chunked into 200-token segments with 50-token overlap. All experiments
were conducted on a single machine with an Intel Core i7 processor and 16 GB RAM. The evaluation
procedure was: (1) generate baseline response for each of the 26 prompts; (2) compute detector scores
and composite bias score; (3) if B > 0.15 or any component threshold exceeded, retrieve top-3 documents
and generate mitigated response; (4) compute detector scores and composite bias score for mitigated
response; (5) record all scores. No randomization or blinding was used.

The experimental evaluation of BiasScope was conducted using a diverse prompt suite designed to challenge
the system across multiple bias dimensions. The evaluation protocol comprised generating baseline
responses, applying the detection and mitigation pipeline, and measuring the resulting bias reduction. The
prompt suite included three categories: occupation-description prompts, gender-comparison prompts, and
trait-attribution prompts, each designed to elicit different bias patterns. All reported quantitative results in
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Figure 2: Mean composite bias scores by prompt category, showing baseline and mitigated scores.
Trait-focused prompts exhibit the highest baseline bias and the greatest absolute reduction after mitigation.

this section are based on this same set of 26 prompts. The same 26-prompt evaluation set underlies every
quantitative result reported in the Abstract, main text, tables, and figures; no other prompt set is used for
quantitative reporting.

The occupation-description prompts requested descriptions of professionals in various roles, including
both historically male-dominated professions (e.g., surgeon, engineer, CEO) and female-dominated
professions (e.g., nurse, teacher, secretary). These prompts were designed to assess the system’s ability to
detect and mitigate occupational bias, where models tend to use gendered pronouns or make gendered
assumptions about professionals in these roles [14].

The gender-comparison prompts explicitly requested comparisons between genders on attributes such
as leadership ability, logical reasoning, and technical aptitude. These prompts represent particularly
challenging cases because they contain intrinsic gender framing, making it more difficult to produce
unbiased responses without resorting to generic, evasive language. The evaluation assessed whether
BiasScope could reduce bias in such inherently problematic prompts while maintaining meaningful
content.

The trait-attribution prompts requested descriptions of personality characteristics or abilities in the
context of gendered framing. These prompts were designed to trigger stereotype-based responses where
models may attribute traits to demographic groups in biased patterns. The trait-attribution category
showed the highest baseline bias scores, confirming their effectiveness as challenging test cases.

The quantitative results deliver strong evidence of bias reduction across all prompt types. The mean
composite bias score for all prompts decreased from 0.158 at baseline to 0.044 after mitigation, which is a
72.1% relative reduction. In particular, trait-attribution prompts showed a mean absolute reduction of
0.194, indicating strong framing effects that afforded clear opportunities for intervention for the mitigation
pipeline.

Out of the 26 prompts, 17 (65.4%) resulted in bias detection and invocation of the mitigation pipeline.
The improvement score for a prompt is defined as:

Buaseline — B mitigated

Improvement =

®)

B baseline
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Table 3: Error analysis on the 26-prompt evaluation set.

Outcome Count Percentage
Prompts with mitigation triggered 17 65.4%
Prompts with positive improvement 12 46.2%
Prompts with >40% reduction 10 38.5%
Prompts with no/negligible improvement 5 19.2%
Prompts not triggered (no detection) 9 34.6%

where Bpaseline and Bpitigared are the composite bias scores before and after mitigation, respectively. A
prompt is counted as showing improvement if Improvement > 0. Out of the 17 prompts that triggered
mitigation, 12 (70.6%) show a positive improvement score, with 10 (58.8%) giving at least 40% relative
score reduction. The results show that the mitigation pipeline is capturing legitimate bias patterns and
effectively mitigating them in most cases.

The five prompts with no or negligible improvement were those which had a baseline response that was
already relatively unbiased. However, detection was still triggered due to the presence of gendered terms
in the prompt even though no bias was present. The false positives indicate that our detection mechanism
could be improved further because it is too dependent on context. Table 3 provides a confusion/error
table summarizing the detection outcomes on the 26-prompt evaluation set. Because no independent
ground-truth bias labels exist for these prompts, formal precision and recall cannot be claimed; the table
instead reports the observed counts of triggered mitigation, improvement, and non-improvement based on
the detector’s own scores.

The effectiveness of RAG retrieval was evaluated by whether retrieved documents matched the
detected types of bias. In cases where bias detection was successful, the retrieval component selected
at least one document tagged with the correct bias dimension in 16 out of 17 cases (94.1%). In the
remaining case, the retrieved documents were tagged with a related but not identical bias dimension. This
indicates that tagging and scoring are working as expected in the vast majority of cases. Most retrieved
documents focused on gender-neutral language, avoiding occupational stereotypes, and strategies for

balanced representation.

Table 4: Evaluation Results Across All Prompt Categories

Category Baseline | Mitigated | Reduction
Occupation 0.082 0.055 32.9%
Comparison | 0.168 0.052 69.0%
Traits 0.215 0.021 90.2%
Overall 0.158 0.044 72.1%0

The patterns in the mitigation approach were markedly similar across prompt categories. The
mitigation pipeline worked best for replacing gender-default pronouns in role descriptions with a gender-
neutral alternative, such as using “they” or rewording to avoid the pronoun entirely. The prescriptive
comparative phrases and other constructions, e.g., “men are better at X’ and “women are usually more Y,”
were identified and replaced with more neutral formulations that maintain the substantive content but not
the bias.

Likewise, qualitative analysis indicated that the mitigation pipeline performed less well against
nuanced distinctions, i.e., understated bias like differing descriptions of abilities or characteristics when
linked with different demographic groups. For instance, although the system was successful in removing
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Table 5: Examples of successful mitigation and over-correction.

Prompt

Baseline response (trigger)

Mitigated response

Describe a surgeon.

“The surgeon entered the room. He
reviewed the charts and prepared
for the operation.” (Trigger: gen-
dered pronoun “He” associated with
a male-dominated profession.)

“The surgeon entered the room.
They reviewed the charts and pre-
pared for the operation.”

Compare men and women in
leadership.

“Men are often better at making
tough decisions, while women are
usually more empathetic.” (Trigger:
explicit gender-comparison stereo-

type.)

“Leadership effectiveness depends
on individual skills and experience
rather than gender. Both men and
women can be effective leaders
across different contexts.”

Describe a nurse.

“The nurse is caring and gentle. She
always puts patients at ease.” (Trig-
ger: gendered pronoun “She” as-
sociated with a female-dominated
profession; low baseline bias score
but detector triggered on pronoun.)

“The nurse is caring and gentle.
They always put patients at ease.
Nursing requires strong communica-
tion and clinical skills regardless of
gender.” (Over-correction: added
generic filler about clinical skills not

present in the original prompt.)

explicit gender comparisons, it sometimes still retained differences in the intensity or specificity of
descriptions that were likely to convey biased messages. This discussion suggests that subtle but pervasive
forms of bias could become a focus of future work.

Upon comparing baseline and mitigated responses, qualitative inspection indicates that mitigation
does not generally alter content coherence. No task-completion data were collected, so no claim about
task-completion rate is made. In situations with significant bias in the original response, mitigation
generally produced responses that were more thorough and balanced, as the fairness guidance encouraged
a closer consideration of different perspectives. Yet in conditions where the baseline response was already
relatively unbiased, mitigation sometimes added unnecessary generic language or slightly decreased
specificity. These observations are qualitative and no formal user study or automated quality metric was
employed; therefore, no claim of comparable quality is made.

The experimental results indicate that substantial bias reduction through inference-time bias mitigation
via prompt engineering and retrieval-augmented generation does not necessitate weight changes. This
finding is practically relevant for organizations deploying LLMs in production as it allows fast correction
of the bias, sparing the cost of fine-tuning in terms of computation as well as logistics. The architecture
is designed to support multiple LLM backends, which may enhance its practical utility by facilitating
BiasScope’s deployment with different backends as per organizational needs. However, this property was
not empirically tested across backends in the current study [18].

BiasScope provides transparency which is a significant advantage over most existing mitigation
techniques. Since the detection mechanism is lexicon- and pattern-based, practitioners can understand
exactly why a response was flagged for mitigation. Stakeholders can review the guidance that is utilized
to modify model outputs by allowing the fairness knowledge base to be human-readable and auditable. It

is important to disclose Al fairness practices, particularly in regulated domains where organizations have
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Table 6: Threshold sensitivity analysis on the 26-prompt evaluation set.

Threshold T Prompts Triggered Mean Mitigated Score

0.10 19 (73.1%) 0.047
0.15 17 (65.4%) 0.044
0.20 14 (53.8%) 0.049
0.25 11 (42.3%) 0.056

to demonstrate due diligence.

The threshold-based trigger mechanism enables a balance between product intervention and user
experience. The threshold value of 7 = 0.15 was selected empirically based on initial running tests on
a subset of the evaluation prompts, with the goal of striking a balance between true positive and true
negative detection. No separate development set was available; the threshold was therefore selected on
the same 26-prompt evaluation set used for reporting, and this constitutes a limitation of the current study.
A threshold sensitivity analysis is reported in Table 6, which shows the effect of varying 7 on the number
of prompts triggering mitigation and the resulting mean composite bias score. As shown, the mitigation
benefit is robust across a range of thresholds from 0.10 to 0.25, with the selected value of 0.15 providing a
reasonable trade-off between detection coverage and false-positive rate. However, analysis showed certain
true bias runs being missed while neutral runs caused unnecessary trigger. Future work should consider
developing adaptive threshold mechanisms that vary according to prompt context or user feedback.

The performance characteristics of BiasScope are suitable for interactive applications. The detection
engine is lightweight and can run without special hardware. Retrieval and regeneration introduce additional
latency, but no precise latency measurements were collected in this study. This performance cost is
acceptable in many production applications, especially those where mitigating bias is a priority [19].

The current study’s implementation limitations open up many avenues for future research. The lexicon-
based detector can overlook nuanced contextual bias that necessitates deeper semantic interpretation.
Subsequent versions must add embedding-based similarity analysis or learned classifiers for better
detection, while still being explainable. The knowledge base could be broadened with better retrieval
techniques, such as the use of dense vector embeddings and dynamic document creation.

Over-correction in the mitigation process is a known risk. In the 17 prompts that triggered mitigation,
2 (11.8%) exhibited over-correction, defined as the addition of generic language or loss of specificity not
present in the baseline response. This observation is based on qualitative inspection and is identified as a
limitation rather than a general finding. The risk is diminished by the threshold-based trigger but future
work could investigate mitigation strategies that retain the specific expertise or domain knowledge present
in the original response [20].

A formal ablation study was not conducted. The current evaluation does not isolate the independent
contribution of each detector component (toxicity, counterfactual sensitivity, stereotype, sentiment) or
each mitigation component (retrieval, prompt augmentation). Therefore, no claim is made that any single
component independently caused the observed improvement. The reported results reflect the combined
effect of the full pipeline. A proper ablation would require additional runs with individual components
disabled, which is left for future work.

The current study does not include competing baselines such as fine-tuning, post-processing filters,
or alternative inference-time methods. The evaluation should therefore be understood as a proof-of-
concept demonstration of the BiasScope pipeline rather than a comparative benchmark against alternative
mitigation strategies. Future work should include head-to-head comparisons with established baselines
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under identical conditions [21].

There are ethical implications of bias mitigation systems. In general, while it is beneficial to reduce
bias, the methods used must be checked to avoid introducing other biases or reducing the usefulness
of responses to legitimate use cases. BiasScope is designed to allow such human validation because
stakeholders can inspect the exact guidance applied along with what was changed in the response.

The broader focus of this work addresses a significant need in the rapidly growing area of responsible
Al The ability to diagnose and mitigate bias of LLMs without fine-tuning them will become indispensable
to ensure fairness as an answer becomes integrated into real-world high-stakes applications. Through
inference-time approaches, BiasScope shows practical, transparent and effective bias mitigation is
achievable and that bias mitigation is useful in making Al more trustworthy [22].

This work presented BiasScope, a prompt engineering and Retrieval-Augmented Generation-based
inference-time framework to detect and mitigate gender bias, occupational stereotypes, gender comparisons,
and trait attributions in a Large Language Model’s output. The method tackles a key challenge of fairness
in NLP systems through an efficient, transparent method not requiring access to model weights or
expensive fine-tuning [23].

The evaluation on the 26-prompt set shows that BiasScope achieves a 72.1% relative reduction in
composite bias scores, with the strongest performance on trait-attribution prompts. The system’s modular
architecture is designed to support multiple LLM backends, though only the Gemini 2.5 Flash API
was evaluated in this study. The transparent detection and mitigation processes facilitate auditing and
validation of fairness interventions.

The proposed work contributes a proof-of-concept inference-time bias mitigation strategy, a transparent
multi-dimensional bias detection mechanism, a fairness knowledge base and RAG pipeline, and empirical
evidence on a 26-prompt evaluation set. No formal ablation study, competing baseline comparison,
independent benchmark evaluation, or user study of response quality was conducted. These limitations
define the scope of the current claims.

Future work should address these limitations by (i) combining learned classifiers with embedding-
based approaches for detection, (ii) enriching the fairness knowledge base with more diverse guidance
and retrieval mechanisms, (iii) broadening the scope to racial, cultural, and intersectional biases, (iv)
conducting human evaluation studies to validate the quantitative findings and assess user perception of
mitigation quality, and (v) incorporating counterfactual consistency checking to ensure the mitigation
produces fair outputs across demographic groups.

The findings of this research support the development of valid and transparent approaches to Al
fairness. As large language models are deployed in more industries, accessible and auditable techniques
such as BiasScope can contribute to fair and accountable NLP systems.
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