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Abstract

Artificial Intelligence (A1), Machine Learning (ML), Large Language Models (LLMs), and data-driven decision systems
increasingly influence critical domains including hiring, lending, healthcare, insurance, criminal justice, and digital
governance. However, contemporary Al systems frequently reproduce or amplify social inequalities through hidden
semantic inference processes that operate beyond explicit discriminatory rules or observable prediction outputs. This
article introduces the Deep Bias Systematic Deviation (DBSD) framework, a novel semantic-inferential model that
reconceptualizes algorithmic bias as an asymmetric inference-flow phenomenon operating across semantic, behavioral,
and networked information structures. Unlike conventional fairness approaches that treat bias primarily as unequal
outputs, DBSD models bias as a function of knowledge pressure, semantic alignment, stereotype activation, inference
current, and epistemic resistance.

The article reviews five major fairness metrics widely used in AI governance and regulatory auditing: Disparate Impact,
Statistical Parity, Equal Opportunity, Equalized Odds, and Calibration Bias. For each metric, the article presents
detailed numerical examples illustrating both the biased state and the mitigation process achieved through DBSD-based
semantic correction mechanisms. The originality of the article lies in its transition from prediction-level fairness toward
epistemic fairness. Instead of correcting only final decisions, DBSD regulates the semantic and inferential processes that
generate those decisions. Consequently, the framework provides a scalable and theoretically grounded foundation for
future research in Al fairness, semantic auditing, inference governance, and algorithmic accountability.

Keywords: Artificial Intelligence (AI), Algorithmic Bias, DBSD, Al Fairness, Epistemic Fairness, Semantic Alignment, Inference
Flow, Embedding Bias, Explainable Al, Calibration Bias, Equalized Odds, Equal Opportunity, Statistical Parity, Disparate Impact, Bias
Mitigation, Al Governance, Semantic Regulation, Inference Auditing, Large Language Models (LLMs)

1. Introduction

increasingly influences high-stakes domains including hiring,
lending, healthcare, criminal justice, insurance, and digital
governance. As these systems become deeply integrated into social
and institutional decision-making processes, growing concern
has emerged regarding their capacity to reproduce, amplify, or
institutionalize social bias and discriminatory outcomes [1—4].
Traditional approaches to algorithmic fairness often conceptualize

bias as unequal statistical outcomes, discriminatory prediction
behavior, or disparate treatment across protected demographic
groups [5-8]. However, contemporary Al systems frequently
generate harmful asymmetries through latent semantic inference
processes that operate beyond explicit decision rules, visible
attributes, or formally encoded discriminatory criteria [1,9—-11].
While traditional definitions successfully capture bias as prejudice,
deviation, or discriminatory treatment, they do not fully explain
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the inferential and epistemic structures [12] through which modern
Al systems generate asymmetric knowledge about individuals
and groups. In large-scale semantic systems, discrimination may
emerge even in the absence of explicitly encoded discriminatory
rules, because latent representations, embedding structures,
proxy variables, and semantic associations enable the system to
infer sensitive attributes indirectly [8,10,13,15-16]. This problem
reflects a broader form of epistemic asymmetry [12] in which
certain groups become disproportionately exposed to profiling,
semantic categorization, and stereotype activation. In this sense,
algorithmic bias increasingly operates not merely as statistical
unfairness, but as a form of inferential and epistemic inequality.

The Deep Bias Systematic Deviation (DBSD) framework
introduces a novel paradigm in which bias is reconceptualized
not primarily as intentional discrimination, but as susceptibility
to inference-driven deviation within contemporary information
systems. Traditional bias models often focus on unequal outputs,
historical prejudice or disparate treatment [21,22]. However, in the
age of artificial intelligence and large language models, systematic
bias can emerge even when no explicit discriminatory rule is
encoded [23,24]. Inspired by information-flow theory, semantic
inference analysis, and network-based models of knowledge
propagation [18]. The DBSD framework conceptualizes epistemic
impedance - the degree of resistance that prevents systems from
transforming available signals into harmful asymmetric judgments
about individuals or groups [19,20]. In formal terms, bias risk
depends not only on which variables are explicitly used, but on how
easily hidden attributes, preferences, health conditions, identities,
or vulnerabilities can be inferred from semantic, behavioral, or
relational traces and converted into unequal outcomes [25,13, 26].
By focusing on the dynamics of knowledge extraction rather than
merely visible decisions [21, 22], the DBSD framework provides
a new theoretical and practical foundation for bias engineering,
fairness analysis, and regulatory governance in Al-driven
environments. More broadly, future fairness analysis must move
beyond static output auditing toward dynamic inference auditing,
where the central question is no longer only what Al systems
decide, but what forms of knowledge they are structurally capable
of generating, propagating, and amplifying about individuals and
social groups [6,21].

1.1. Contributions of This Work

The present article reviews five commonly used metrics for
measuring the existence and magnitude of bias in Al and
algorithmic systems. For each type of bias, the article presents:
a numerical example illustrating the bias before correction using
the DBSD framework, and a demonstration of how the bias can be
mitigated under each metric through DBSD- based intervention
mechanisms. In addition, each case study is accompanied by a
detailed numerical example showing: the original biased state,
the semantic and inferential correction process, and the resulting
reduction in bias after applying the proposed framework.

1.2. The Research Contribution of the Present Article is
Fourfold.

First, the article establishes a unified analytical framework
connecting classical fairness metrics with the DBSD semantic-
inferential perspective. While traditional fairness literature
typically focuses on prediction outputs and statistical disparities,
the proposed framework shifts the analysis toward the deeper
inferential and semantic mechanisms that generate biased
outcomes. Second, the article introduces a novel interpretation
of bias as an asymmetric inference-flow phenomenon. Instead of
treating bias solely as unequal prediction behavior, the framework
models bias as a function of semantic alignment, stereotype
activation, inference current, and epistemic resistance. This
creates a new bridge between: Al fairness, semantic representation
theory, and epistemic regulation. Third, the article demonstrates
mathematically and numerically how semantic correction
mechanisms can mitigate multiple fairness metrics simultaneously,
including: Disparate Impact, Statistical Parity, Equal Opportunity,
Equalized Odds, and Calibration Bias.

Unlike many traditional fairness approaches that rely primarily
on post-processing or threshold balancing, the proposed DBSD
approach intervenes ecarlier — at the semantic representation
and inference generation stages. Fourth, the article proposes
a regulatory-oriented framework capable of quantifying
discriminatory inference asymmetry through concepts such as:
inference current, bias impedance, and semantic resistance. This
contribution may support future development of: explainable
fairness auditing, Al governance mechanisms, semantic fairness
regulation, and epistemic accountability standards for advanced Al
systems. Overall, the article contributes a novel interdisciplinary
framework that integrates: Al fairness, semantic embeddings,
inference dynamics, critical theory, and epistemic analysis into a
unified mathematical and conceptual model for understanding and
mitigating algorithmic bias. The transition from statistical fairness
toward epistemic fairness reflects a broader transformation in
contemporary Al governance. As modern Al systems increasingly
rely on latent semantic representations, distributed inference
architectures, and large-scale behavioral profiling, regulating
outputs alone becomes insufficient. The central challenge is no
longer merely whether decisions are statistically balanced, but
whether the inferential structures generating those decisions
remain epistemically justifiable [12], transparent, and resistant to
discriminatory semantic propagation.

2. Related Work: Regulation, Bias Detection, and Algorithmic
Fairness

The rapid deployment of Artificial Intelligence (Al), Machine
Learning (ML), Large Language Models (LLMs), and algorithmic
decision-making systems has intensified global concerns
regarding bias, discrimination, fairness, and transparency in
digital environments [1-4]. Regulatory institutions, governmental
agencies, and academic researchers increasingly recognize that
algorithmic systems may reproduce, amplify, or institutionalize
social inequalities embedded within training data, organizational
processes, and networked information ecosystems [7,8]. Traditional
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research on algorithmic bias primarily focused on statistical
discrimination and fairness metrics within structured datasets
[5]. Early approaches introduced formal fairness notions such as
demographic parity, equal opportunity, equalized odds, predictive
parity, and calibration-based fairness constraints [5,11,28]. These
models attempted to mathematically quantify discriminatory
outcomes across protected groups including gender, race, ethnicity,
age, religion, and disability status. However, subsequent research
demonstrated that many fairness metrics are mutually incompatible
under realistic conditions, creating unavoidable trade-offs between
competing fairness objectives [5,6].

In parallel, regulatory frameworks evolved from general anti-
discrimination doctrines toward Al-specific governance models.
Within the European Union, the proposed European Union
Al Act establishes a risk-based framework for Al systems,
emphasizing transparency, accountability, human oversight,
bias mitigation, and conformity assessment procedures for high-
risk systems [25,29]. The Al Act is complemented by existing
legal instruments such as the European Commission General
Data Protection Regulation (GDPR), the Digital Services Act
(DSA), and the Charter of Fundamental Rights of the European
Union, all of which indirectly influence algorithmic fairness and
non-discrimination obligations [7,21,41]. In the United States,
regulatory oversight is more fragmented and sector specific.
Agencies such as the Federal Trade Commission (FTC), the Equal
Employment Opportunity Commission (EEOC), the Consumer
Financial Protection Bureau (CFPB), and the National Institute
of Standards and Technology (NIST) have issued guidelines
addressing algorithmic discrimination, automated decision
systems, explainability, and fairness auditing [4, 22,36]. NIST’s Al
Risk Management Framework (Al RMF) particularly emphasizes
governance, measurement, monitoring, and mitigation of harmful
algorithmic behaviors [36].

Academic literature has increasingly explored the intersection
between regulation and technical fairness measurement.
Researchers proposed benchmark frameworks for evaluating
whether algorithmic systems comply with regulatory fairness
expectations [37,38]. Such studies commonly compare legal
concepts of discrimination with statistical fairness metrics,
explainability models, and automated auditing methodologies.
Several works highlighted the growing gap between legal
definitions of discrimination and the operational behavior of modern
Al systems, particularly deep learning architectures and LLMs
whose internal inference mechanisms remain partially opaque
[39-41]. Recent research further demonstrated that bias cannot
be reduced solely to observable outputs. Instead, bias emerges
through complex inference pathways distributed across large-scale
information networks [7,21]. Embedding representations, semantic
similarity structures, recommendation systems, and data-fusion
processes can generate latent discriminatory inferences even when
explicit protected attributes are removed from datasets [42—44].
Consequently, contemporary studies increasingly investigate
hidden bias propagation, representational harms, embedding-
space discrimination, and systemic amplification mechanisms

within interconnected digital ecosystems.

To address these challenges, researchers and regulators have begun
integrating Al-based bias detection tools into auditing pipelines.
Natural Language Processing (NLP) systems, transformer-based
classifiers, semantic embedding analysis, explainability models
such as SHAP and LIME, and fairness auditing platforms are
now employed to identify biased language, discriminatory
recommendations, and unequal decision outcomes. However,
existing approaches still largely focus on local statistical properties
or isolated model behaviors rather than on the broader network
dynamics governing inference propagation and knowledge
diffusion.

The present work differs fundamentally from prior approaches in
several important respects.

First, existing regulatory and fairness frameworks generally
conceptualize bias as a property of datasets, outputs, or model
decisions. In contrast, this paper treats bias as a dynamic epistemic
phenomenon emerging through distributed inference processes
across interconnected information systems.

Second, while current fairness metrics evaluate observable
disparities between protected groups, the proposed framework
models the systemic resistance to discriminatory inference using
a network-impedance perspective inspired by physical diffusion
systems. This enables analysis not only of explicit discrimination
but also of latent inference pathways and hidden semantic
propagation.

Third, current regulatory mechanisms primarily rely on static
compliance assessment, post-hoc auditing, or local fairness
measurements. The proposed framework introduces a dynamic
and scalable perspective capable of modeling bias propagation,
semantic alignment, inference amplification, and regulatory
intervention within continuously evolving Al ecosystems.

Finally, whereas prior work typically separates technical fairness
analysis from regulatory theory, the proposed model attempts to
bridgethesedomainsbyprovidingaunifiedmathematical framework
connecting inference dynamics, semantic representations, network
diffusion, and regulatory control mechanisms. In doing so, the
framework contributes toward the development of measurable,
operational, and theoretically grounded approaches for future
Al governance and algorithmic accountability. Existing fairness
frameworks significantly advanced the measurement and regulation
of discriminatory outcomes in Al systems. However, most current
approaches remain primarily output-oriented and insufficiently
capture the semantic and inferential dynamics through which
modern Al systems generate asymmetric knowledge about
individuals and groups. This limitation motivates the transition
from statistical fairness toward epistemic fairness [12] proposed
in the present work.
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3. Bias Fairness Metrics and Regulatory Audit Frameworks
The Meaning of the Symbol ¥

The Basic Meaning of ¥

Symbol meaning: ¥ — Ground truth / true outcome, ¥ — Model

prediction

Simple Example
Suppose an Al model decides whether to approve a loan Table 1.

Person True Outcome Y Model Prediction Y~
Person 1 1 (will repay loan) 1

Person 2 1 0

Person 3 0 1

Person 4 0 0

Values Meaning: 1-Positive outcome, 0-Negative outcome

Table 1

3.1. Disparate Impact (DI) [31,32]

Formula: DI = P(Y = 1 | A= minority) / P(Y = 1 | A = majority).
Regulatory threshold: DI < 0.8 may indicate discrimination [8, 42].
Datasets : hiring, loans, insurance.

3.1.1. Symbol Meaning: Y = 1 Candidate is truly qualified, ¥ =1
The algorithm recommends

Example: Majority approval = 80%, Minority approval = 50%, DI
=0.625.

3.2. Statistical Parity [7, 42]

Formula: P(Y =1|A=a)=P(Y =1|A=D).

Measures equal distribution of positive outcomes.

Statistical Parity asks:

Does the model give positive outcomes at the same rate to different
groups?

Importantly: It does not check whether the prediction is correct. It
only checks the distribution of positive decisions [7].

Example — Hiring System

Suppose an Al hiring system evaluates job applications. We have
two groups: Group A = Men, Group B = Women

3.2.1. Model Decisions

Men: Total Applicants = 100, Approved by AI (Y=1) = 80 Women:
Total Applicants = 100, Approved by AI (Y =1) = 40

Conclusion: Statistical Parity is violated.

3.2.2. Important Observation
Statistical Parity does mot ask whether applicants were truly
qualified.

It only checks: Are positive decisions distributed equally? This is
one of the main criticisms of Statistical Parity [5,6,29].

Statistical Parity is useful when society wants equal access,
demographic representation, inclusion, or anti-discrimination
guarantees.

Common domains: hiring, university admissions, advertising, loan
approvals.

3.2.3. Main Limitation

Suppose: Group A truly has 90 qualified candidates, Group B truly
has 30 qualified candidates. Therefore, Forcing equal approval
rates may: reduce model accuracy, create artificial balancing, or
conflict with merit-based evaluation.

This is why Statistical Parity often conflicts with: Equal
Opportunity, Equalized Odds, Calibration.
Datasets: hiring, admissions, advertising.

3.3. Equal Opportunity
Equal Opportunity focuses on equality in True Positive Rates [5,
43]

Formula: P(Y =1|Y=1,A=a)=P(Y=1|Y=1,A=b).

Measures equality in True Positive Rate. The person truly deserves
a positive outcome, Y =1 the model gives a positive prediction,
A— protected group attribute

3.3.1. Intuition

Equal Opportunity asks: Among people who truly deserve a
positive outcome,

does the model treat all groups equally? This metric focuses on:"
True Positive Rate (TPR)"

Example — Loan Approval System

Suppose an Al system decides whether to approve loans.
We examine only applicants who: truly would repay the loan,
that is: Y= 1, We compare: Men , Women

3.3.2. Ground Truth Data

Men: Truly qualified applicants (Y=1) =100, Approved by AI (¥
=1)=90

Women: Truly qualified applicants (Y=1) = 100, Approved by Al
(Y=1)=80
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Step 1 — Compute True Positive Rates (TPR)
For men: P(Y = lLY= 1,A="Men") = % =0.90
For women: P(Y = 1Y = 1, A = "Women") =
Since:0.95#0.80 Equal Opportunity is violated.

90
100

= 0.80

3.3.3. Interpretation

The system is unfair because: qualified men receive loans
much more often than qualified women. This means: one group
experiences more False Negatives.

This metric is especially useful when: denying qualified individuals
is highly harmful [5,21]. Examples: loan approvals, university
admissions, medical treatment, hiring systems.

3.3.4. Differences from Statistical Parity

Statistical Parity ignores whether people are truly qualified.

Equal Opportunity considers only: ¥ = 1. Thus: Statistical Parity
focuses on equal outcomes, Equal Opportunity focuses on equal
treatment of qualified individuals.

3.3.5. Important Limitation
Equal Opportunity only equalizes: " PR". It does not constrain:

False Positive Rates, Calibration, overall prediction rates.
Therefore: a system may satisfy Equal Opportunity

while still discriminating in other ways.

Datasets : medicine, credit scoring.

3.4. Equalized Odds

Equalized Odds is one of the strongest fairness criteria [5,43,45]
Requires equal TPR and FPR across groups.

Equalized Odds requires: P(Y=1|Y=y,A=a)=P(Y=1|Y=y,
A =b)Vy€{0,1} This means: The model must have equal: True
Positive Rates (TPR) , False Positive Rates (FPR) across groups.

3.4.1. Intuition Equalized Odds asks: Does the model make both
kinds of errors equally across groups? Unlike Statistical Parity,
Equalized Odds consider: Ground truth Y, Correct predictions,
Errors

Example — Loan Approval System
Suppose an Al system decides whether to approve loans. Protected

groups: Group A = Men, Group B = Women
Definitions: Table 2

Symbol Meaning
Y= Applicants truly deserve loan
Y=0 Applicants truly should not receive loan
Y=1 Model approved loan
Y=0 Model denied loan
Table 2
Group A (Men) Group B (Women)
Reality ¥ Prediction ¥ | Count Reality Y Prediction ¥ | Count
1 1 80 1 1 80
1 0 20 1 0 20
0 1 10 0 1 10
0 0 90 0 0 90
Table 3

Step 1 — Compute TPR for Men
True Positive Rate: TPR, = P(Y = 1| Y = 1, A = A) Total truly
qualified men: 80 + 20 = 100, Correctly approved: 80, Therefore:
TPR, = 2> =0.80

100

Step 2 — Compute FPR for Men False Positive Rate: F/PR, =
P(Y=1]Y=0,A=A) Total truly unqualified men:10 + 90 = 100,
Incorrectly approved:10, Therefore: FPR, = % =0.10

80

Step 3 — Compute TPR for Women TPR B = Too 0.80

Step 4 — Compute FPR for Women FPR_B= 10 —0.10
100

Step S — Compare the Rates

We obtain: TPR, = TPR, = 0.80, and: FPR, = FPR_ = 0.10

Conclusion

Equalized Odds is satisfied.

The model: approves qualified individuals equally, and makes
false approvals equally.

3.4.2. Example of Violation
Suppose instead: Table 4
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Men Women

Reality Y Prediction ¥ Count Reality ¥ Prediction ¥ Count
1 1 90 1 1 70

1 0 10 1 0 30

0 1 5 0 1 25

0 0 95 0 0 75

Table 4
Compute TPR repaying the loan.” We examine: Men, Women

Men: TPR, = -2 = 0.90 ;Women: TPR, = > = 0.70
4100 5 100

Compute FPR
25

Men: FPR, = ——=0.05,Women: FPR, = — = (.25
100 100

3.4.3. Interpretation

The model: correctly approves qualified men much more often and

incorrectly approves unqualified women much more often.

Thus: Equalized Odds violated.

3.4.4. Why Equalized Odds Is Important

False Positives = approving risky borrowers, False Negatives =
denying qualified borrowers Equalized Odds is considered one of
the strongest fairness criteria because it controls: benefits, harms,
error asymmetry [21, 43]. It is especially important in: criminal
justice, medicine, fraud detection, facial recognition, and lending.

3.4.5. Main Limitation

Equalized Odds can: reduce accuracy, conflict with Calibration,
become impossible under different base rates. This is one reason
fairness metrics often contradict each other.

3.4.6. Famous Theoretical Result [44,45]

Jon Kleinberg, Sendhil Mullainathan, and Manish Raghavan
showed that:

Calibration and Equalized Odds cannot g 7enerally hold both
when groups have different base rates. This became one of the
foundational impossibility results in Al fairness.

Datasets : criminal justice, fraud detection.

3.5. Calibration

Calibration is crucial whenever probabilities drive decisions [6,
21, 36]

Calibration requires: P(Y=1| Y= p, A= a) = p where: Y = 1— the
event truly occurs, ¥ = p— the model predicts probability p, 4—
protected group attribute

3.5.1. Intuition

Calibration asks: When the model predicts a probability of 80%,
does the event actually happen about 80% of the time? A calibrated
model produces probabilities that correspond to real-world
frequencies.

Example — Loan Default Prediction Suppose a bank Al predicts:
Y = 0.80 meaning: “This applicant has an 80% probability of

Example of Calibration Failure

Suppose:

Men - Model predicts: ¥ =0.80 for 100 men. Observed: Truly
repaid = 80, Defaulted = 20. Thus: P(Y=1| Y =0.80, A ="Men")
=0.80

Women - Model predicts: ¥=0.80 for 100 women.

Observed: Truly repaid = 50, Defaulted = 50. Thus: P(Y=1] Y=
0.80, 4 ="Women") = 0.50

3.5.2. Interpretation
The model says: “80% repayment probability”
But reality: only 50% repay. Thus: not calibrated for women.

3.5.3. Why Calibration Is Important
Calibration is crucial whenever: probabilities drive decisions, risk
estimation matters, or uncertainty must be trusted.

Important domains: finance, insurance, healthcare, criminal
justice, autonomous systems.

3.5.4. Difference Between Calibration and Accuracy
A model may: be accurate overall, but poorly calibrated.
Example: always predicting 90%, even when only 60% succeed.

3.5.5. Difference Between Calibration and Equalized Odds
Calibration focuses on: P(Y = 1|¥'=p)

Equalized Odds focus on: TPR equality, FPR equality.

These are different fairness goals.

3.5.6. Famous Fairness Contradiction

One of the most important theoretical results in fairness research:
Jon Kleinberg, Sendhil Mullainathan, and Manish Raghavan [6]
proved that:

Calibration and Equalized Odds generally cannot hold both
when groups have different base rates. This became one of the
foundational impossibility theorems in Al fairness.

3.5.7. Simple Contradiction Example

Suppose: Men- True repayment rate 80%, Women True repayment
rate 40% A calibrated model must reflect higher probabilities for
men, lower probabilities for women. But then: TPR/FPR often
becomes unequal.

Thus: Calibration satisfied, Equalized Odds violated.
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3.5.8. Calibration Became Central in COMPAS Debate In the
COMPAS controversy [28, 43]. ProPublica emphasized unequal
error rates, Northpointe emphasized calibration. This became
the classic example showing different fairness metrics produce
different conclusions.

4. Core Inferential Theory of DBSD

The Deep Bias Systematic Deviation (DBSD) framework
conceptualizes algorithmic bias not merely as a statistical imbalance
in outputs, but as a dynamic inferential process through which Al
systems generate asymmetric knowledge about individuals and
social groups. Traditional fairness approaches primarily evaluate
prediction outcomes, classification parity, or error distributions. In
contrast, DBSD shifts the analytical focus toward the semantic and
inferential structures that produce those outcomes.

Inspired by information diffusion theory, network propagation
models, semantic embedding analysis, and epistemic justice theory,
DBSD interprets discriminatory bias as a form of asymmetric
inferential exposure. Under this perspective, individuals and
groups may become disproportionately vulnerable to semantic
profiling, stereotype activation, and latent attribute inference even
when explicit discriminatory rules are absent.

4.1. Core Conceptual Structure

The DBSD framework is based on four central conceptual
components:

a. Semantic Alignment

Semantic alignment represents the degree to which an input
embedding aligns with sensitive semantic prototypes associated
with protected attributes, stereotypes, or latent identity categories
[9,10,13,15,16,19,20 ].

b. Stereotype Activation

When semantic alignment becomes sufficiently strong, latent
stereotype structures may become activated [10,13,24,36] within
the model’s inferential space, increasing the probability of
discriminatory semantic inference.

c. Differential Inference Flow

DBSD models discriminatory behavior as unequal inferential
flow across groups [18,21]. Certain groups may become
disproportionately exposed to semantic inference, predictive
amplification, or hidden profiling mechanisms.

d. Epistemic Impedance

Epistemic impedance represents the resistance [12, 18] that
limits or constrains discriminatory inference generation. Higher
impedance reduces semantic inference intensity and weakens
downstream stereotype activation.

4.2. Mathematical Formulation

Let z denote an embedding vector representing an individual input
and let c denote a sensitive semantic prototype. The semantic
alignment between z and ¢ is measured using cosine similarity [15,
16, 21]: cos(z,c) = (z - ¢) / ([[z]| [[el))

The probability that the system infers a sensitive attribute is
modeled as: p = o(p cos(z,c))

where:

* o denotes the sigmoid activation function [15],

* B controls inferential sensitivity.

DBSD defines epistemic impedance as: Z = -log(p)

Let G, and G, be two social groups, for example men/women,
majority/minority, young/old, or any protected/non-protected
category.

Vi(G)

For each group G, define: Ig (G) = Zg(G)

where:

* I(G) = bias-relevant inference current for group G

s V(G)= kn.owlledge pressure appl'ied to group G .

* Z,(G) = bias impedance protecting group G from distorted,
stereotypical, or discriminatory inference

Interpretation:

* High V,(G): stronger pressure to infer, classify, profile, rank,
or predict members of group G

*  Low Z,(G): weaker resistance to biased inference

*  High I,(G): higher exposure to biased epistemic treatment

Under this formulation:

*  stronger semantic alignment increases inference probability,
* higher inference probability lowers epistemic impedance,

* lower impedance increases discriminatory inference exposure.

4.2.1. Differential Bias Current
Bias between two groups is defined as the difference in inference
current: AL (G, G,) =11, (GVQ)(G- )[ , (G,)| Substituting the impedance

k(Ga)

Vi (G .
) | Tpis becomes the central
ZB(Ga)

formulation: Als(Gga, Gp) =| Zp(Gp)

DBSD-based bias metric.

4.2.2. Normalized Bias Flow Index

For regulatory and comparative purposes, define a normalized
. 1Ig(Gq)—1p(Gp)l e

metric: BFI(G , G,) = —,Bféa)i ,B?G(b)bie where € > 0 prevents division

by zero. Thus: 0 < DBFI <1

DBFI value

Meaning

near 0

low differential bias flow

moderate

measurable asymmetric inference

near 1

severe bias imbalance

Interpretation: Table 5
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4.3. Inferential Dynamics

Unlike traditional fairness models that evaluate isolated outputs,
DBSD interprets Al systems as distributed inferential environments
[18,23,24] in which semantic information propagates dynamically
across interconnected representations.

Accordingly, discrimination may emerge not only from explicit
classification rules, but also from cumulative semantic propagation
[18,30] processes including:

» latent stereotype reinforcement,

*  proxy attribute inference,

*  semantic clustering,

*  contextual amplification,

»  cascading representational effects.

This inferential perspective aligns with network diffusion theory
and information propagation models, where weak semantic signals
may gradually amplify across interconnected structures.

4.4. Epistemic Fairness

The DBSD framework generalizes traditional statistical fairness
into a broader concept of epistemic fairness [12]. Under this
perspective, fairness is no longer evaluated solely by examining
whether outputs are statistically balanced, but also by evaluating
whether inferential processes themselves remain epistemically
justifiable [12].

Consequently, the central analytical question shifts from:

“What decision did the model produce?” toward: “What forms of
knowledge is the model structurally capable of generating about
different individuals and groups?”

This transition from output-oriented fairness toward inferential and
epistemic fairness constitutes the central theoretical contribution
of the DBSD framework.

4.5. Theoretical Propositions

Proposition 1: Statistical fairness violations may emerge from
asymmetric inferential exposure rather than solely from explicit
discriminatory rules [8,21].

Proposition 2: Reducing semantic alignment with sensitive
prototypes decreases discriminatory inference probability and
weakens stereotype activation [9,13,32].

Proposition 3: Epistemic fairness generalizes output-based
fairness metrics by regulating inferential structures in addition to
observable predictions [12].

Proposition 4: Discriminatory semantic propagation may exhibit
diffusion-like behavior across interconnected inferential systems
[18,30].

5. DBSD Framework Could Mitigate Bias Fairness Metrics

While the five-fairness metrics reviewed in this article differ
operationally, they share a common inferential substrate. DBSD
assumes that disparate outcomes, unequal opportunity, calibration
errors, and asymmetric error rates originate from underlying
differences in semantic inference generation. Consequently,
the framework analyzes all fairness metrics through a unified

inferential lens grounded in semantic alignment, stereotype
activation, inference current, and epistemic impedance [12,18,21].
Traditional fairness approaches attempt to mitigate every bias type
by rebalancing datasets, removing protected attributes, imposing
fairness constraints, or post-processing predictions. However,
DBSD argues that these methods often address only: the final
output layer. The deeper problem lies earlier: within the structure
of inference generation itself.

5.1. DBSD Interpretation of Disparate Impact

Under DBSD, Disparate Impact is not merely: unequal decisions,
but rather: unequal epistemic exposure, unequal inference pressure,
and unequal semantic accessibility.

DBSD argues that the bias often emerges because vulnerable
groups experience: higher monitoring, denser profiling, stronger
semantic alignment, and lower inference resistance. For each
group G, define: 1(G) = ;;_E:;;;~ Thus: Ip (Gminoritv) > IP(Gmaiaritv)~
This produces more aggressive classification, more risk activation,
more negative predictions, and eventually lower positive outcome
rates. The following subsections apply the same DBSD inferential
framework to different fairness metrics. Therefore, certain core
concepts—including semantic alignment, inference current, and
epistemic impedance—remain structurally similar across the
examples.

5.1.1. DBSD Mitigation Strategy

Instead of merely forcing equal outputs, DBSD attempts to
regulate: the inference flow itself. DBSD mitigates the bias by
increasing: ZXG i) Possible mitigation mechanisms: semantic
abstraction, embedding perturbation, inference throttling,
controlled uncertainty, proxy suppression, feature decorrelation,

stereotype attenuation.

5.1.2. Semantic Alignment Reduction

Suppose: z, is a user embedding, andz:“ Cg is a stereotype prototype
vector. DBSD transforms: z/ = z; — y -=-<% ¢;. This reduces excessive
stereotype alignment.

liegll?

5.1.3. Proposed DBSD-Based Regulatory Principal

A regulator may require: AIP (G, G,) < 6 meaning: the difference
in inference current between groups must remain below a defined
threshold. This creates measurable epistemic fairness, rather than
only statistical fairness [12].

5.1.4. Mitigating Disparate Impact Bias Using the DBSD

Framework

Disparate Impact (DI) measures whether different social groups

receive positive outcomes at substantially different rates.

Formally: pj = 2E=1AZmnoniy) "ypder the traditional “80% rule”:
P(Y=1lA=majority)

DI<0.8

may indicate potential discrimination.

Typical examples: hiring systems, loan approvals, insurance
pricing, admissions systems.
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Traditional fairness approaches attempt to mitigate DI by
rebalancing datasets, removing protected attributes, imposing
fairness constraints, or post-processing predictions.

However, DBSD argues that these methods often address only: the
final output layer.

The deeper problem lies earlier: within the structure of inference
generation itself.

Example — Loan Approval Suppose: Majority - Positive
Approval Rate = 80% , Minority - Positive Approval Rate = 40%,
Then DI = % = 0.50. This violates the 80% rule.

Traditional fairness says: “the outputs are unequal.” DBSD asks:
Why did the inference process become asymmetrical?

5.1.5. DBSD Root-Cause Explanation
Suppose minority applicants are subjected to more behavioral
profiling, more proxy-variable inference, more historical risk
associations [2,8,24,25]. Then: V, (Gmmmy) becomes larger. At the
same time: historical stereotypes, lower impedance protections,
and denser semantic connectivity. reduce: Z, (G ) Thus: I,
_ Vi(Gminority) . . .
( mm(m,ry) = ZeGomimoriey) NCTEASES dramatically. This produces: more
“risk” activation, stronger negative semantic alignment, and fewer

positive predictions.

minority-

5.1.6. Numerical Example — Semantic Alignment Reduction
Suppose: z, is a user embedding vector, and: ¢ is a stereotype
prototype vector.

Define the Vectors: Let: z, = (0.60,0.70,0.20), and: c, =
(0.50,0.80,0.10), Choose correction intensity: y = 0.5 Before

Zi'Cg 0.88
(09434)(00a87) — 0.9837

ion: €0s(z;,¢cp) = ==
transformation: €0s(Zi, ¢¢) = ;~ro

0.4400
(0.4945)(0.9487)

After Transformation cos(z{,¢c;) = =0.9380

Final Result Before correction = 0.9837, After correction =
0.9380, Thus:0.9837—0.9380 The semantic alignment with the
stereotype prototype decreases.

5.1.7. Interpretation The transformed embedding: z; still
preserves much of the original semantic meaning of: z but it
becomes less aligned with the stereotype prototype: ¢, Within the
DBSD framework:" Semantic Alignment decreases" which lowers
the discriminatory inference probability: p, (G) = a(Bcos(z, c,)) As
a consequence: Z, (i,G) = -log(p, (G) + €) increases. This means
weaker stereotype activation, reduced discriminatory inference,
higher bias impedance, and lower discriminatory inference current.

5.1.8. Resulting Effect on DI

Reducing inference asymmetry decreases: biased risk activation,
overclassification, and discriminatory prediction imbalance. The
correction of: z; is applied to every applicant: z,, z,,....z,. final
prediction is determined: Y;' change. In our example. Let assume
after DBSD correction (¥ =1|4 = minority) = 60% (instead of
40%) Thus: Consequently: pj = P¥=tld=minority) 0.6 — (75 >
0.50 moves closer to: 1 Pa=tid=majority) 08

5.1.9. Historical Rebalancing

DBSD also addresses historical epistemic asymmetry. Historical
datasets often encode: unequal surveillance, unequal institutional
scrutiny, and historical discrimination. DBSD modifies historical
embeddings to reduce inherited semantic bias before training future
models. This reduces downstream disparate impact, recursive
profiling, and feedback-loop amplification. DBSD vs Traditional
DI Mitigation Table 6

Traditional Fairness

DBSD

Correct outputs

Correct inference structures

Statistical balancing

Epistemic balancing

Remove protected variables

Regulate inference flow

Post-processing

Semantic-flow control

Decision fairness

Inference fairness

Static metrics

Dynamic knowledge propagation

Table 6

5.1.10. Academic Conclusion

The DBSD framework extends traditional Disparate Impact
analysis by interpreting discriminatory outcomes as manifestations
of deeper asymmetric inference flows operating within Al systems.
Rather than focusing solely on prediction distributions, DBSD
models bias as differential epistemic exposure driven by unequal
knowledge pressure and inference resistance across social groups.
Consequently, mitigating disparate impact requires regulating

not only output statistics but also the semantic and inferential
dynamics that generate them.

5.2. Mitigating Statistical Parity Bias Using the DBSD
Framework

Statistical Parity is one of the most widely used fairness metrics
[7,21] in AI governance and algorithmic auditing. It requires:
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P(Y =1|A=a)=P(Y=1]A=b) where: Y=1

denotes a positive prediction, A denotes a protected attribute such
as gender, race, or age. The metric asks: Does the model distribute
positive outcomes equally across groups? For example: equal
hiring rates, equal loan approvals, equal university admissions.
Traditional mitigation techniques attempt to achieve Statistical
Parity through dataset balancing, demographic quotas, fairness
constraints, or output post-processing. However, the DBSD
framework proposes a deeper interpretation: unequal outcomes
emerge from unequal inference structures operating before the
final prediction stage.

5.2.1. DBSD Interpretation of Statistical Parity

Traditional Statistical Parity focuses only on: Y (the final decision).
DBSD argues that unequal prediction rates frequently emerge
because different groups experience: different knowledge pressure
[7, 21], different semantic profiling, different inference exposure,
and different stereotype activation [10,24]. Thus, the problem
begins before the prediction layer.

5.2.2. Inference Current and Group Asymmetry DBSD models
inference exposure through: »(G) = Z‘—Eg where: /, (G) = inference

current about group G, V, (G) = knowledge pressure, Z, (G) =
inference resistance / epistemic impedance.

5.2.3. Why Statistical Parity Violations Emerge

Suppose: Majority = 80%, Minority = 40%

Then: P(Y =1 | A = majority) = 0.80, P(Y =1 | A = minority) =
0.40 Statistical Parity is violated. Traditional fairness says: the
outputs are unequal. From the DBSD perspective, does the central
analytical question becomes groups?

DBSD Root-Cause Explanation: Minority groups may experience
denser surveillance, stronger stereotype association, proxy-
variable amplification, and historical profiling. This increases: V,

(Gm,.mmy) while decre‘?sicllg: Z!, (Gminm.,y)
Thus: I, (Gm,-mm-,y) = Vilminority) pocomes much larger.

Zp (Gminority)

This stronger inference current activates: more risk predictions,
stronger negative semantic associations, and lower positive
prediction rates.

5.2.4. DBSD Mitigation Strategy

Instead of directly forcing equal outputs, DBSD mitigates
Statistical Parity violations by: regulating inference flow itself.
The goal is to reduce asymmetrical semantic activation between
groups.

5.2.5. Numerical Example — Semantic Alignment Reduction
in DBSD Let: z, = (0.58,0.77,0.18), and: ¢, = (0.62,0.74,0.20),
Choose: y=0.5 Before correction - Cosine Similarity =0.9985 After
correction - Cosine Similarity = 0.9941 Thus: 0.9985—0.9941,
The stereotype alignment decreases.

Interpretation: The corrected embedding: z; still preserves much
of the semantic meaning of: z, but becomes less aligned with the
stereotype prototype: ¢, This reduces latent profiling strength,
stereotype activation, and discriminatory semantic inference.

5.2.6. Effect on Prediction Distribution

Reducing stereotype alignment changes the probability of
distribution of predictions. The correction of: Z; is applied to every
applicant: 22y 2, final prediction is determined: ¥ change.
Originally:P(Y = 1 | 4 = minority) = 60% may be artificially
low because: minority embeddings activate negative inference
patterns more strongly. After DBSD correction: semantic bias
weakens, inference asymmetry decreases, positive predictions
become more balanced. Thus: P(Y =1 | 4 = minority) moves closer
to: P(Y = 1 | A = majority) initially: Positive Prediction Rate —
Majority = 0.80, Positive Prediction Rate — Minority = 0.40 Now:

P(Y=1|A=minority) 0.6 .. c .
P(I=1lA—majority) 08 = 0.75 > 0.50 Statistical Parity improves

substantially.

5.2.7. Historical Bias Rebalancing

DBSD also addresses historical inference asymmetry. Historical
datasets often contain: unequal monitoring, discriminatory
labels, and stereotype reinforcement. DBSD modifies historical
embeddings before model training, thereby reducing inherited
semantic imbalance. This prevents recursive disparate outcomes,
feedback-loop amplification, and persistent parity violations.

DBSD vs Traditional Statistical Parity Mitigation Table 7

Traditional Approach

DBSD

Balance outputs

Balance inference flow

Demographic correction

Semantic correction

Post-processing

Embedding transformation

Statistical equality

Epistemic equality

Decision-level fairness

Inference-level fairness

Table 7

5.2.8. Academic Contribution

The DBSD framework extends Statistical Parity analysis by
modeling unequal prediction distributions as manifestations of
deeper asymmetric inference currents operating within Al systems.

Rather than focusing exclusively on balancing outputs, DBSD
regulates semantic alignment, profiling intensity, and inference
propagation across demographic groups. Consequently, Statistical
Parity violations are mitigated through controlled reduction of

J Hum Res Sus Org Stud, 2026

Volume 1 | Issue 1 | 10



discriminatory inference flow rather than solely through post-hoc
statistical correction.

5.3. Mitigating Equal Opportunity Bias Using the DBSD
Framework

Equal Opportunity is one of the central fairness criteria in machine
learning and Al governance.

It requires that qualified individuals from different demographic
groups receive positive outcomes at equal rates.

Formally: P(Y=11Y=1,4=a)=P(Y=1|Y=1,4=b)

where: Y = 1 denotes individuals who truly deserve the positive
outcome, ¥ =1 denotes a positive prediction generated by the
model, A denotes a protected attribute such as race, gender, or
age. The metric therefore evaluates whether: qualified individuals
are treated equally across groups. Equal Opportunity is especially
important in hiring, lending, healthcare, education, and criminal
justice. Traditional mitigation methods attempt to improve
Equal Opportunity by balancing datasets, reweighting samples,
modifying classification thresholds, or adding fairness constraints
during optimization. However, the DBSD framework proposes a
deeper explanation: Equal Opportunity violations emerge from
asymmetrical inference structures operating before prediction
generation.

DBSD Interpretation of Equal Opportunity Bias Traditional
Equal Opportunity analysis focuses on:Y ~ (the final prediction).
DBSD argues that unequal True Positive Rates frequently arise
because different groups experience: different semantic profiling
intensity, different inference exposure, different stereotype
activation, and different epistemic resistance. Thus: bias begins
earlier than the decision layer itself.

Why Equal Opportunity Violations Emerge Suppose a loan
approval system evaluates two groups: True Positive Rate —
Majority = 90%, True Positive Rate — Minority = 60% Then: P(Y
=11Y=1,4=majority) =090 , P(Y=11Y=1, A = minority) =
0.60. Equal Opportunity is violated. Traditional fairness analysis
concludes qualified minority applicants are denied too frequently.
DBSD asks: Why does the inference process classify qualified
minority applicants more negatively? DBSD Mitigation Strategy
Instead of directly forcing equal True Positive Rates, DBSD
mitigates Equal Opportunity bias by regulating the semantic
inference process itself. The goal is to reduce discriminatory
semantic activation before prediction generation. Effect on Equal
Opportunity Reducing stereotype alignment decreases: excessive
risk activation, false negative classification, and discriminatory
inference pressure. Consequently: P(Y=1|Y = 1, 4 = minority)
increases. As aresult: P(Y=1|Y=1, 4 = minority) > P(Y=11Y
= 1, A = majority) the equal Opportunity improves.

5.3.1. Numerical Example
Initial Situation Suppose we have an Al loan approval system.
Symbol Meaning: ¥ = 1 - Applicant truly deserves the loan, ¥ =

1 - Al model approves the loan. Groups: Majority, Minority

5.3.2. Initial Model Performance

Suppose the dataset contains:

Majority Group - Truly qualified applicants (¥ = 1) = 100,
Correctly approved (Y = 1) = 90, Incorrectly denied (¥ = 0) = 10

; orit) - 22—
Thus:TPijm.,y =P(Y=11|Y=1, 4= majority) = 100 0.90
Minority Group - Truly qualified applicants (Y=1) = 100,
Correctly approved (¥ = 1) = 60, Incorrectly denied (Y =0) = 40

Thus: 7PR,,,.. = P(Y=11Y=1, 4 = minority) = % =0.60
5.3.3. Equal Opportunity Violation

Equal Opportunity requires: P(Y=1|Y=1,4=a)=P(Y=1|Y=
1, A = b) But initially: 0.90#0.60. Therefore: Equal Opportunity is
violated. DBSD Interpretation of the Problem DBSD assumes
that qualified minority applicants experience: stronger stereotype
activation [10, 13], higher semantic profiling, and stronger
inference pressure [24, 36]. Thus, many qualified minority
applicants are incorrectly classified as “high risk.”

Before DBSD Semantic Alignment Suppose a qualified minority,
applicants have embedding: z, = (0.58,0.77,0.18) and stereotype
prototype vector: ¢, = (0.62,0.74,0.20) and Choose: y = 0.5 Before
. = 0.9654 _

DBSD correction : cos(z;, ¢g) = 09807)(09359) 0.9985

This means: the applicant is extremely strongly aligned with
the “risk stereotype.” After the Semantic Alignment is 0.9941.
Stereotype activation weakens. Risk Probability Reduction
Suppose the model computes risk using :

Before correction: p?/°™ = 5(2.9955) ~ 0.9524,

risk
After correction: pf{;{er = 0(2.9823) = 0.9518

The applicant becomes slightly less likely to be classified as high
risk. Across many applicants, this cumulative effect becomes
substantial.

5.3.4. Population-Level Effect

Initially: Minority Group - Truly qualified applicants (Y = 1) =
100, Correctly approved (¥ = 1) = 60, Incorrectly denied (¥ = 0)
=40

Suppose DBSD reduces semantic alignment with stereotype
prototypes, thereby weakening downstream stereotype activation
that:24 out of the 40 previously misclassified applicants are now
correctly approved. Then:

Minority Applicants After DBSD - Truly qualified applicants (¥ =
1) = 100, Correctly approved (¥ = 1) = 84, Incorrectly denied (¥
=0)=24

Thus: TPRyS e = % =0.84

Majority Group After DBSD

Suppose the majority group was less affected by stercotype bias.
After DBSD: Majority Group - Truly qualified applicants (¥ = 1)
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= 100, Correctly approved (¥ = 1) = 88, Incorrectly denied (¥ =
0)=10

. after _ 88
Thus: TPRmajority = E =0.88

5.3.5. Final Comparison

Before DBSD Equal Opportunity gap was [0.90-0.60] = 0.30
After DBSD Equal- Opportunity gap is [0.88-0.84| = 0.04
Result is: Equal Opportunity substantially improves:0.30—0.04
The model now treats qualified individuals much more equally
across groups.

Interpretation DBSD mitigates Equal Opportunity bias by
reducing stereotype-driven semantic alignment, weakening
discriminatory inference activation, and lowering false negative
rates for qualified minority applicants.

Unlike traditional fairness methods that directly manipulate
outputs, DBSD intervenes earlier: at the level of semantic inference
generation itself. Thus: prediction fairness improves, because
inference fairness improves first.

5.3.6. Historical Bias Rebalancing

DBSD also mitigates inherited historical bias. Historical datasets
frequently contain unequal surveillance, discriminatory labels,
stereotype reinforcement, and asymmetrical institutional profiling.
DBSD reduces these distortions by transforming semantic
representations before future models are trained. This prevents
false recursive negatives, inherited qualification suppression, and
long-term opportunity inequality.

DBSD vs Traditional Equal Opportunity Mitigation Table 8

Traditional Fairness

DBSD

Equalize TPR

Equalize inference exposure

Post-processing

Semantic-flow correction

Threshold adjustment

Embedding transformation

Statistical fairness

Epistemic fairness

Decision-level mitigation

Inference-level mitigation

Table 8: DBSD vs Traditional Equal Opportunity Mitigation

Academic Contribution

The DBSD framework extends Equal Opportunity analysis by
modeling unequal True Positive Rates as manifestations of deeper
asymmetric inference currents operating within Al systems. Rather
than focusing exclusively on balancing prediction outcomes,
DBSD regulates semantic alignment, profiling intensity, and
inference propagation across demographic groups. Consequently,
Equal Opportunity bias is mitigated through controlled reduction
of discriminatory semantic activation and epistemic asymmetry
rather than solely through post-hoc statistical correction.

5.4. Mitigating Equalized Odds Bias Using the DBSD
Framework

Equalized Odds is one of the most rigorous fairness criteria in
machine learning and Al governance. It requires that a predictive
model produce equal error behavior across demographic groups.
Formally:

PY=1|Y=y,A=a)=P(Y=1|Y=y, A=b),Vy€{0,1}

This means that both: True Positive Rates (TPR), and False Positive
Rates (FPR) must be equal across protected groups. Equalized
Odds is especially important in: criminal justice, healthcare,
fraud detection, credit scoring, and facial recognition systems.
Traditional mitigation methods attempt to satisfy Equalized Odds
through: threshold adjustment, fairness-constrained optimization,
post-processing, or balanced reweighting. However, the DBSD
framework proposes a deeper interpretation: unequal error rates

emerge from asymmetric semantic inference structures operating
before the prediction layer itself.

5.4.1. DBSD Interpretation of Equalized Odds Bias
Traditional Equalized Odds analysis focuses on: Y (the final
prediction output). DBSD argues that unequal TPR and FPR
values frequently emerge because different demographic groups
experience: unequal semantic profiling [24, 36], different inference
exposure, stereotype-driven activation, and asymmetric epistemic
pressure [12]. Thus: the root cause of unequal errors lies in the
inference process itself.

5.4.2. Why Equalized Odds Violations Emerge
Suppose an Al loan approval system produces the following results:
Majority TPR = 0.90, FPR = 0.05, Minority TPR = 0.70, FPR =
0.25 This means: qualified minority applicants are approved less
often, while unqualified minority applicants are falsely approved
more often. Thus: TPR #TPR . _and: FPR + FPR

majority minority majority

Equalized Odds is violated.

minority

5.4.3. DBSD Mitigation Strategy

Instead of directly manipulating prediction outputs, DBSD
mitigates Equalized Odds bias by regulating semantic inference
flow before prediction generation. The goal is to reduce asymmetric
stereotype activation across groups.

5.4.4. Effect on TPR and FPR
Reducing stereotype-driven inference decreases: excessive risk
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activation, discriminatory classification, and asymmetric semantic
triggering. As a result: Qualified minority applicants become
less likely to be incorrectly rejected. Thus: TPR .~ increases.
Unqualified minority applicants become less likely to trigger
exaggerated ‘“high-risk” semantic activation. Thus: FPR
decreases. Consequently: TPR = — TPR and: FPR

minority majority
FPR

majority

minority

minority

Numerical Example Qualified Applicants Majority Group —
Initial Data:

Reality ¥ =1, Prediction ¥ =1, Count = 90

Reality ¥ = 1, Prediction ¥ =1, Count = 10

Total qualified applicants: 90 + 10 = 100

Unqualified Applicants Majority Group — Initial Data
Reality Y = 1, Prediction ¥ = 1, Count = 5

Reality Y = 1, Prediction ¥ = 1, Count = 95

Total qualified applicants: 5 + 95 =100

Majori TPR——TP Thus: TPR .

ajority = Tpipny Lhus: majoriy — 90410 _ 100 0.90
. . _ FP .  — —5 —

Majority FPR = Thus: FPR, i = 5195 _ 100 — 0.05

FP+TN

Qualified Applicants Minority Group — Initial Data Qualified
Applicants

Reality ¥ =1, Prediction Y =1, Count = 70

Reality Y =1, Prediction ¥ =1, Count = 30

Total qualified applicants: 70 + 30 = 100

Unqualified Applicants Minority Group - Initial Data
Qualified Applicants

Reality Y = 1, Prediction ¥ =1, Count = 25

Reality Y = 1, Prediction ¥ = 1, Count = 75

Total qualified applicants: 35 + 75 = 100

5.4.5. Initial Equalized Odds Gap
tOtal diSparity: |TPRmaj0rity_ TPRmim)rityl + IFPRmu/'ority- FPRminorityI

Substitute values: 10.90-0.70] +10.05-0.25| = 0.20 + 0.20 = 0.40

Interpretation of Initial Bias The model: rejects qualified
minority applicants too often and falsely approves unqualified
minority applicants too often. This suggests unstable semantic
inference, stereotype-driven activation [10, 13], and asymmetric
profiling pressure. This reduces excessive risk activation,
discriminatory profiling, and asymmetric inference current. As a
result: qualified minority applicants are less likely to be falsely
rejected, and unqualified minority applicants are less likely to be
incorrectly classified.

Suppose: z, = (0.58,0.77,0.18), ¢, = (0.62,0.74,0.20) and: y = 0.5

Before correction - Cosine Similarity = 0.9985 After correction -
Cosine Similarity = 0.9941 Thus: State Before DBSD the Semantic
Alignment is 0.9985, State a DBSD after the Semantic Alignment
18 0.9941. Thus: 0.9985—-0.9941 = 0.0044 That meaning stereotype
activation weakens, discriminatory semantic alignment decreases,
and inference fairness improves.

5.4.6. Risk Probability Calculation

The risk probability is computed using: p =
Choose: =3

Before DBSD  p2°™® 0.9524, After DBSD p/t" ~ 0.9518,
Thus: 0.9524—0.9518 The DBSD correction slightly reduces the
applicant’s risk activation probability.

o(fcos(z, c,,))

5.4.7. Transition from the Individual Level to the Group Level
The correction of: ZL-' is applied to every applicant: z,,z,,...,z
Each embedding becomes: Z1, Z3, ..., Zy,

Then, for every applicant, the model computes: p;is ki
Based on a decision threshold, the final prediction is determined:

14
Y

n

o __7 _ 70 _
Minority TPR = 70430 100 0.70 For example, if: prl'isk,i < threshold then the applicant is
25 approved: ;=1

Minority FPR = 25475 100 0.25
Suppose that after DBSD, 24 out of the 40 previously misclassified applicants now pass | Count
the approval threshold. Thus: 60 + 24 = 84 Therefore: Minority Group After DBSD
Qualified applicants (Y = 1) 100
Approved (Y =1) 84
Denied (Y = 0) 16

Table 9: Population-Level Effect on the Minority Group Before DBSD

Thus: TPRYET =22 — 0,84

minority ~ 1p0

After DBSD:Majority Group After DBSD

Count

Qualified applicants (Y= 1)

100

Approved (f =1)

88
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Denied (¥ = 0)

12

Table 10: Population-Level

after _ 88 __
Thus: TPRmajority = To0 = 0.88

Computing the Equal Opportunity Gap After DBSD EO

Effect on the Majority Group

values:=|0.88-0.84|=0.04

Final Comparison Table 11

. after t . .
Gap = | TP ij; jority — TP Rfr{ini)rrityl Substituting the
Stage Majority TPR Minority TPR EO Gap
Before DBSD 0.90 0.60 0.30
After DBSD 0.88 0.84 0.04
Table 11

Thus: 0.30—0.04
Relative Reduction in the Fairness Gap

Compute; 230700% _ 026 _ ( 667

0.30 0.30
Thus, the Equal Opportunity disparity decreases by approximately:
86.67%

Majority Group
After DBSD - Qualified Applicants Y=1, Y=1=88,Y=1, V=
0=12

after 88

Thus: TPRy 4 joriey = Too = 0.88
After DBSD - Unqualified Applicants Y=1,Y=1=7,Y=1, 7=
0=93

Thus: FPRY™T = —0.07

majority — 1g0

Minority Group After DBSD After DBSD - Qualified Applicants ¥
=1,Y=1=84,Y=1,Y=0=16

84
Thus: TPRyfmority = 1os = 0.84

After DBSD - Unqualified Applicants Y=1,Y=1=10,Y=1,Y
=0=90

FPRY®T =12 — 010

minority ~ 190

New Equalized Odds Gap: [0.88 - 0.84] + 10.07 - 0.10] = 0.04 +
0.03 =0.07

Result Equalized Odds Gap — Before DBSD 0.40, After DBSD
0.07, Thus:0.40—0.07 Equalized Odds substantially improves.

5.4.8. Interpretation

DBSD improves Equalized Odds by: reducing stereotype-driven
semantic activation, weakening discriminatory inference currents,
and balancing inference exposure across groups. Importantly does
not merely manipulate outputs. Instead, it intervenes earlier:

at the semantic inference layer itself. Thus: prediction fairness
improves, because: inference fairness improves first.

5.4.9. Historical Bias Rebalancing

DBSD also addresses inherited historical bias.

Historical datasets often encode discriminatory labels, unequal
surveillance, stereotype reinforcement, and asymmetric
institutional scrutiny. DBSD mitigates these distortions through
semantic representation correction before future models are
trained. This prevents recursive error amplification, inherited
classification asymmetry, and long-term discriminatory inference
propagation.

Traditional Fairness

DBSD

Equalize error rates

Equalize inference exposure

Post-processing

Semantic-flow correction

Threshold tuning

Embedding transformation

Prediction-level fairness

Inference-level fairness

Statistical balancing

Epistemic balancing

Table 12: DBSD vs Traditional Equalized Odds Mitigation
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Academic Contribution Statement

The DBSD framework extends Equalized Odds analysis by
modeling unequal error rates as manifestations of deeper
asymmetric inference currents operating within Al systems. Rather
than focusing exclusively on balancing prediction outcomes,
DBSD regulates semantic alignment, stereotype activation, and
inference propagation across demographic groups. Consequently,
Equalized Odds bias is mitigated through controlled reduction
of discriminatory semantic activation and epistemic asymmetry
rather than solely through post-hoc statistical correction.

5.5. Mitigating Calibration Bias Using the DBSD Framework
5.5.1. Calibration Definition

Calibration requires that: if a model predicts probability p, then
approximately pproportion of those cases should truly belong to
the positive class.

Formally: P(Y=1|Y=p,A=a)=p

A calibrated model should behave similarly across demographic
groups.

Initial Calibration Bias Suppose an Al loan approval system
predicts: ¥ =0.80 meaning: the model claims there is an 80%
chance that applicants will successfully repay loans. However, the
real outcomes differ across groups.

Majority Group - Suppose:100 majority applicants receive
prediction: ¥ = 0.80 Out of these: 80 repay the loan.

Thus: P(Y =117 = 0.80,4 = majority) = -t = 0.80
The majority group is perfectly calibrated.

Minority Group - Suppose: 100 minority applicants also receive
prediction: Y= 0.80 But only: 50 repay the loan.

Thus: P(Y = 11 ¥ = 0.80,4 = minority) = - = 0.50
This indicates severe calibration bias.

Error Calibration Before DBSD Define calibration error as:
CE(G)=I|P(Y=1|Y=p, G)-pl

Majority Calibration Error - CE(G )=10.80-0.80|=0

majority

Minority Calibration Error - CE(G

minority

)=10.50 - 0.80] = 0.30

Semantic Alignment Before DBSD Suppose: z,=(0.58,0.77,0.18),
c,=(0.62,0.74,0.20 and: y = 0.5

Before correction - Cosine Similarity = 0.9985 After correction -
Cosine Similarity = 0.9941 Thus: State Before DBSD the Semantic
Alignment is 0.9985, State a DBSD after the Semantic Alignment
15 0.9941. Thus: 0.9985—0.9941 = 0.0044 That meaning stereotype

activation weakens, discriminatory semantic alignment decreases,
and inference fairness improves.

5.5.2. Risk Probability Reduction
Suppose probability estimation uses: p ., = o(f cos(z,c.)) Choose:

=3

before
Before DBSD : Dy = 0(2.9511) = 0.9503, After DBSD:

peLEeT = 5(2.8140) = 0.9434

Thus:0.9503—0.9434 The model becomes less dominated by
stereotype-driven semantic activation.

5.5.3. Population-Level Effect

Suppose DBSD correction improves probability estimation
consistency for minority applicants. Initially: Minority - Predicted
probability = 0.8, Successful = 50 out of 100

Thus: P(Y=1] Y =0.80, 4 = minority) = 0.50

After DBSD: Suppose: 76 out of 100 minority applicants succeed.

4 76
Thus: P(Y =1 |Y=0.80, 4 = minority) = Too 0.76
5.5.4. Error Calibration After DBSD
Majority Group - Remains: CE(ijority)IO

Minority Group - CE(G

minority )

afer=10).76-0.80] = 0.04

5.5.5. Final Comparison

Majority - Calibration Error Before DBSD = 0, After DBSD =0
Minority - Calibration Error Before DBSD = 0.3, After DBSD
= 0.04 Thus: Calibration Bias Reduction 0.30—0.04, Relative
reduction: 0'30_30'04 =0.8667

Thus: Calibration bias decreases by approximately: 86.67%

5.5.7. DBSD Interpretation

The numerical example shows that DBSD mitigates calibration
bias by regulating semantic inference structures [21, 24] before
prediction generation. By reducing stereotype-driven semantic
alignment[10, 13], probability estimates become more semantically
consistent across demographic groups. Consequently, predicted
probabilities more accurately reflect real-world outcomes,
substantially improving calibration fairness.

6. Conclusion

This article proposed the Deep Bias Systematic Deviation
(DBSD) framework as a novel semantic-inferential approach for
understanding and mitigating algorithmic bias in contemporary
Al systems. Unlike traditional fairness frameworks that primarily
focus on prediction outputs, statistical balancing, or post-hoc
corrections, DBSD models bias as an asymmetric inference-
flow phenomenon emerging from semantic alignment structures,
stereotype activation, inference pressure, and epistemic asymmetry.
The article demonstrated that many common fairness violations—
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including Disparate Impact, Statistical Parity, Equal Opportunity,
Equalized Odds, and Calibration Bias—can be interpreted
as manifestations of deeper inferential imbalances operating
before prediction generation itself. Through detailed numerical
examples, the study showed how semantic correction mechanisms,
embedding transformations, stereotype attenuation, and inference-
flow regulation can substantially reduce discriminatory inference
currents across demographic groups.

A central contribution of the article is the introduction of epistemic
fairness as a complementary paradigm to classical statistical
fairness [12]. Whereas conventional fairness models primarily
evaluate whether outputs are distributed equally across groups,
DBSD investigates whether the semantic and inferential processes
producing those outputs are themselves balanced, transparent, and
resistant to discriminatory propagation.

The originality of the DBSD framework lies in its transition: from
output fairness to inference fairness, from statistical balancing
to semantic balancing, and from local prediction auditing to
dynamic epistemic regulation. Consequently, DBSD offers both
a theoretical and practical foundation for future research on bias
mitigation, semantic Al governance, and epistemic accountability
in increasingly autonomous digital ecosystems. Despite its
conceptual and mathematical contributions, the present framework
remains primarily theoretical and illustrative. Future research
should evaluate DBSD across large-scale empirical datasets, real-
world LLM architecture, and dynamic multi-agent environments.
Additional work is also required to investigate computational
scalability, robustness under adversarial conditions, and potential
trade-offs between epistemic fairness, accuracy, and explainability.

Mathematic Appendix

General DBSD Mitigation [20].

Suppose: z, is a user embedding vector, and: ¢ is a stereotype
prototype vector.

’ Zj-C
The DBSD transformation is defined as: Zi = i — V¥ ﬁ €6 This
transformation reduces: excessive stereotype alignment, latent
profiling strength, and discriminatory inference activation. Define
the Vectors: Let: z,= (0.60,0.70,0.20), and: c,= (0.50,0.80,0.10) ,
Choose correction intensity:y=0.5

Step 1 — Compute the Dot Product z-c .= (0.60)(0.50) + (0.70)
(0.80) +(0.20)(0.10) =0.30 + 0.56 + 0.02 = 0.88

Step 2 — Compute the Squared Norm of ¢, |l ¢, I>= (0.50)*+
(0.80)%+ (0.10)?=0.25 + 0.64 + 0.01 = 0.90

ic 0.88
Step 3 — Compute the Projection Coefﬁment "GZ =—=

0.90
0.9778

Step 4 — Compute the Stereotype Component 0.9778%*c,
0.9778(0.50,0.80,0.10) = (0.4889,0.7822,0.0978)

Step 5 — Apply Partial Reduction Using y = 0.5
0.5(0.4889,0.7822,0.0978) = (0.2444,0.3911,0.0489)

Step 6 — Compute the Transformed Embedding 2z =
(0.60,0.70,0.20)-(0.2444,0.3911,0.0489)=(0.3556,0.3089,0.1511)

Measuring Semantic Alignment Reduction

. Zi'CG
Before transformation: cos(z, ¢;) = jicar

Compute norms: |lz_ill = v0.60% + 0.702 + 0.202
llc Il = v0.90 = 0.9487

=/0.89 =0.9434,

Thus: cos(z, c.) = =0.9837

(. 9434)(0 9487)
This indicates extremely strong semantic alignment with the
stereotype vector.

After Transformation

Compute the new dot product: Zi"CG = (0.3556)(0.50) + (0.3089)
(0.80) + (0.1511)(0.10) = 0.1778 + 0.2471 + 0.0151 = 0.4400
Compute the norm: |||l = V0.3556 + 0.30897 + 0.1511% =(.4945

0.4400

(0.4945)(0.9487) =0.9380

Therefore: cos(z{, ¢g) =
DPP Formulation Using Inference Current and epistemic
resistance

Within the DPP framework, discriminatory inference flow affecting
a demographic group is modeled through the relation:

Vi(6)
Ip(6) =775
where:
* I, (G)denotes the inference current affecting group G,
* V. (G)denotes the kn(.)wled.ge pressure appl.led tq the group,
*  Z,(G)denotes the epistemic resistance (epistemic resistance)
of the group.

Initial Disparate Impact Scenario

Suppose the approval rates are: Majority Positive Approve rate =
0.80, Minority Positive Approve rate = 0.40 Define discriminatory
inference currentas: /,(G)=1- P(Y= 1| G) Thus: Majority Group
-1 (ijom) =1-0. 80 0.20, Minority Group -/, (G
- 0 40=0.6

) =1
minority

This indicates that the minority group experiences a substantially
stronger discriminatory inference current.

Computing the Bias Impedance before DPP Suppose the
majority group has approval rate: P(Y =1 IGmajmmy) =0.80

Thus the discriminatory inference activation probability is: p
)=1-0.80=0.20

risk

( majority

Thus the discriminatory inference activation probability is: p
=1 - 0.80 = 0.20. The impedance is: Z, (G,

majarity) =

risk

( Gmajori ry)
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-10g(0.20) = 1.6094.

Therefore: 1,(G

majority) = 1.6094 =0.621

Suppose the minority group has approval rate: P(Y = 1|G
0.40

minori Iy)

Thus: pmk (Gminoritv)
= -log(0.60) = 0.5108

=1-0.40=0.60 The impedance is: Z, (G

minority)

Therefore: 1, (G,

minoriry) = 05108 = 1958

Differential Inference Current Before DPP Algef ore

G )-1(G 10.621-1.958| = 1.337

majority

:|]

P

minorily) | =

Computing the Bias Impedance before DPP

After DPP semantic correction, suppose Majority approval rate
becomes: P(Y=1IG, ) =078

Thus: Prisk (G, oriy) = 1 - 0.78 = 0.22 The new impedance is: Z 2
= -log(0.22) =1.5141

( Gmajori ty)

Therefore: I, (G =0.660

mqf()rity) = 1.5141
After DPP semantic correction, suppose Minority approval rate
becomes: (Y= 11G,, ) = 0.70 Thus: Prisk (G,,,.) = 1-0.70

minori minority

= 0.30 The new impedance is: Z (G = -log(0.30) = 1.2040

minority-

1
minority )= 1.2040

Therefore: 11'3 (G =0.831

after
Differential Inference Current After DPP - Alp = 10.660-
0.8311=0.171

Stage IP (Gmaiority) IP (Gminoriry) AIP
Before DPP 0.621 1.958 1.337
After DPP 0.660 0.831 0.171

Final Comparison Table 14

Interpretation

Before DPP: the minority group experiences substantially stronger
discriminatory inference current: 1.958>0.621 After DPP: the
minority group’s epistemic resistance increases, stereotype
propagation weakens, and inference asymmetry decreases
substantially.

The differential inference current decreases from:1.337—0.171

Risk Probability Reduction
Suppose the model computes risk using: p_. = o(Bcos(z, c.))
Choose: f = 3 Inference probability (example link function): p
=0 (f - cos), where o is the logistic function. Before correction:
before . after
risk = 0(2.9955) = 0.9524, After correction: P, = 0(2.9823)
~0.9518 The applicant becomes slightly less likely to be classified
as high risk. Across many applicants, this cumulative effect

becomes substantial.

Transition from the Individual Level to the Group Level

The correction of: z; is applied to every plicant: ,,Z,,...,z, Bach
embedding becomes: zi, z3, ..., Z;, Then, for every applicant, the
model computes: py;s; Based on a decision threshold, the final
prediction is determined: P/ For example, if: Prisk,i<threshold then
the applicant is approved: ¥/ =1

Population-Level Effect on the Minority Group Before DBSD.
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