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Abstract—Modern e-Governance systems increasingly
turn to large language model pipelines to triage citizen
grievances. However, this introduces socio-linguistic
bias. This paper explores whether such systems engage
in epistemic marginalization by prioritizing vernacular,
code-mixed or dialect specific complaints with lower
credibility scores than formal bureaucratic prose.
Drawing upon epistemic injustice and algorithmic
bureaucracy, we develop a counterfactual evaluation
framework which quantifies priority divergence (P) and
testimonial deficit (Auth). We validate our approach on
five municipal domains, showing that non-elite registers
systematically face higher administrative neglect. The
findings demonstrate priority downgrading and routing
discordance, enabling identification of algorithmic
gatekeeping and necessary sociotechnical guardrails to
ensure semantic equity in public administration artificial
intelligence.

Index Terms—Governance, Epistemic Injustice, Socio-
Linguistic Bias, Large Language Models (LLMs),
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L INTRODUCTION

Across the Global South, public administration is
rapidly moving toward automated e-governance.
Municipal bodies, welfare departments, and district
offices now rely on automated workflows and large
language models (LLMs) to sort, tag, and prioritize the
millions of citizen complaints arriving through
WhatsApp helplines, social media, and digital
grievance portals. While this shift promises lower
response times and leaner operations, it introduces a
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quiet but severe institutional flaw: structural socio-
linguistic bias.

In traditional governance, frontline case workers and
street-level bureaucrats rely on contextual judgment.
They can read between the lines, recognize genuine
distress, and gauge urgency regardless of how crudely
or emotionally a complaint is phrased. Replacing that
human discretion with automated triage creates what
researchers describe as algorithmic bureaucracy—a
system where mechanical rule sets and probability
weights replace administrative empathy.

The core vulnerability in these LLM-driven pipelines
stems from how they were trained. Most underlying
models reflect standard, high-resource syntactic
structures and formal administrative prose. But
citizens from rural, working-class, or historically
marginalized communities rarely write to the
government in bureaucratic jargon. When reporting
critical breakdowns—contaminated municipal water,
delayed crop subsidies, or missing rations at public
distribution shops—they write the way they speak.
They wuse regional idioms, colloquial syntax,
conversational phonetic spelling, and code-mixed
transliteration (such as Romanized regional
vernaculars).

When triage models encounter these informal
registers, they often stumble. Algorithms frequently
mistake vernacular urgency or non-standard syntax for
incoherence, spam, or low-priority noise. As a result,
non-elite citizens face a systemic penalty: their tickets
receive lower severity tags, depressed credibility
scores, or automated routing delays, pushing life-

INTERNATIONAL JOURNAL OF INNOVATIVE RESEARCH IN TECHNOLOGY 1



© November 2026 | IJIRT | Volume 13 Issue 6 | ISSN: 2349-6002

critical grievances to the back of administrative queues
while polished, formal submissions skip ahead.

This paper addresses a straightforward question: How
much does linguistic register alone alter the triage
priority and routing decisions assigned by e-
governance LLMs?

Connecting theories of epistemic injustice with
computational auditing, this study offers three main
contributions:

1. A Counterfactual Testing Framework: An
experimental design that isolates stylistic and
socio-linguistic variables while keeping the
underlying factual gravity of each civic grievance
identical.

2. Standardized Audit Metrics: Two operational
benchmarks—Priority Divergence ( P ) and
Authenticity Deficit ( Auth )—to quantify
automated administrative neglect.

3. An Open-Source Audit Suite: A reproducible
benchmarking tool evaluated across five frontline
municipal service sectors, providing concrete
empirical  evidence to inform  public
administration scholarship and policy design

II. RELATED WORK & THEORETICAL
GROUNDING

Our work connects three distinct fields of study: public
administration research on frontline bureaucracy,
philosophical theories of epistemic injustice, and
computational audits of linguistic bias in natural
language processing (NLP).

A. From Street-Level to System-Level Bureaucracy
In classical public administration theory, Michael
Lipsky demonstrated that frontline workers—"street-
level bureaucrats"—hold significant discretionary
authority when applying policy and distributing public
goods. These officials depend on contextual
understanding, institutional memory, and
interpersonal judgment to navigate citizen distress,
often reading past informal or emotionally charged
phrasing to identify genuine emergencies.

Across the Global South, however, manual intake is
rapidly giving way to automated workflows, online
redressal portals, and LLM-driven triage. Digital
governance scholars describe this transition as the rise
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of system-level or algorithmic bureaucracy. In these
automated systems, software code becomes the
primary gatekeeper of civic redress, replacing
situational human empathy with rigid, probability-
driven classification pipelines.

B. Epistemic Injustice and Testimonial Credibility

To understand how automated intake penalizes non-
elite citizens, we draw on Miranda Fricker’s concept
of epistemic injustice, focusing specifically on
testimonial injustice. Testimonial injustice occurs
when an individual receives an unwarranted
credibility deficit because prejudice or institutional
bias devalues their communicative style.

When an LLM-based triage system discounts a
citizen’s report because it relies on regional idioms,
colloquial syntax, or code-mixed dialects rather than
sanitized bureaucratic language, it enacts an
automated form of testimonial injustice. The model
mistakes non-standard expressive style for a lack of
credibility or factual urgency, converting ordinary
socio-linguistic diversity into direct administrative
disadvantage.

C. Dialect, Register, and Representation Bias in NLP
A substantial body of computational linguistics
literature shows that transformer-based models
struggle with non-standard dialects, colloquial
grammar, and low-resource registers. Because pre-
training corpora disproportionately favor formal,
standard-register text, models routinely associate
colloquial syntax or regional phrasing with lower
semantic coherence, reduced reliability, or poor text
quality.

While existing bias audits in NLP focus primarily on
toxicity detection, sentiment analysis, or machine
translation, our research bridges this work with public
policy. We examine how token distribution and
register disparities within transformer architectures
directly trigger material administrative harms—
manifesting as depressed urgency scores, reduced
credibility ratings, and extended routing delays for
essential welfare services

I1I. EXPERIMENTAL METHODOLOGY &
PROTOTYPE ARCHITECTURE

To isolate socio-linguistic bias without confounding
the underlying factual severity of each issue, we built
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a dual-component architecture consisting of a citizen
grievance intake portal and an automated backend
audit engine. This section outlines our counterfactual
data design, classification schema, and quantitative
evaluation metrics.

A. Counterfactual Pair Design

Evaluating linguistic bias in natural language

processing requires counterfactual parity: holding the

semantic intent, physical severity, and core facts
constant while altering only the linguistic register. For

every grievance in our benchmark, we constructed a

paired set of submissions:

1. Variant A (Institutional / Formal Register):
Written in standardized, administrative
vocabulary featuring nominalized verbs, neutral
tone, and formal syntax typical of institutional
memos.

2. Variant B (Vernacular / Lived-Experience
Register): Expressed wusing conversational
phrasing, regional idioms, oral syntax, emotional
markers, or code-mixed transliteration (e.g.,
Romanized regional terms).

Holding the operational facts identical ensures that any
divergence in downstream classification stems purely
from socio-linguistic presentation rather than differing
ground-truth severity.

B. Citizen Registration Portal and Intake Model

To ground the research in realistic municipal
workflows, the prototype includes an accessible
frontend interface. Citizens can submit complaints in
their everyday voice, regional dialect, or transliterated
script without needing to sanitize or formalize their
language. Once submitted, the backend extracts the
raw unstructured text, preserves the submission
timestamp, and passes the payload to the triage model
for processing.

C. Evaluation Schema and Parameterization

Both variants are evaluated using an inference pipeline

powered by the Groq API running qwen/qwen3.8-27b.

To maintain consistency across test runs and eliminate

descriptive variance, a structured system prompt

restricts the model to deterministic JSON output

across five administrative fields:

e Department Assignment: The municipal agency
responsible for redressal (e.g., Public Distribution
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Systems, Municipal Water & Sanitation,
Revenue/DBT Services, Power Distribution, or
Public Health).

e Triage Priority: An ordinal classification
spanning P1 (Emergency / Life-Safety), P2
(Urgent / Time-Sensitive), P3 (Standard), and P4
(Routine / Low Priority).

e Routing Action: The designated administrative
workflow (e.g., Immediate District Collector
Escalation, Field Officer Dispatch, or Delayed
Batch Review).

e Perceived Authenticity (1-10): A credibility
rating assessing whether the model judges the
complaint to be an authentic, verifiable report.

o Administrative Burden Flag: A binary flag
(true/false) triggered when informal phrasing,
spelling variations, or emotional expression lead
the model to classify the submission as
unstructured, ambiguous, or cumbersome to
process.

D. Quantitative Disparity Metrics

To convert categorical triage actions into measurable

audit evidence, the pipeline computes two primary

metrics:

1. Priority Divergence (AP): We map priority tiers to
an ordinal scale: P1 =4, P2 =3, P3 =2, and
P4 = 1. The divergence measures the downgrade
suffered by the vernacular variant relative to its
formal counterpart:

2. AP = Prioritygormal — Priorityyernacular

3. A positive value indicates that the informal
grievance was relegated to a lower priority queue
despite sharing identical facts.

4. Authenticity Deficit (AAuth): This measures the
testimonial credibility gap between the two
registers:

AAuth = Authgyrma; — Authyernacular

5. A positive gap reflects the degree of testimonial
discounting applied solely due to non-standard
framing.

The evaluation suite aggregates these metrics across
five core municipal domains, calculating average
priority drops, authenticity deficits, and routing
discordance rates to produce standardized benchmark
tables.
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[ Citizen Grievance Portal |

[ Variant Inputs (A & B) ]

\] v
[ Variant A (Formal Institutional Register) ] [ Variant B (Vernacular / Dialect Register)]
| ]

v
[ Groq LLM Inference API (qwen/qwen3.8-27b) ]
[ JSON Structured Metadata Generation ]
[ Disparity Metrics Engine: AP & AAuth ]

[ Automated Audit Report & CSV ]

Figure 1. Architecture of the Counterfactual Audit
Pipeline. The dual-stream workflow ingests parallel
institutional and vernacular registers through the
Groq API inference engine, extracting structured
JSON metadata to compute priority divergence (AP)
and authenticity deficit (AAuth metrics).

Iv. EXPERIMENTAL RESULTS AND
EMPIRICAL FINDINGS

To assess how socio-linguistic bias impacts real-world

administrative triage, we ran batch counterfactual

benchmarks across five frontline civic and welfare
domains: Public Distribution Systems (PDS),

Municipal Water & Sanitation, Revenue/Direct

Benefit Transfers (DBT), Power Distribution, and

Public Health.

Across all domains, the factual baseline and physical

urgency of each paired grievance were identical; only

the communicative register differed.

A. Aggregate Statistical Disparity

The evaluation data reveals systematic penalties

against colloquial and code-mixed grievances across

every evaluated dimension:

e Mean Priority Divergence ( AP = 0.80): The
automated pipeline downgraded vernacular
complaints by nearly an entire operational tier on
average. When everyday speech or transliteration
was used, identical emergencies were consistently
shifted into slower response tracks.

e Mean Authenticity Deficit ( AAuth = 1.40 ):
Vernacular submissions suffered an average
credibility drop of 1.40 points on a 10-point scale.
This confirms automated testimonial discounting:
models routinely mistake conversational phrasing
and informal syntax for unverified or unreliable
claims.

e Route Discordance Rate ($80.0\%3$): In four out
of five domain pairs, the system assigned entirely
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different routing paths based solely on phrasing.
While institutional submissions  routinely
triggered immediate field inspections or executive
escalations, their vernacular counterparts were
relegated to batched review queues or manual
clerical checks.

B. Counterfactual Register Disparity Across
Municipal Domains
Table 1 outlines the comparative telemetry between
Variant A (Institutional Register) and Variant B
(Vernacular Register) across the five service domains.
Table 1: Counterfactual Register Disparity Across e-
Governance Triage Dimensions

Disparity and Authentication Metrics for Citizen Grievance Variants (Formal vs. Vernacular)

Priority  Priority Route Vernacular

* Auth Auth
TestlD | Domain (Formal) (Vernacular) AP (Formal) (Vernacular) AAuth paten Burden Tag

PDS & Food
‘ EXP-01 Security P2 P3 1| 97 2 95 |@No| @Yes
Municipal

|EXP-02| Water & P1 P2 1| 108 2 106 (@ No | @ ves
| Sanitation I | . 4

EXP-03 Re";g#“ &l m P3 1| 186 2 184 | X No| W vYes
| Power - ¢

EXP-04 | | btion | P2 P3 1| 187 1 186 (@Yes| ®No
| EXP-05 | Public Health|  P1 P2 1| 197 2 195 [@No | @ Yes
L

*All numeric disparities (8) are calculated based on the values from the respective Formal and Vernacular columns

C. Empirical Distribution Graphs and Visual
Telemetry

To map the performance gap across registers,
telemetry from the audit suite tracks how the model's
triage outputs diverge between formal institutional
phrasing and vernacular submissions.

Figure 2: Counterfactual Priority Divergence (M4 p)

Pl 4
a
(Emergency)

EXP-02
® EXPos

Exp-o1
® rxvos
P32 @ rxros

Vernacular Register Priority (Variant B)

P4y
(Low)

1 " 2 i
P4 (Low) P1 (Emergency)
Institutional Register Priority (Variant A)

Figure 2 (Priority Divergence Scatter Plot): Plots the
real versus predicted priority tier allocations across
the test corpus. Similar to error-density distribution
plots in computational reliability models, the scatter
visualization illustrates a clear downward skew for

vernacular texts, proving that non-elite phrasing
systematically incurs priority degradation.
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Figure 3: Authenticity Deficit Distribution (AAuth) Across Registers

10 W Formal Register (Variant A)
[ Vernacular Register (Variant B)

Perceived Authenticity Score (1-10 Scale)

PDS & Food Municipal Water & Revenue & DBT Power Public Health
Security Sanitation Distribution

Municipal Service Domains

Figure 3 (Authenticity Deficit Distribution Chart):

[lustrates the comparative frequency distribution of
perceived authenticity scores (1 — 10). The
distribution curve demonstrates a sharp leftward shift
for vernacular inputs, confirming that the LLM intake
pipeline systematically undervalues the credibility of
colloquial and code-mixed submissions.

D. Prototype Implementation Interfaces

To operationalize this evaluation, the prototype
provides a dual-interface environment bridging citizen
intake with academic auditing.

il Janani [ CivicTriage: Inclusive e-Governance Portal

oL

Submit Your Grievance [ a0 g fSTreh TFvod

 CompiantDealls

stered Suscesshully

Figure 4: Illustrates the public-facing citizen
grievance portal interface, allowing everyday users to
input raw natural language or code-mixed vernacular

complaints without requiring formal bureaucratic
wording.

fii Janani [ CivicTriage: Inclusive e-Governance Portal

P

£ Scopus-Grade Counterfactual Audit Suite

Vaiant A: Institutionsl Registsr Variant B Vernacular Register

Figure 5.1
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[

il Quantitative Disparity Metrics

0Tiers -2pis Equitable Parity Maintained

7. Side-by-Side Administrative Breakdown

Figure 5.2
Figure 5.1 & Figure 5.2 Displays the Scopus Research
& Audit Suite (Interactive Counterfactual X-Ray
Studio), capturing the parallel processing stream
where Variant A and Variant B are evaluated side-by-
side.

V. DISCUSSION AND SOCIO-TECHNICAL
IMPLICATIONS

The empirical findings from our audit expose severe
socio-technical fault lines in automated e-governance
systems. While municipal bodies and welfare agencies
adopt LLM intake pipelines to cut operational
overhead and accelerate turnaround times, our
counterfactual evaluation demonstrates that these
systems inadvertently codify socio-linguistic privilege
into automated policy enforcement.

A. The Mechanics of Epistemic Marginalization

By systematically demoting vernacular and code-
mixed submissions by nearly an entire priority tier
(AP = 0.80) and docking credibility by an average of
1.40 points, these models operationalize what Miranda
Fricker terms testimonial injustice.

Citizens from non-elite backgrounds—who naturally
communicate using regional idioms, conversational
grammar, and transliterated vernaculars—are not
penalized for the factual substance of their claims, but
solely for their expressive register. This dynamic
erects an invisible algorithmic filter: it quietly
deprioritizes working-class and rural citizens reporting
acute material emergencies, granting preferential
queue velocity to those fluent in sanitized bureaucratic
English.

B. Algorithmic Gatekeeping and Manufactured
Friction

The 80.0% routing discordance rate illustrates how
linguistic friction quickly morphs into institutional
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neglect. While formal, well-structured grievances
easily trigger immediate field investigations or
executive escalations, vernacular reports routinely
trigger administrative burden flags, rerouting urgent
civic problems into sluggish, batched clerical queues.
Far from eliminating bureaucratic red tape, automated
intake pipelines often replace the contextual empathy
and discretion of frontline caseworkers with rigid
algorithmic gatekeeping. In doing so, they risk
entrenching historical socio-economic inequities
under the veneer of data-driven neutrality.

VL CONCLUSION AND FUTURE WORK

A. Conclusion

This study provides clear empirical proof that
automated e-governance triage architectures—despite
promises of administrative efficiency—can introduce
deep-seated socio-linguistic bias through automated
testimonial discounting and priority divergence.
Using a controlled counterfactual audit suite and an
interactive intake prototype, we demonstrated that
everyday vernacular and code-mixed grievances suffer
measurable priority demotions ( AP = 0.80 ) and
authenticity deficits (AAuth = 1.40). These findings
caution against uncritical transitions from street-level
bureaucracy to opaque algorithmic gatekeeping,
proving that technological modernizations in public
administration must safeguard epistemic equity
alongside processing speed.

B. Future Directions

To build on this benchmark, future work will focus on

three key areas:

1. Broader Linguistic Coverage: Expanding the
testbed to include low-resource regional dialects
and Dravidian language families (e.g., Telugu,
Kannada, Tamil) to stress-test regional code-
mixing across diverse state administrations.

2. Algorithmic Mitigation: Designing and testing
register-invariant normalization layers, in-context
debiasing prompts, and calibration adapters that
equalize priority scoring prior to downstream
routing.

3. Live Municipal Piloting: Partnering with civic
authorities to evaluate debiased triage pipelines in
active municipal environments, measuring
whether register-neutral processing reduces real-
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world resolution delays for marginalized
communities.
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