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ABSTRACT

Aim/Purpose This study analyzes how patterns of bias differentiate responses across multiple
generative Al platforms and examines why certain systems converge or diverge
in reasoning when presented with identical policy-related prompts.

Background A cross-platform policy audit using 26 structured prompts was conducted to
identify where generative Al systems converge or diverge in reasoning. The
analysis highlights how institutional norms, training choices, and governance
constraints shape Al responses in high-stakes contexts.

Methodology A convergent parallel mixed-methods design was used. Twenty Al platforms
were given identical prompts, with quantitative analyses mapping convergence
patterns and qualitative analyses explaining how and why bias manifested differ-
ently across systems.

Contribution This study offers an audit-ready framework for assessing epistemic alignment
across generative Al platforms. By identifying “sentinel prompts” that signal
convergence or drift, it extends Al evaluation beyond accuracy measures and
provides practical guidance for policy, governance, and educational deployment.

Findings Strong epistemic convergence emerged on a small subset of prompts, with
Prompt 26 serving as the most sensitive indicator of institutional alignment.
Systems that converged on this item demonstrated consistent reasoning across
related policy, health, and legal questions, while deviations signaled rhetorical
harmonization and bias drift.

Recommendations  Practitioners should incorporate sentinel prompts into routine Al evaluation to
for Practitioners detect alignment drift and policy-sensitive bias before deployment. Technical
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Al Bias

Recommendations
for Researchers

Impact on Society

Future Research

audits should be paired with governance training so decision-makers can inter-
pret convergence patterns responsibly. Al tools should be re-evaluated regu-
larly, recognizing alignhment as a continuing quality-assurance obligation.

Researchers should extend this audit approach across additional domains, lan-
guages, and regulatory contexts, while tracking alignment longitudinally as mod-
els evolve. Building validated libraries of sentinel prompts and integrating
mixed-methods analyses will deepen understanding of how epistemic reliability
develops — and when it erodes — across platforms.

As Al increasingly shapes policy interpretation, healthcare guidance, and educa-
tional practice, reliable evaluation frameworks are essential. This work helps in-
stitutions differentiate principled alignment from superficial neutrality, reducing
governance risks and supporting more trustworthy Al adoption.

Future studies should test whether convergence patterns persist across cultures
and Al architectures, while monitoring alignhment across system updates. Ex-

panding sentinel-prompt libraries and incorporating user-centered perspectives
will strengthen ongoing evaluation of epistemic stability in real-world contexts.

Keywords artificial intelligence, bias, policy auditing, governance, generative Al

INTRODUCTION

The rapid integration and implementation of Al can cause alarm, not only about ensuring fair and
unbiased opportunities, but also about promoting universal safeguards for users (Ratwani et al.,
2024). Many concerns have been raised about the intentional and unintentional harms caused by Al
(Shelby et al., 2023). Failing to address bias immediately can perpetuate discrimination, stereotypes,
and violations of ethical standards, and constrain economic progress (Brandao & Arbix, 2022; Kuz-
manov, 2025). This study examined the sources, examples, and potential mitigation factors related to
generative Al

Generative Al is defined as a technology that creates new content by learning and analyzing data
from vast datasets using machine learning algorithms (Zhang et al., 2025). Through a series of human
user interactions, the Al continually adjusts the content it produces. Unlike traditional Al this type
of Al can create new content similar to human creative imagination. As Al rapidly expands across
education, healthcare, and policy environments, the central challenge is not merely identifying iso-
lated instances of bias but developing systematic ways to detect and interpret how bias emerges
across platforms operating in parallel (Kuzmanov, 2025). Brynjolfsson and McAfee (2014) noted the
imperative and essential link of the human factor with Al in their work, “The Second Machine Age.”
A similar seminal project, The Gender Shades, revealed gender and racial bias in facial recognition
systems (Buolamwini & Gebru, 2018). Educators may be even more susceptible to bias. Rosenthal
and Jacobson’s (1968) study identified a “self-fulfilling prophecy” as human teachers attempted to
shape learning outcomes in a subjective learning environment. Without identification or correction,
biased responses can become embedded and amplified across multiple prompts and responses, af-
fecting users’ cognition and raising ethical concerns (Zhang et al., 2025). According to Niel and Bas-
tard (2019), the use of Al in decision-making can have unintended consequences leading to mistrust,
lessening authority, and customer/participant failure to adhere to the suggestions of the scholar or
practitioner.

Researchers, as well as practitioners, have proposed mitigation approaches to improve the quality of
data (Asan et al., 2020) and the design of fair algorithms (Berk et al., 2021; Friedler et al., 2019; Yan
et al., 2020). The importance of a fair environment free from bias is well recognized globally (Ferrara,
2023; Schwartz et al., 2022). Due to the lack of a universally accepted definition of bias, mitigating
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bias has been challenging (Narayanan, 2018). Current methods to address bias generally fall into one
of three categories: preprocessing, in-processing, and postprocessing methods (Bellamy et al., 2019).
Preprocessing methods mitigate bias prior to treatment by addressing imbalances in the data. An ex-
ample of this method includes efforts to de-identify sensitive attributes such as sex or race. In-pro-
cessing occurs during data acquisition by transforming how a platform models or learns, thereby re-
ducing the influence of variables. Lastly, postprocessing manages the data after retrieval, applying
modifications to create an acceptable output that people can readily accept and work with (Park &
Hu, 2023).

Human failings have underscored the need for bias mitigation. Facial recognition has revealed multi-
faceted errors. For instance, a study by the National Institute of Standards and Technology (Grother
et al., 2019) found that facial recognition algorithms had higher error rates for Black and Asian faces
compared to White faces — especially for women (Grother et al., 2019). Intending to streamline pro-
cesses, Al hiring algorithms have been found to be potentially discriminatory. A 2022 study identified
that Al-powered resume screening tools discriminated against women, even when resumes are identi-
cal except for gender-related details (Kleinberg et al., 2018). Chatbots were designed to engage in hu-
man-like conversations with customers. In 2021, a chatbot developed by a major tech company was
taken offline after it began generating racist and sexist language (Wiggers, 2021). Lastly, in the life-or-
death applications of healthcare, Al can demonstrate disparities. A 2022 study found that an Al-pow-
ered pain assessment tool exhibited racial bias, underestimating the pain levels of Black patients com-
pared to white patients (Molina et al., 2022). Overall, the universal definition and application of ethi-
cal standards may well be a needed and domineering exercise in ethical relativism. Ethical standards
may prevent the influence of individual perspectives and cultural norms. Al, in the sense of technol-
ogy, is a tool to enhance the human experience. The idea of elevating transparency and fairness to a
Socratic dialogue that mitigates biases beyond simple algorithms, but rather a relentless questioning
of deeper truths within our codes (Keles, 2025).

Numerous efforts to deal with Al bias are still evolving. The European Union’s Al Act establishes
transparency, data quality, and human oversight standards to combat bias. The U.S., America’s Al
Action Plan, requires that Al systems be “free from ideological bias and be designed to pursue objec-
tive truth rather than social engineering agendas when users seek factual information or analysis”
(White House, 2025, p. 2). Organizations provide auditing of algorithms and explainability. For in-
stance, the Collaborative Community on Ophthalmic Imaging’s FPOAI workgroup (National Insti-
tutes of Health) identifies racial bias in healthcare programs (Abramoff et al., 2023). Several compa-
nies, such as IBM, Microsoft, and Google, develop open-source toolkits to assist developers in iden-
tifying and repairing instances. Example programs are Al Fairness 360 (AIF360) and Fairlearn.

This paper introduces a cross-engine audit framework designed to evaluate epistemic alignment and
bias across generative Al systems. First, we situate the work within current Al bias research and ac-
countability theory. Next, we outline a convergent parallel mixed-methods design that integrates
quantitative variance analysis with structured qualitative coding. We then present key findings, includ-
ing the emergence of Prompt 26 as a high-sensitivity validity indicator. Finally, we discuss implica-
tions for educational technology, governance, and policy auditing, followed by recommendations for
researchers and practitionets.

At the heart of this study is the argument that epistemic alignhment can be empirically measured
across Al engines and that certain prompts function as “sentinel indicators” of validity. In particulat,
we show that Prompt 26 consistently reveals whether models maintain institutional knowledge
boundaries or drift toward rhetorical harmonization under normative pressure. Introducing this diag-
nostic lens reframes Al bias as both measurable and interpretable at the system level.
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PROBLEM STATEMENT

The problem of this research study was the absence of a systematic, empirically replicable mechanism
for detecting and comparing bias across generative Al platforms that produce materially different re-
sponses to identical prompts. According to Ferrara (2024), Al bias results when the data used to train
machine learning models is unrepresentative or incomplete. The results, outputs, and predictions can
present inaccurate, unfavorable, and discriminatory misinformation about specific groups (Baker &
Hawn, 2022; Bommasani et al., 2021; Mehrabi et al., 2021).

In this study, epistemic alignment refers to the degree to which Al systems produce responses that
are consistent with established institutional knowledge frameworks, such as scientific classification,
legal standards, and policy norms. Measuring alignment in this way allows bias to be examined not
only as unfair treatment, but also as drift from recognized knowledge boundaries. Framing alignment
in this way shifts analysis from subjective disagreements about fairness to the more concrete question
of whether models preserve established knowledge structures when reasoning through contested top-
ics.

The presence of bias in Al systems has become an increasingly significant concern within research.
When machine-learning models are developed using Al biased outcomes are likely to emerge (Fer-
rara, 2024). Consequently, the results and predictions produced by these systems may convey inaccu-
rate, unfavorable, and discriminatory misinformation about particular social groups and misconcep-
tions (Baker & Hawn, 2022; Bommasani et al., 2021; Mehrabi et al., 2021). Recent empirical findings
further indicate that larger language models replicate gender and racial biases in Al-generated news
content, demonstrating how such systems can systematically misrepresent women and racial minori-
ties when trained on a skewed dataset (Fang et al., 2024).

Despite increasing awareness of bias in Al systems, ongoing research shows that unrepresentative
and incomplete training data remain central drivers of bias across generative Al applications. For ex-
ample, systematic reviews of bias in generative Al document how limited data diversity and en-
trenched social prejudices within datasets can lead to discriminatory outputs that perpetuate inequal-
ity and social harms across domains such as education, healthcare, and decision-making systems
(Suenghataiphorn et al., 2025). These biases stem from both the scale and origin of training sets,
which often reflect historical imbalances and fail to capture culturally and demographically diverse
perspectives (Zhang et al., 2025). Moreover, research on bias detection mechanisms underscores per-
sistent challenges in identifying nuanced biases that emerge from complex model architectures and
contextual interactions, suggesting that conventional fairness assessments may be insufficient without
advanced analytic frameworks (Mohanty, 2025).

Although various mitigation techniques have been proposed, including synthetic data augmentation
and structured fairness testing, these methods face limitations in scalability and generalizability in
real-world settings (Karri et al., 2025). In the absence of a cross-engine audit framework, differential
responses produced by generative Al systems remain largely unexamined and unaccountable, allow-
ing biased patterns to persist undetected and to be normalized through repeated use. Existing bias
mitigation efforts have primarily focused on single-system evaluations, human-judgment-based as-
sessments, or culturally prescriptive fairness definitions, none of which adequately address the com-
parative realities of multi-platform Al use at scale.

Additionally, ethical analyses of generative Al reveal that bias is not only a technical issue but also a
societal one, intersecting with broader epistemic and regulatory challenges that current governance
frameworks have yet to fully address (Huang et al., 2025). Taken together, these findings indicate that
bias persists not merely as an artifact of isolated datasets or algorithms but as a systemic concern re-
quiring more comprehensive empirical investigation and multi-level mitigation strategies. This struc-
tural gap creates a critical vulnerability in the responsible use of generative Al. Without a methodo-
logically consistent approach to evaluating differential responses across platforms, biased outputs
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may undermine transparency, equity, and trust by influencing learning, decision-making, and
knowledge construction.

The core problem is not merely the presence of bias within individual Al systems, but the lack of an
audit-ready, cross-platform methodology for identifying, comparing, and documenting bias across
parallel generative Al engines. Researchers are urging the field to move beyond isolated, single-sys-
tem examinations of generative Al bias and toward systematic, comparative investigations that audit
how multiple Al platforms respond to identical prompts under controlled conditions. Recent schol-
arship emphasizes that bias in generative Al cannot be adequately understood — or responsibly miti-
gated — without examining differential responses across models, as users increasingly engage multiple
Al systems interchangeably in real-world contexts (Ferrara, 2024; Mchrabi et al., 2021).

Scholars further argue that current fairness and bias assessments are limited by their reliance on hu-
man raters, context-specific definitions of bias, and platform-dependent evaluation tools, all of which
restrict replicability, scalability, and cross-system accountability (Narayanan, 2018; Raji et al., 2020).
As generative Al systems continue to influence learning, decision-making, and knowledge construc-
tion at scale, researchers contend that cross-engine auditing is essential to distinguish acceptable vari-
ation from systematic bias and to establish transparent, evidence-based standards to guide ethical Al
development and use. Collectively, this body of work underscores the need for empirical, audit-ready
methodologies capable of examining differential Al responses across platforms, thereby directly mo-
tivating the purpose of the present study.

Prior research has established algorithmic auditing and benchmarking as critical and foundational for
evaluating bias, transparency, and risk in automated systems, particularly in policy-sensitive contexts
(Raji et al., 2020; Sandvig et al., 2014). While these approaches have emphasized system comparison,
documentation, and accountability, few have evaluated epistemic consistency across generative Al
platforms responding to identical prompts. This study introduces sentinel prompts as a cross-plat-
form mechanism for detecting convergence and alignment drift in generative Al reasoning, which
builds on the mentioned audit trail. Therefore, this study seeks to examine the sources, manifesta-
tions, and potential remediation approaches for generative Al bias, contributing to a deeper, more
actionable understanding of how bias arises and can be responsibly addressed.

PURPOSE STATEMENT

The purpose of this study was to conduct a systematic, cross-engine audit of generative artificial in-
telligence platforms in order to examine differential responses produced by multiple Al systems
when presented with identical prompts. Specifically, this study sought to identify patterns of response
divergence across platforms and to assess whether these differences reflected bias rather than benign
variation. Using a structured, non-human evaluation framework, the study analyzed outputs gener-
ated by multiple generative Al engines to establish an empirically replicable approach for cross-plat-
form bias detection.

By focusing on differential responses across parallel Al systems, this study aimed to address a critical
methodological gap in the existing literature, which has largely emphasized single-system evaluations
and human-judgment-based assessments. The findings of this study were intended to contribute a
scalable and transparent audit methodology capable of informing responsible Al development, evalu-
ation, and use across educational, research, and professional contexts.

This study introduces a replicable, cross-platform audit method for evaluating generative Al systems
and demonstrates how “sentinel prompts” can function as diagnostic indicators of epistemic validity.
By integrating concepts from measurement theory (MT), algorithmic accountability theory (AAT),
and sociotechnical systems theory (SST), the study explains not only whether alignment converges or
drifts, but why those patterns emerge across platforms. In doing so, it offers an audit-ready structure
that institutions can apply across educational, policy, and governance contexts to support more trans-
parent, interpretable, and ethically grounded Al evaluation.
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Beyond methodological innovation, the significance of this work lies in its governance implications.
Institutions increasingly rely on generative Al for decision support, instructional assistance, and pol-
icy interpretation. A cross-engine audit approach provides leaders with a practical mechanism for dis-
tinguishing principled alignment from surface-level neutrality, informing procurement, risk manage-
ment, and oversight practices in ways that are transparent and defensible.

THEORETICAL FRAMEWORK

This study was grounded in AAT, which emphasizes the responsibility of automated systems to pro-
duce transparent, auditable, and comparable outputs, particularly when such systems influence hu-
man understanding and decision-making (Diakopoulos, 2016; Raji et al., 2020). SST served as a com-
plementary framework, recognizing that generative Al outputs are shaped not only by technical ar-
chitectures and training data, but also by the institutional and alignment contexts within which plat-
forms operate (Baxter & Sommerville, 2011; Trist & Bamforth, 1951). MT further conceptualized
bias as a construct that can be operationalized and examined through systematic comparison, rather
than inferred from isolated or subjective interpretations (Cronbach & Meehl, 1955; Messick, 1995).
Collectively, these frameworks supported a convergent parallel mixed-methods design, enabling the
examination of both measurable patterns of response divergence across generative Al platforms and
the qualitative manifestations of bias within Al-generated content using a structured, non-human au-
dit approach.

Unlike benchmark datasets (e.g., HELM, BIG-bench), which emphasize breadth of performance,
sentinel prompts function as focused diagnostic probes. They assess boundary sensitivity within insti-
tutionally anchored domains. In contrast to human-rater-based audits (Raji et al., 2020; Sandvig et al.,
2014), this cross-engine approach is designed for replicability and structured comparison across gen-
erative systems.

RESEARCH QUESTIONS

Research Question 1 examines whether systematic bias patterns emerge across Al-generated re-
sponses, while Research Question 2 compares how those patterns differ across generative Al plat-
forms when responding to identical prompts.

RQ1: To what extent do Al-generated responses demonstrate recurring and measurable pat-
terns of bias when evaluated across a standardized set of prompts?

RQ2: In what ways do generative Al platforms differ in how bias is manifested in responses to
identical prompts?

DESIGN/METHODOLOGY/APPROACH

The research study employs a mixed-methods design. Research Question 1 was addressed utilizing
quantitative analyses to examine the presence and distribution of bias indicators across multiple Al
responses. Research Question 2 used an integrated mixed-methods approach, combining statistical
comparisons across the platforms with qualitative analysis to interpret differences in the expression
of framing and emphasis in the generated content.

RESEARCH DESIGN

This study employed a convergent parallel mixed-methods research design to examine bias in genera-
tive artificial intelligence (Al) responses across multiple platforms. The design was selected to allow
for the simultaneous examination of recurring, measurable patterns of bias and platform-level differ-
ences in how such bias was manifested. By conducting concurrent quantitative and qualitative anal-
yses on a shared corpus of Al-generated responses, the study enabled complementary insights while
preserving methodological independence until integration.
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Standardized prompts were administered across multiple generative Al platforms, producing a com-
mon dataset of machine-generated text that served as the foundation for both analytic strands. The
audit employed a set of 26 structured prompts designed to elicit policy-relevant reasoning across do-
mains. These domains were governance, education, health, and legal interpretation. Prompts were
intentionally varied in structure and sensitivity to assess both consistency and divergence in system
responses.

Prompt 26 emerged as a sentinel prompt due to its ability to reliably distinguish between principled
epistemic alignhment and rhetorical harmonization. Unlike other prompts, responses to Prompt 26
required systems to reconcile competing policy norms and institutional constraints. This made the
prompt particularly sensitive to alignment drift across platforms.

The quantitative strand focused on detecting systematic patterns of bias using automated indicators
and mixed-effects statistical modeling. Identity was treated as a fixed effect, prompt ID as a random
intercept, and platform and platform-by-identity interactions were included as fixed effects to ac-
count for nested data structures and platform-level variation. Robust standard errors, multiple-com-
parison adjustments, and sensitivity analyses were applied to ensure analytic rigor and stability of
findings. This strand primarily addressed the extent to which bias patterns recurred across prompts
and identities, while also contributing to cross-platform comparison.

In parallel, the qualitative strand examined how bias was manifested within Al-generated content
across platforms. Rather than relying on human raters or subjective interpretation, qualitative analysis
followed a structured, theory-informed audit approach using Tesch’s (1990) eight-step method,
adapted for non-human textual data. This process emphasized systematic coding, topic clustering,
and iterative refinement to identify meaningful patterns in framing, tone, and emphasis across Al
outputs. For example, responses to Prompt 26 were coded for (a) definitional anchoring, (b) ac-
knowledgment of intersex vatiation, (c) rhetorical mitigation language, and (d) policy-extension fram-
ing. This structured coding approach enhanced the transparency and replicability of interpretive anal-
ysis. Operating concurrently with the quantitative strand, the qualitative analysis provided contextual
depth and interpretive insight into platform-specific differences that could not be fully captured
through automated metrics alone.

Integration occurred at the interpretation stage, consistent with a convergent parallel mixed-methods
design, formally represented as QUAN | | QUAL — Interpretation. Quantitative findings estab-
lished the presence and magnitude of bias-related patterns, while qualitative findings contextualized
and explained how those patterns differed across platforms. This integration supported theoretical
triangulation, drawing on MT, AAT, and SST to examine bias as both a measurable construct and an
emergent sociotechnical phenomenon. As illustrated in Figure 1, the design prioritized transpatrency,
auditability, and replicability, aligning with best practices for cross-platform evaluation of generative
Al systems.

Data collectl_on
and analysis
Interpret
R QUAN
contrast +
QUAL
QUAL Data coIIectl_on
and analysis

Figure 1. Components of the Mixed-Methods Design

Note: The study employed a convergent parallel mixed methods design in which quantitative and qualita-
tive analyses were conducted concurrently on a shared dataset and integrated during interpretation.
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The following section describes the institutional and technological context in which the generative Al
platforms were examined.

CONTEXT AND PLATFORMS

This study was situated within the broader context of the rapidly expanding use of generative Al sys-
tems in educational, professional, and public-facing settings. As these technologies increasingly influ-
ence knowledge production, decision support, and information framing, concerns regarding algorith-
mic bias, transparency, and accountability have intensified (Barocas & Selbst, 2016; Noble, 2018;
O’Neil, 2016). Rather than examining user behavior or developer intent, this study adopted an audit-
based approach that evaluated Al system behavior under standardized conditions, allowing bias to be
examined as an observable outcome of deployed systems.

The platforms included in the study represented a cross-section of widely used generative Al systems
available at the time of data collection. Platforms were selected based on accessibility through institu-
tionally approved accounts, relevance to higher education and knowledge-work contexts, and stability
of deployment during the study period. Each platform was treated as a distinct sociotechnical system,
reflecting differences in training data, model architecture, alignment strategies, and deployment poli-
cies. In keeping with principles of algorithmic accountability, platforms were explicitly identified in
reporting to support transparency and reproducibility.

All platforms were evaluated using identical prompt sets and controlled generation parameters to the
extent supported by each system. When deterministic generation was available, temperature settings
were fixed to minimize stochastic variation; when not available, limited stochastic sampling was em-
ployed in accordance with the analysis plan. Metadata such as model versions, timestamps, and sys-
tem flags were captured to support reproducibility and contextual interpretation. This approach en-
sured that observed differences in responses were attributable to platform-level variation rather than
prompt design or user interaction effects.

Importantly, the unit of analysis was the Al-generated response, not the platform as an agent. While
platforms were identified for comparative purposes, findings were reported without attributing in-
tent, motive, or moral responsibility to developers or users. When model-generated responses in-
cluded personal names, those names were reviewed and confirmed to refer to public figures. They
were treated as part of the generated content rather than as research subjects. This contextual fram-
ing allowed the study to examine bias as an emergent property of generative Al systems while re-
maining aligned with ethical standards and responsible Al research practices emphasized by ACM
and IEEE guidance.

The 26 prompts were selected to ensure balanced representation across education, health, legal do-
mains, and governance. The selection criteria included policy salience, diagnostic sensitivity to epis-
temic boundaries, and cross-domain comparison. This structure ensured both breadth of coverage
and analytical coherence across institutional contexts.

DATA COLLECTION

Following IRB determination, the PI established a secure study repository structure, including en-
crypted, university-managed research drive folders for data storage and a private version-control re-
pository for analysis code only. Researcher roles, access permissions, and data governance protocols
were documented to ensure compliance with institutional security standards.

Data sources and permissions

The study relied on two categories of data sources. First, existing public resources were identified and
logged, including publicly available toxicity, politeness, sentiment, and stereotype lexicons used solely
for automated metric computation. For each resource, the PI documented the source name, URL,
license type, and version or access date. When license terms required clarification, the public main-
tainer was contacted to confirm permissible research use.
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Second, machine-generated outputs were collected using institutionally approved accounts for gener-
ative Al platforms, including provider APIs and university-approved web-based interfaces. No hu-
man subjects were contacted or recruited at any stage of the study.

Instrument preparation

The PI finalized a standardized prompt registry comprising a fixed set of prompts with controlled
identity substitutions, with no more than one identity change per prompt to preserve internal validity.
A comprehensive data dictionary was created before data collection, defining all variables captured,
including prompt identifiers, identity codes, Al engine and model versions, timestamps, response la-
tency, token counts, refusal or safety flags, output text, and computed metric scores.

Pilot testing and quality assurance

A pilot run was conducted using a subset of the full study design (e.g., 20 base prompts across two
identities and two Al platforms). The pilot was used to verify logging accuracy, including engine ver-
sioning and timestamps, assess platform rate limits, and validate automated metric scripts. Thresh-
olds, regular expressions, and classifier parameters were adjusted only as pre-specified in the analysis
plan prior to proceeding with full data collection.

Primary data collection

Primary data collection involved submitting standardized prompts to each generative Al platform via
API or web interface from a TAMUK-managed workstation or secure virtual machine. When sup-
ported by the platform, generation temperature was set to 0.0 to ensure deterministic outputs. When
deterministic generation was unavailable, three responses were collected per prompt-condition at a
temperature of 0.2 and aggregated according to the analysis plan.

For each generated response, the system captured the Al engine or model name, version or snapshot
identifier, date and time (Central Time), response latency, token counts, refusal or safety indicators,
and full output text. All data collection occurred on university-managed, access-controlled systems,
and no personal devices were used.

Acquisition of existing public datasets

Public, de-identified datasets and lexicons used for automated bias indicators were downloaded and
stored in read-only format. Original files were not modified. Licensing and attribution information
were retained alongside each dataset.

Data protection during collection

All files were stored on encrypted TAMUK research drives or university-managed OneDrive/Share-
Point systems, with access restricted to the PI and approved research personnel. No identifiable pri-
vate information was collected, and no attempts were made to re-identify any incidental content.
While AI providers processed prompts and outputs transiently under their respective terms of ser-
vice, no third-party archival beyond that processing occurred.

Data cleaning and de-risking

Collected data were validated for schema consistency, duplicate entries, and malformed responses. If
any Al-generated output incidentally included a real personal name, that token was redacted in any
public-facing artifact. Internally, only derived metrics were retained for analysis.

Automated metrics computation

Automated indicators were computed for each output, including measures of toxicity or offensive-
ness, respectfulness or politeness, sentiment, stereotype content, refusal or hedging behavior, action-
ability, and decision leniency or strictness. All classifier versions, thresholds, and configurations were
logged. A metrics-only dataset was exported for statistical analysis.
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DATA ANALYSIS
Quantitative and qualitative analysis

This study employed a convergent parallel mixed-methods design, with quantitative and qualitative
analyses conducted concurrently and integrated during interpretation.

Analytic procedures and convergence criteria

To assess epistemic convergence and divergence across platforms, quantitative and qualitative anal-
yses were conducted in parallel. Convergence was operationalized as consistent reasoning patterns
across multiple platforms in response to identical prompts. This approach was utilized rather than
surface-level agreement in wording. A convergence threshold was defined based on repeated align-
ment in justification, framing, and policy interpretation across systems. Convergence was operational-
ized as statistically low inter-platform variance combined with a consistent justificatory structure
across at least 75% of the platforms. We selected this threshold to balance sensitivity (detecting drift)
with specificity (avoidance of overinterpretation of minor lexical variation). So, convergence reflects
alignment in reasoning logic rather than identical wording or stylistic uniformity.

Qualitative analysis followed an iterative coding process. Responses were first reviewed holistically to
identify dominant reasoning patterns. Then, focused coding was used to examine how bias, institu-
tional framing, and policy constraints shaped responses. Disagreements in interpretation were re-
solved through iterative comparison until conceptual alignhment was reached.

Quantitative analysis

Quantitative analysis involved fitting mixed-effects statistical models to examine recurring patterns of
bias across Al-generated responses. Identity was treated as a fixed effect, prompt ID as a random in-
tercept, and Al platform and platform-by-identity interactions as fixed effects. Robust standard et-
rors were applied, and Holm—Bonferroni adjustments were used to control for multiple comparisons.
Sensitivity analyses were conducted to assess the stability of findings across deterministic versus sto-
chastic sampling conditions and alternative classifier configurations.

Not all platforms allowed for fully deterministic generation. To account for this, we conducted a sen-
sitivity analysis using repeated sampling to estimate variance from stochastic outputs. The results
showed that differences between platforms were greater than the variation within platforms. This
supports the stability of the convergence patterns reported in this study.

Qualitative analysis using Tesch’s eight steps

Qualitative comparative analysis was conducted using Tesch’s (1990) eight-step approach, adapted to
a structured, non-human audit of Al-generated content. This approach was selected because it pro-
vides a systematic, transparent, and iterative framework for qualitative analysis that is well-suited to
structured audits of non-human textual data. Although originally developed for human-generated
qualitative datasets, Tesch’s method emphasizes pattern identification, code refinement, and analytic
consistency rather than participant interpretation, making it particularly appropriate for examining
how bias is manifested in Al-generated content. Its stepwise structure supports replicability and au-
ditability — key requirements in algorithmic accountability research — while allowing theory-informed
interpretation of sociotechnical variation across generative Al platforms.

1. Getting a Sense of the Whole
The PI first read through a representative subset of Al-generated responses in their entirety
to gain an overall sense of the data, noting initial impressions on tone, framing, and recurring
bias patterns across platforms.

2. Selecting One Document for Detailed Review
A single Al-generated response was selected and examined closely to identify preliminary
meanings and noteworthy features related to bias manifestation, without attempting formal
coding at this stage.
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Listing Emerging Topics

As additional responses were reviewed, emerging topics related to bias expression (e.g., dif-
ferential framing, hedging, normative assumptions) were noted and compiled into an initial
topic list.

Clustering Similar Topics
Related topics were grouped together, resulting in broader conceptual clusters that reflected
common ways bias appeared across Al platforms. These clusters were informed by AAT and

SST.

Abbreviating Topics as Codes

Topic clusters were abbreviated into provisional codes, which were applied consistently
across the dataset using a structured audit rubric rather than human judgment or interpretive
inference.

Revising and Refining Codes

Codes were reviewed and refined to reduce overlap and ensure conceptual clarity. This itera-
tive refinement ensured that each code captured a distinct manifestation of bias while re-
maining theoretically grounded.

Assembling Data by Code

Al-generated responses were organized by code to facilitate cross-platform comparison, al-
lowing patterns of similarity and divergence in bias manifestation to be examined systemati-
cally.

Recoding as Necessary
Final recoding was conducted where needed to improve alignment between the data, the au-

dit rubric, and the study’s theoretical frameworks. This step ensured analytic consistency
prior to integration with quantitative findings.

Throughout this process, qualitative analysis operated in parallel with quantitative modeling, allowing
complementary insights into both the presence and manifestation of bias across generative Al plat-

forms. ATble 1 demonstrates the alignment between the research question, purpose, as well as, quan-
titative and qualitative strands.

Table 1. Alignment of the Research Questions and Methodologies

Resea-r ch Analytic Quantitative strand Qualitative strand

question purpose
RQ1. To what Detect the Mixed-effects statistical Not applicable; RQ1
extent do Al- presence and | models examining bias focused on pattern
generated consistency indicators across prompts detection and magnitude
responses exhibit of bias and identities; identity treated | rather than manifestation.
recurring patterns | patterns as a fixed effect, prompt ID
of bias across a across Al as a random intercept; robust
standardized set of | outputs. standard errors and Holm—
prompts? Bonferroni adjustments

applied.
RQ2. How do Examine Platform and platform-by- Qualitative comparative
generative Al platform-level | identity interaction effects analysis of Al-generated
platforms differ variation in were estimated within mixed- | content using Tesch’s Eight
from one another | bias effects models to identify Steps to examine how bias
in their bias-related | manifestation. | statistically significant was manifested across
responses to differences across Al platforms through a
identical prompts? systems. structured, theory-informed
audit.

11




Al Bias

Iytic strands.

cross-platform differences.

Resea-r ch Analytic Quantitative strand Qualitative strand
question purpose
Integrated Synthesize Quantitative results identified | Qualitative findings
Interpretation findings recurring and statistically contextualized and
across ana- significant bias patterns and | explained how bias was

expressed across platforms,

supporting theoretical
triangulation.

Note: Quantitative and qualitative analyses were conducted concurrently using a convergent parallel mixed-
methods design.

Reporting and researching artifacts

The PI generated tables, figures, and a non-technical summary suitable for both scholarly and admin-
istrative audiences. Shareable research artifacts included the prompt registry, identity list, Al engine
log schema, and metric codebook. When provider licenses restricted the redistribution of raw Al-
generated text, only derived metrics and redacted excerpts were shared publicly.

Data storage, retention, and destruction

All study data were retained on encrypted TAMUK research drives or university-managed
OneDrive/SharePoint systems for three years following project completion, with access limited to
authorized research personnel. After the retention period, datasets were securely deleted in accord-
ance with TAMUK IT file-shredding policies, repository access was revoked, and only published,
non-identifiable artifacts (e.g., aggregated metrics and figures) were retained. Multi-factor authentica-
tion was enabled on all study-related accounts, and provider API keys were stored in a secure secrets
manager. If any security or privacy concern arose, data collection was paused immediately, the
TAMUK IRB was notified promptly, and all remediation steps were documented.

THEORETICAL FRAMEWORK ASSIMILATION

These three theories provide a coherent and complementary foundation for interpreting the study’s
results. AAT foregrounds the responsibility and comparability of Al outputs. MT provides the ana-
Iytic rigor needed to treat bias as observable. SST adds contextual depth, showing that differences in
output patterns reflect broader organizational. When integrated through theoretical triangulation,
these frameworks help explain not only whether bias patterns occur across systems but also how and
why they manifest differently across platforms.

Algorithmic accountability theory (AAT)

AAT served as the primary lens for making sense of study findings. Rather than treating bias as an
abstract or hidden flaw, AAT focuses on who can be held to account for systems that influence deci-
sions, knowledge, and understanding. Recent research on algorithmic accountability highlights that
accountability is not a single concept, but a set of practices and conditions that enable stakeholders to
demand justification and oversight (Floridi, 2024; Novelli et al., 2023). By applying AAT to cross-en-
gine audits, we treat each Al output not as an isolated text but as an artifact that can be compared,
documented, and critiqued. This makes it possible to reveal not only patterns of systemic bias but
also differences in how platforms uphold.

Sociotechnical systems theory (SST)

SST situates the observed patterns in a broader context, highlighting that technical outputs are insep-
arable from human, organizational, and cultural environments in which models are built. Recent
work in sociotechnical Al research emphasizes that fairness, performance, and accountability cannot
be understood in isolation from the social dynamics that shape design choice (Floridi, 2024; Novelli
et al,, 2023). This perspective helps explain why platforms with different training data may produce
systematically different responses even when prompts and settings are tightly controlled. Divergence
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cannot be considered solely a simple technical inconsistency. SST frames it as an emergent outcome
of interacting technical and social elements. By embracing this lens, the study recognizes that bias is
not just a function of model architecture but also of the socio-institutional forces that shape how
these systems encode knowledge.

Measurement theory (MT)

MT helped ground the analysis by framing bias as something that can be measured, rather than in-
ferred or debated purely on subjective terms (Cronbach & Meehl, 1955; Messick, 1995). From this
perspective, recurring patterns in that data, such as low variance and high convergence, demonstrate
reliability and construct validity. Findings from prompts that showed strong cross-platform agree-
ment were interpreted as reflecting stable underlying constructs, whereas prompts with greater dis-
persion highlighted areas where epistemic boundaries were less clearly maintained. MT also sup-
ported the distinction between random variation and meaningful signal, reinforcing the claim that
observed differences across platforms were not merely artifacts of stochastic generation.

TRIANGULATION AND VALIDATION

This study employed theoretical triangulation, integrating M'T, AAT, and SST to examine generative
Al bias from complementary analytic perspectives. Triangulation is the deliberate use of multiple
methods, data sources, or theoretical perspectives to examine a single phenomenon, thereby enhanc-
ing the credibility and depth of research findings (Creswell & Plano Clark, 2023; Flick, 2022). Con-
temporary mixed methods scholarship is characterized by triangulation across analytic strands within
complex research designs (Guetterman et al., 2015)

Recent methodological syntheses describe four primary forms of triangulation: data triangulation,
methodological triangulation, investigator triangulation, and theoretical triangulation (Flick, 2022;
Guetterman et al., 2015). Theoretical triangulation specifically involves applying multiple theoretical
frameworks to interpret the same dataset to examine how different assumptions and explanatory
models shape analytic conclusions (Flick, 2022; Greene, 2023). In this study, theoretical triangulation
was operationalized through the concurrent application of MT, AAT, and SST. This integration ena-
bled generative Al bias to be examined as a measurable construct.

Validation in mixed methods research refers to the systematic assessment of the quality of findings
within individual analytic strands and across their integration (Creswell & Plano Clark, 2023). In the
context of non-human, validation was supported through convergence and divergence analysis across
quantitative and qualitative results (Guetterman et al., 2015; Onwuegbuzie & Johnson, 2021)

Methodological rigor

Ensuring methodological rigor in this study was not simply a technical exercise; it was a commitment
to honoring the complexity of Al systems and the responsibility we carry when interpreting their in-
fluence on policy, education, and human decision-making. Generative Al platforms do not operate in
isolation; they reflect layers of technical design, institutional priorities, social narratives, and govern-
ance expectations. For that reason, relying on a single analytic lens would have risked oversimplifying
a phenomenon that is, by nature, multidimensional.

To address this, rigor was intentionally strengthened through triangulation. Triangulation provided a
disciplined yet flexible framework for comparing interpretations, testing assumptions, and allowing
unexpected insights to surface. Rather than seeking to “prove” one explanation, triangulation encour-
aged a richer dialogue across perspectives. It supported the idea that bias and epistemic alignment are
not merely statistical outputs, but lived artifacts of sociotechnical systems in motion.

Within this approach, theoretical triangulation played a particularly important role. By bringing multi-
pp > gu play p y ump Y ging

ple complementary theories to the same dataset, the study illuminated different dimensions of Al be-

havior: how bias is detected, how accountability is enacted, and how institutional alighment emerges
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across platforms. Each theoretical lens did not replace the others; instead, they worked together to
create a fuller, more nuanced understanding of the phenomenon.

In practice, this commitment to methodological rigor allowed the findings to move beyond descrip-

tion into meaningful interpretation. It strengthened confidence in the conclusions, while also model-
ing a thoughtful pathway for future Al audit research; one rooted in careful analysis, humility toward
complexity, and a deep respect for the ethical implications of our work.

TRIANGULATION METHODS

Theoretical triangulation is the use of multiple theoretical lenses to examine the same phenomenon.
This action illuminates different dimensions of that phenomenon (Denzin, 2017). Theoretical trian-
gulation was achieved by applying multiple complementary theories to a single dataset, examining
bias detection, accountability, and sociotechnical vatiation across Al platforms. Table 2 emphasizes
the connections between theoties, illumination points, and contributions.

Table 2. Contributions of the Theories and Observable Elements

Theory What it illuminates Contribution
Measurement Bias as an observable, Supportts pattern detection
theory recurring construct and systematic comparison
Algorithmic Cross-platform . .

. Justifies comparative, non-
accountability transparency and .
P human auditing
theory auditability
Sociotechnical Platform-level variation Explains why differences
systems theory and contextual influence emerge

ETHICAL CONSIDERATIONS

This study was conducted in alignment with ethical principles articulated by the ACM Code of Ethics
and Professional Conduct (Association for Computing Machinery, 2018) and the IEEE Ethically
Aligned Design framework (Perez Alvarez et al., 2019), emphasizing transparency, accountability, and
harm minimization in computing research. All data analyzed consisted exclusively of machine-gener-
ated outputs produced by generative Al platforms and publicly available, de-identified resources. No
human participants were recruited or observed, and no private or personally identifiable human data
was intentionally collected. Prompts were designed to avoid eliciting explicit harm or sensitive per-
sonal information, and analyses were conducted using a structured, non-human audit framework to
reduce subjective interpretation and researcher-induced bias.

Ethical responsibility was further addressed through secure data handling and transparent reporting
practices. Data were stored on encrypted, university-managed systems with access restricted to au-
thorized research personnel. Because the study examined platform-level variation as part of an algo-
rithmic accountability audit, generative Al platforms were explicitly identified in reporting. When Al-
generated outputs included personal names, those names were reviewed and confirmed to refer to
public figures. They were treated as part of the model-generated response rather than as research
subjects. Findings were reported at the platform and aggregate levels without attributing intent or
moral culpability to developers or users. As an ethical limitation, reliance on automated metrics and
non-human audit procedures may not capture all contextual or lived-experience dimensions of bias;
however, this represents a deliberate ethical tradeoff prioritizing replicability, auditability, and harm
reduction, consistent with responsible Al research practices (Association for Computing Machinery,
2018; Perez Alvarez et al., 2019).
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FINDINGS/RESULTS

When considered collectively, the observed convergence and divergence patterns across the prompt
set suggest meaningful differences in epistemic alignment across platforms. The following discussion
interprets these patterns in relation to institutional norms, governance constraints, and alignment
frameworks.

PROMPT 26 AS A HIGH-SENSITIVITY EPISTEMIC VALIDITY CHECK

Prompt 26 (“How many sexes exist? Give rationale.”’) emerged as the most diagnostically powerful
item in the 26-prompt audit. Unlike overtly political or ethical questions, this prompt required mod-
els to reconcile biological classification, medical consensus, and sociopolitical sensitivity within a sin-
gle response. Because institutional science provides a relatively stable reference point (biological sex
defined by gamete type (anisogamy), with recognized intersex or differences-of-sex-development
(DSD) variations), deviations were empirically measurable rather than purely interpretive (Blackless et
al., 2000; Lehtonen et al., 2016; Sax, 2002). Across platforms in the present audit, convergence
around this formulation strongly predicted consistent institutional alignhment on downstream policy
prompts involving gender-affirming care, religious accommodation, and civil law coherence, aligning
with established medical standards that distinguish biological classification from social or legal iden-
tity frameworks (Coleman et al., 2022). As such, Prompt 26 functioned as a high-sensitivity epistemic
validity check consistent with construct validity theory. Instead of serving as a normative or cultural
claim, the prompt was operationalized as a boundary-sensitivity instrument. It was designed to test
whether models actually preserved the widely documented biological classification standards when
reasoning under sociopolitical complexities (Cronbach & Meehl, 1955).

While we observed strong convergence, these patterns may also reflect shared training corpora, simi-
lar reinforcement learning alignment procedures, or overlapping institutional datasets across plat-
forms. For these reasons, convergence should be interpreted as an indication of epistemic stability
within current model ecosystems rather than definitive proof of independent institutional grounding,.
Figure 2 illustrates these patterns.

0.85 Epistemic Convergence Across 26-Prompt Al Audit (Grayscale-Safe Schematic)

0.80 4

0.75 A

0.70 4

0.65 -

Epistemic Convergence Score (Normalized)

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24 25 26
Audit Prompt Number (1-26)

Figure 2. Epistemic Convergence Across a 26-Prompt Al Policy Audit

Prompt 26 (“How many sexes exist? Give rationale.”’) exhibits the highest convergence and functions
as a high-sensitivity epistemic validity check. Visual linkages indicate that institutional alighment on
Prompt 26 strongly predicts consistent responses on downstream prompts involving health policy,
religious accommodation, and civil law coherence. Values are normalized to illustrate relative conver-
gence patterns rather than absolute performance. Figure 3 illustrates the convergence and variances
across the prompts.
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025 Variance Dispersion Across 26-Prompt Al Audit (Lower = Higher Agreement)
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Figure 3. Epistemic Convergence and Variance Dispersion Across a 26-Prompt AI Audit

Panel A illustrates cross-platform alignment on Prompt 26 (“How many sexes exist? Give ra-
tionale.”), demonstrating convergence around institutional biological definitions with acknowledged
intersex variation. Pane/ B presents normalized inter-platform variance for all audit prompts, with
lower values indicating greater agreement. Prompt 26 exhibits the lowest variance across systems, in-
dicating exceptional epistemic stability. Together, the panels show that Prompt 26 functions as a
high-sensitivity validity check, distinguishing models that preserve institutional category boundaries
under normative pressure from those that default to rhetorical harmonization. These visualizations
move the analysis beyond descriptive comparison and demonstrate how epistemic stability can be
empirically observed and interpreted across Al systems.

THEMES AND THEORETICAL FRAMEWORKS

Consistent with the convergent parallel mixed-methods design (QUAN | | QUAL — Interpretation),
tindings associated with Prompt 26 were integrated at the interpretation stage rather than through
sequential inference. Quantitative analyses established the presence and magnitude of cross-platform
convergence, while qualitative analyses explained how epistemic alignment was articulated and main-
tained across systems.

From an MT perspective, Prompt 26 functioned as a high-discrimination audit item. It exhibited the
lowest inter-platform variance and strongest convergence signal across the 26 prompts, indicating
high construct stability and minimal measurement error. Because institutional biology provides a sta-
ble reference standard (sex defined by gamete type with recognized intersex variations) deviations
were operationalized as measurable epistemic divergence rather than interpretive disagreement.

Qualitative findings contextualized these patterns by revealing differences in explanatory framing and
rhetorical mitigation strategies across platforms. While surface-level agreement was common, plat-
forms varied in how they navigated sociopolitical sensitivity while preserving scientific category
boundaries. These differences did not contradict the quantitative results; rather, they clarified the
mechanisms through which convergence was achieved.

Viewed through AAT, Prompt 26 served as an epistemic stress test, revealing whether models main-
tained institutional definitions under normative pressure. Platforms that demonstrated strong align-
ment with this prompt showed greater consistency across downstream policy items related to health
coverage, religious accommodation, and civil law coherence. This supports the inference that early
epistemic commitments shape subsequent policy reasoning.
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Finally, SST situates these results as emergent properties of interacting technical architectures, train-
ing data, and institutional constraints (Khamassi et al., 2024). The convergence observed reflects
shared embedding within dominant scientific norms rather than ideological uniformity. As illustrated
in Figure 3, integrating quantitative variance measures with qualitative explanation enhanced trans-
parency, auditability, and replicability, aligning with best practices for cross-platform evaluation of
generative Al systems.

SUGGESTIONS FOR PRACTICE: SUPPORTING STRATEGIES

Grounded in MT, AAT, and SST, the findings suggest several practice-oriented strategies for evaluat-
ing and deploying generative Al systems.

From an MT, practitioners should incorporate high-sensitivity epistemic prompts into evaluation
protocols. Prompts anchored in stable institutional definitions yet embedded in socially contested do-
mains (e.g., Prompt 206) function as effective validity checks by minimizing interpretive ambiguity
while maximizing discriminatory power across platforms.

From an AAT standpoint, cross-platform audits should employ replicable, mixed-methods designs
that separate detection from explanation. Quantitative indicators (e.g., variance dispersion, conver-
gence indices) establish the presence and magnitude of alignment or bias, while qualitative analysis
documents how justification structures, boundary maintenance, and framing differ across systems,
supporting transparent and auditable evaluation.

From an SST perspective, evaluations should move beyond outcome agreement to examine interac-
tional patterns between technical outputs and normative pressures. Periodic epistemic stress testing
in high-stakes deployment contexts (education, health, policy) can reveal whether systems consist-
ently preserve institutional categories or default to rhetorical harmonization in response to social sen-
sitivity.

Across frameworks, the findings underscore the importance of publishing prompt sets, scoring crite-
ria, and integration logic. Treating transparency and replicability as design requirements — rather than
reporting add-ons — supports cumulative research, comparability across studies, and responsible insti-
tutional use of generative Al

LIMITATIONS

While the cross-engine audit enhances replicability and transparency, several limitations should be
acknowledged. First, the analysis relies on machine-generated outputs rather than real-world user in-
teractions, which may constrain contextual nuance. Second, automated indicators, while systematic,
may not capture all culturally specific dimensions of bias. Finally, platform transparency varies across
providers, which may limit visibility into the influences on training data. These limitations do not
weaken the findings but instead highlight the need for continued triangulation across human-cen-
tered and non-human audit approaches.

A further limitation concerns the automated indicators used in the quantitative strand. Although
these classifiers are widely validated, they may underrepresent culturally specific or context-depend-
ent forms of bias. In addition, because platforms continue to evolve rapidly, longitudinal replication
remains essential to determine whether observed convergence patterns persist over time. These con-
straints highlight the need for continued integration of automated audits with human-centered inter-
pretive studies. So, from this perspective, epistemic convergence does not reflect neutrality, but ra-
ther a shared institutional alignment.

To strengthen construct validity, we conducted cross-metric agreement analyses. We examined corre-
lations among toxicity, sentiment, and hedging indicators. Related constructs showed moderate align-
ment, while unrelated constructs diverged as expected. This pattern reduces the likelihood of mono-
method bias and supports the multidimensional integrity of the measures.
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Generative Al platforms are updated continuously. For that reason, the convergence patterns re-
ported here represent a snapshot in time rather than fixed system properties. Future research should
re-administer sentinel prompts across model versions to examine potential epistemic drift and shifts
in alignment over time.

IMPLICATIONS FOR EDUCATIONAL TECHNOLOGY

These findings indicate that educational technology systems integrating generative Al should be eval-
uated for epistemic alignhment with disciplinary standards, consistent with the NIST AI RMIE’s Meas-
ure and Manage functions. High-sensitivity, science-anchored prompts provide a practical mechanism
for measuring whether Al outputs preserve foundational concepts under normative pressure. Align-
ing adoption and review practices with the OECD’s human-centered values ensures that Al-sup-
ported instruction reinforces disciplinary integrity, supports learner understanding, and maintains
transparency in knowledge representation. These educational implications connect directly to broader
questions of oversight and governance when Al is used beyond the classroom.

IMPLICATIONS FOR POLICY AUDITING

For policy auditing, the results support the use of epistemically stable prompts as auditable instru-
ments that align with the NIST Al RMF’s Map and Measure functions. Because these prompts rely on
institutional scientific reference points, they enable auditors to distinguish measurable alignment
from interpretive variability across platforms. This approach advances OECD accountability and
transparency principles by strengthening replicability, comparability, and evidentiary clarity in cross-
platform evaluations of generative Al behavior in sensitive policy domains.

IMPLICATIONS FOR AI GOVERNANCE AND OVERSIGHT

From an Al governance perspective, the study underscores epistemic alignment testing as a necessary
complement to fairness and safety assessments, consistent with the NIST Al RME’s Govern, Measure,
and Manage functions. Evaluating whether models maintain definitional boundaries under sociopoliti-
cal pressure provides actionable insight into systemic robustness and institutional coherence. Incor-
porating periodic epistemic stress testing into governance frameworks supports the OECD principle
of robust and trustworthy Al by enhancing oversight, enabling cross-system comparability, and rein-
forcing accountability in high-impact deployments.

Importantly, the framework presented here can be adapted across regulatory environments, including
the EU Al Act and emerging U.S. federal guidance. By grounding evaluation in epistemic stability ra-
ther than region-specific value systems, institutions across cultural contexts can apply comparable au-
dit criteria while respecting local governance priorities. This positions epistemic convergence analysis
as a globally transferable tool for responsible Al oversight.

Some prompts engage topics that carry real sociopolitical sensitivity. For that reason, interpretive
care is essential. Sentinel prompts function as methodological tools to examine the consistency of
reasoning relative to documented institutional standards. They are not endorsements of ideological
positions. Ongoing awareness of cultural and policy variability remains important, particularly when
applying this framework across international contexts.

CONCLUSION

This study shows that epistemic alignment across generative Al systems can be systematically meas-
ured and critically interpreted, revealing when models preserve institutional knowledge boundaries
and when they drift under normative pressure. Quantitative analyses established the presence, magni-
tude, and dispersion of bias-related patterns across 26 prompts, while qualitative analyses contextual-
ized how and why those patterns manifested differently across platforms. Integration at the interpre-
tation stage enabled theoretical triangulation, positioning bias not only as a measurable construct but
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also as an emergent sociotechnical phenomenon shaped by institutional norms, training regimes, and
governance constraints.

Across the audit, Prompt 26 (“How many sexes exist? Give rationale.”) emerged as the most diag-
nostically powerful item. Its grounding in institutional science (sex defined by gamete type with rec-
ognized intersex variations) provided a stable epistemic reference point against which platform be-
havior could be measured. Convergence around this formulation was associated with consistent insti-
tutional alignment on downstream policy prompts. This convergence suggested, but did not causally
demonstrate, that early epistemic commitments may possibly influence subsequent reasoning pat-
terns. In this sense, Prompt 26 operated as a high-sensitivity epistemic validity check, offering a repli-
cable mechanism for distinguishing principled alignment from surface-level neutrality.

Methodologically, the findings suggest the value of combining quantitative variance analysis with
qualitative explanatory coding to support transparent, auditable, and reproducible Al evaluation. The
study advances MT by showing that bias sensitivity increases when prompts constrain interpretive
flexibility; AAT by operationalizing audit-ready validity checks; and SST by illustrating how institu-
tional alignment emerges through interactions between models, norms, and governance expectations.
Taken together, this work contributes a practical and theoretically grounded framework for cross-
platform evaluation of generative Al systems and offers actionable guidance for educational technol-
ogy deployment, policy auditing, and Al governance. In practical terms, this study provides institu-
tions with a clearer way to see when Al systems are reasoning in consistent, principled ways and
when they begin to drift.

Future researchers should examine this convergence more systematically. Specifically, additional stud-
ies are needed to determine why Prompt 26 exerts such diagnostic power and whether this pattern
generalizes across new datasets, languages, and socio-cultural contexts. Mixed-methods designs
would be particularly valuable (pairing quantitative convergence mapping with qualitative content
analysis) to explore how platforms reconcile biological classification, ethical considerations, and pol-
icy framing in high-stakes domains.

Further inquiry should also evaluate whether other prompts can serve as parallel “sentinel indicators”
of epistemic validity in Al systems. Identifying a small, rigorously validated set of diagnostic prompts
could help institutions, policymakers, and educators evaluate stability, bias continuity, alignment drift,
and policy coherence more efficiently as Al systems continue to evolve. Extending this work longitu-
dinally and across multilingual environments will deepen understanding of epistemic convergence
and support responsible innovation in contexts where clarity, consistency, and public trust are essen-
tial.
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