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Despite near-universal Al adoption among university students, no established framework connects student Al
interaction patterns to the career outcomes they may predict, leaving institutions without the evidence to guide
integration or assess the cost of inaction. This study establishes a preliminary empirical bridge between observed
student engagement and occupational outcomes through a novel multi-rater protocol combining human exper-
tise with architecturally diverse large language models. We conduct a macro-structural analysis of discipline-
level patterns across the National Center for Education Statistics field of study taxonomy by mapping aggre-
gated data from 574,740 student interactions onto a validated career-competency framework. The findings
reveal a structural alignment between pedagogical practice and economic stratification. Disciplines with the
highest female representation occupy the lowest range of Al Interaction Scores. These same disciplines already
face substantial earnings disadvantages, with a $52,090 gap separating the highest and lowest-earning fields. Al
Interaction Scores correlate negatively with female representation (p = —0.68) and positively with median
earnings (p = 0.72), suggesting unguided integration may entrench rather than ameliorate existing inequities.

1. Introduction

The integration of artificial intelligence into students' academic lives
is no longer an emerging trend but a global norm. Recent large-scale
surveys demonstrate near-universal adoption: 86 % of students glob-
ally now use Al in their studies [1], with another survey of over 11,000
undergraduates finding a similar rate of 80 % [2]. Moreover, the pace of
this integration is accelerating rapidly, with student AI use surging from
66 % to 92 % in a single year [3]. This rapid assimilation establishes the
urgent context for this study; yet, no pedagogical consensus exists on
how integration should proceed.

The field lacks shared frameworks for what Al systems can reliably
do, how students should engage them for learning versus efficiency, and
which interaction patterns translate to workplace competency [4]. The
invocation of 'Al literacy' as a curricular solution exemplifies the depth
of this void. Literacy denotes foundational conceptual understanding,
not the sophisticated human-AI collaboration increasingly demanded by
labor markets [5]. Meanwhile, the disconnect between technical profi-
ciency and effective workplace application persists, as many universities
have yet to integrate Al comprehensively into their curricula [6,7]. This
conceptual vacuum may disadvantage students' career prospects.

The integration of artificial intelligence into global economic
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systems represents not an incremental technological shift but a funda-
mental restructuring of work, skill valuation, and career trajectories
[8-10]. As Al systems transition from specialized research tools to
ubiquitous academic companions [11], educational institutions bear a
dual obligation: cultivating disciplinary knowledge and fostering the
human-AI competencies now essential for workforce participation [12,
13]. Yet, the pedagogical paradigms and institutional policies governing
student Al adoption lack empirical or theoretical linkage to the inter-
action patterns associated with upward career mobility [14,15]. This
disconnect is not a benign oversight; it risks mis-calibrating educational
investments toward Al literacy while neglecting the competency
development that labor markets reward. This study addresses this la-
cuna by systematically mapping observed student Al interactions onto
empirically validated career competency frameworks, revealing both
promising opportunities and persistent inequities that suggest peda-
gogical intervention is needed.

Notably, this disconnect may compound existing inequality. Aca-
demic disciplines are stratified by gender (NCES, 2023a), and critical
algorithmic scholarship has established that technology adoption
without intentional equity-focused design perpetuates structural dis-
parities [16,17]. If prevailing AI usage patterns differ across disciplines
and align with the career-advancing versus automation-susceptible
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distinction identified in occupational research, unguided integration
risks encoding disadvantage not in the algorithms but in the interaction
patterns that disciplines pedagogically promote or tacitly permit.
Compounding documented technological biases and existing gendered
economic stratification, we submit an additional vector of inequity
rooted in pedagogical practice itself.

Beyond long-term career trajectories, the immediate learning envi-
ronment itself misses significant opportunities when AI pedagogical
gaps persist. Without targeted instructional frameworks guiding how Al
tools are employed, students risk defaulting to superficial interactions
characterized by cognitive offloading by soliciting direct answers or
completed outputs with minimal personal engagement or critical
reflection [18,19]. This interaction dynamic weakens foundational
cognitive skills such as problem-solving, analytical reasoning, and in-
formation synthesis, undermining precisely the competencies higher
education strives to cultivate [20,21]. Furthermore, disciplines lacking
structured Al integration inadvertently foster passive learning environ-
ments rather than active, cognitively engaged classrooms. In such con-
texts, students lose opportunities to develop nuanced human-Al
collaborative skills. These are skills essential not only for future pro-
fessional success but also for immediate academic growth and intellec-
tual maturity [22]. Addressing this pedagogical gap thus serves dual
purposes: it safeguards immediate educational quality and lays the
necessary groundwork for long-term career readiness.

To confront the aforementioned challenges, we draw on sociocul-
tural learning theory's Zone of Proximal Development and critical per-
spectives on Al's societal impact, employing the Al-Accentuated Career
Transitions (2ACT) framework [14]. Our study aims to:

1. Systematically map student Al interaction patterns onto the 2ACT
framework to translate observed student behaviors into career-
relevant Al interaction categories.

2. Quantify the overall prevalence of career-relevant (augmentation-
focused vs. automation-focused) 2ACT patterns within observed
student Al usage.

3. Examine associations between discipline-level Al Interaction Scores,
median graduate earnings, and gender composition across the fed-
eral NCES field-of-study taxonomy.

4. Delineate specific, empirically informed, and theoretically grounded
pedagogical recommendations designed to cultivate equitable,
career-advancing human-AI collaborative skills.

This investigation contributes a macro-structural analysis of the
complete NCES field-of-study taxonomy (574,740 conversations across
9 disciplines), identifying structural patterns that individual-level
studies cannot detect to generate testable hypotheses for targeted pri-
mary research. The findings reveal statistically significant associations
between Al interaction patterns, median graduate earnings, and gender
composition, while the resultant pedagogical recommendations advo-
cate targeted, equity-focused strategies amenable to intervention
research.

The balance of work unfolds as follows: Section 2 reviews the rele-
vant literature on Al's impact on occupational transformation, student Al
engagement, and emerging equity disparities. Section 3 details the
mixed-methods approach, including the conceptual mapping protocol
and the derivation of the AI Interaction Score. Section 4 presents the
findings from the conceptual mapping, the calculation of the overall
2ACT pattern prevalence, and the analyses. Section 5 discusses these
findings, interpreting their alignment (and misalignment) with career-
advancing competencies, critically examining the gendered implica-
tions, and connecting them to broader debates on skill development
versus cognitive offloading. The articulation of detailed pedagogical
recommendations is presented in Section 6. Finally, Section 7 outlines
the study's limitations and proposes directions for future research, and
Section 8 concludes with the overarching implications of this work for
higher education in the Al era.
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2. Literature review

The confluence of artificial intelligence and labor market dynamics
has fundamentally altered the landscape of work and the competencies
required for career advancement. To establish the need for evidence-
based pedagogical frameworks that bridge current student AI usage
with career-advancing competencies, this review synthesizes research
across three domains: Al's transformation of work, emerging student Al
engagement patterns, and the equity implications of this technological
shift.

2.1. Al and the future of work: from automation to augmentation

The discourse on Al's labor market impact has matured from initial
narratives of widespread job displacement [23] to more nuanced un-
derstandings of task transformation and human-Al complementarity [8,
24]. While early research focused on technology's role in automating
routine tasks and complementing non-routine cognitive work [24,25],
recent scholarship reveals how Al specifically reshapes occupational
tasks, creating new demands for human-Al collaboration [26,27].

This evolution reflects the changing nature of skill-biased techno-
logical change [28], where AI differentially impacts roles and poten-
tially amplifies inequalities if access to requisite skill development
remains uneven [29]. To effectively navigate this transformation, we
must first understand which human-Al interaction patterns foster career
advancement versus those that lead to skill displacement. While early
scholarship foregrounded AI's economic and occupational implications,
recent pedagogical research emphasizes that successful integration of Al
must prioritize immediate learning processes. This integration involves
fostering students’ critical interactions with Al, thereby deepening
active learning and promoting meaningful cognitive engagement within
the classroom itself [30].

The 2ACT framework [14] empirically grounds this distinction.
Developed through multivariate modeling of 545 occupations, 2ACT
identifies two categories of human-Al usage patterns with starkly
different career implications. Automation-focused patterns: Directive Al
(where Al performs tasks with minimal human involvement) and
Feedback Loop Al (where Al receives environmental feedback to com-
plete tasks) both correlate strongly with lower occupational positioning.
Conversely, augmentation-focused patterns: Validation Al (verifying
human outputs), Task Iteration AI (collaborative refinement), and
Learning AI (knowledge provision) are associated with higher job zones,
particularly when combined with complementary human knowledge,
skills, and abilities. The framework's emphasis on "Thinking Fraction"
underscores that mere Al adoption is insufficient. How humans engage
with Al determines whether technology becomes a ladder for advance-
ment or a ceiling on mobility. This distinction becomes stark when
examining how students currently interact with Al tools.

2.2. Student AI engagement patterns: promise and peril

Large-scale analyses of student Al interactions reveal both encour-
aging possibilities and career-blunting tendencies. Handa et al.'s [11]
analysis of over half a million student conversations with Claude.ai
provides unprecedented insight into real-world usage patterns. Their
identification of four primary interaction modes: Direct Problem Solving
(DPS), Direct Output Creation (DOC), Collaborative Problem Solving
(CPS), and Collaborative Output Creation (COC), occurring with roughly
equal frequency (23-29 %) suggests diverse engagement strategies.

The prevailing student Al engagement patterns identified by Handa
et al. [11] carry significant implications for classroom learning envi-
ronments. Expedient modes such as DPS and DOC, while efficient,
reinforce shallow cognitive habits and hinder deeper disciplinary
learning. Conversely, collaborative modes (CPS, COC) enrich classroom
dialogue, foster metacognitive reflection, and elevate immediate
learning outcomes through iterative refinement and collaborative
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critique [19].

However, disciplinary variations in adoption and interaction styles
raise important questions. STEM fields like Computer Science show
early adoption and overrepresentation in usage, while Business and
Humanities show lower adoption relative to enrollment [11]. Strikingly,
nearly half (47 %) of student-Al conversations involve "Direct" in-
teractions seeking answers or content with minimal cognitive engage-
ment, thereby potentially fostering cognitive offloading rather than skill
development.

From a sociocultural learning perspective [31,32], Al tools function
as powerful mediational artifacts within students' learning ecologies.
Effective learning depends not merely on tool availability but on the
social context, task nature, pedagogical guidance, and student agency in
interaction. Current patterns suggest that without robust scaffolding,
students default to expedient modes (DPS, DOC) over deeper collabo-
rative engagement (CPS, COC) that develops higher-order thinking. This
gap widens in contexts where Al use is prohibited outright, driving usage
underground and eliminating opportunities for guided skill develop-
ment [33,34]. Without robust institutional scaffolding, students default
to Al as a cognitive substitute rather than a cognitive partner [18],
producing measurable consequences.

The risks are not theoretical speculation. Gillespie et al. [35] report
that 77 % of students feel unable to complete coursework without Al
assistance, while 81 % admit to reduced effort knowing Al is available.
Over 75 % report relying on Al to perform tasks rather than learning to
do them independently, and 66 % accept Al output without evaluating
accuracy.

2.3. The equity dimension: gender, AL, and education

The integration of Al into education intersects with persistent gender
disparities in academic pathways and career outcomes, yielding new
forms of digital inequality ([36]; NCES, 2023a). Critical AI scholars and
feminist technologists warn that without intentional equity-focused
implementation, Al risks amplifying existing disparities [37,16,17].

Three factors converge to potentially amplify gender disparities.
First, gender segregation in academic majors produces differential
exposure to Al tools and pedagogical approaches. Fields with high Al
adoption, like Computer Science and Engineering, traditionally have
lower female representation (NCES, 2023a), while female-dominated
fields (Education, Health Professions, Humanities) show different
adoption patterns and interaction modes [11]. Female-dominated fields
may lack structured access to meaningful, interactive, and reflective Al
experiences, thereby limiting students' immediate opportunities and
entrenching disparities in cognitive skill development [38].

Second, emerging evidence suggests institutional policy itself is
gendered. Freeman [3] reports that male students are 45 % more likely
to receive institutional encouragement to use Al, while female students
are 38 % more likely to face prohibitions. This policy asymmetry creates
what Freeman terms a widening "digital divide," where Al is simulta-
neously framed as academic misconduct in some contexts and a neces-
sary career skill in others. Students navigating stricter regulatory
environments may default to covert, transactional AI use rather than the
overt skill-building interactions that develop career-relevant
competencies.

Third, if career-advancing Al interaction patterns are more prevalent
or valued in male-dominated fields while less advantageous patterns
become normalized in female-dominated disciplines, Al integration
could inadvertently fortify gendered economic disparities [39]. This
structural dynamic transcends individual capability, highlighting sys-
temic factors in how AI pedagogy is implemented across disciplines.
Although not the focus of this study, Al tools themselves may embody
biases that differentially impact students [40], compounding the
challenge.

Despite these inequities, Al need not be disadvantageous. Targeted
implementations have achieved equity gains in specific instructional
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contexts [41]. Optimism is warranted, though the efficacy of compe-
tency frameworks remains empirically untested.

2.4. The research gap: bridging student Al use with equitable career
competencies

Despite parallel advancements in understanding AlI's workforce
impact [14], student Al engagement [11], and Al equity considerations
[17], the pedagogical foundation remains underdeveloped. Gasevi¢
et al. [18] observe that design models for human-AI interaction in ed-
ucation have not yet been developed, leaving institutions without
frameworks to guide the coordination between human cognition and AI
capability. The field lacks both descriptive knowledge (how students
actually interact with AI) and prescriptive frameworks (how they
should). Handa et al. [11] provide a rare empirical window into the
former; no systematic effort has connected these patterns to
career-relevant outcomes that might inform the latter. This gap is
obscured by a preoccupation with Al literacy as an educational objec-
tive. The distinction between competency and literacy is not mere
pedantry: literacy focuses on knowledge and understanding, while
competency involves applying that knowledge effectively and benefi-
cially [5].

This disconnect is particularly pronounced at the disciplinary level,
where gender demographics and pedagogical norms vary substantially.
While the 2ACT framework delineates effective human-AI collaboration
strategies for occupational mobility, and Handa et al.'s [11] work illu-
minates current student practices, these streams remain unconnected.
Consequently, educational guidance remains uninformed. Without a
theoretical grounding that links academic Al interaction to professional
Al competency, targeted interventions cannot be designed. The absence
of such interventions perpetuates a usage divide [3], potentially more
consequential than digital divides of the past. Al pedagogy that fosters
Al competencies is necessary to ensure that those without external ac-
cess or privilege can also develop the strategic skills necessary for the Al
economy.

3. Methodology

This study employed a phased, mixed-methods research design [42]
to bridge empirically observed student AI interaction patterns with
career-relevant Al competencies and examine equity implications. The
design integrated qualitative conceptual framework mapping, system-
atic protocol validation, quantitative score derivation, and analysis of
secondary data. The research pursued three aims: (1) address a theo-
retical gap linking educational AI usage to disciplinary labor market
outcomes, (2) develop and validate a reusable protocol for LLM-assisted
qualitative coding, and (3) derive discipline-specific AI Interaction
Scores to examine associations with external indicators.

The study proceeded in three phases. Phase 1 established the con-
ceptual mapping protocol through two stages: Phase 1a developed a
baseline multi-rater protocol wherein four independent raters (one
human expert, three large language models) translated student Al
interaction patterns into career-relevant categories; Phase 1b validated
this protocol through systematic variation of model architecture, gen-
eration, inference mode, and temperature, establishing boundary con-
ditions for reliable LLM-assisted, producing evidence towards reusable
methodological frameworks. Phase 2 applied the validated consensus
mapping to derive discipline-specific Al Interaction Scores. Phase 3
examined associations between derived scores and external indicators of
labor market outcomes and gender composition. Fig. 1 provides a visual
overview of this design.

A note on analytic scope: the nine academic disciplines examined are
the aggregated field of study categories used in NCES Digest of Educa-
tion Statistics reporting (Table 318.20), excluding the residual ‘Other
fields' category and account for 95.4 % of the Handa et al. [11] dataset.
These disciplines represent the analytic population rather than a sample.
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Phase 1a: Baseline Protocol
4 Independent Raters
Human Expert + 3 LLM

Architectures

PHASE 1: LLM Rater Protocol

Phase 1bh: Validation &
Systematic Variation:
Architecture = Generation =
Inference = Temperature

PHASE 2: Score Derivation

Apply Consensus Mapping
to Disciplinary Usage Data

Derive AI Interaction Scores
Augmentation - Automation

NCES Indicators
Median Earnings = Gender
Composition

PHASE 3: External Analysis

Robustness Assessment
Bootstrap = Leave-One-Out
= Sensitivity

Fig. 1. Methodological Flow for Mapping Student AI Usage to Career-Relevant Patterns

Note. Phase 1 developed and validated a multi-rater protocol combining human expertise with architecturally diverse LLMs. Phase 2 applied the validated consensus
mapping to Handa et al. [11] disciplinary usage data to derive Al Interaction Scores. Phase 3 examined associations between derived scores and NCES indicators of

labor market outcomes and gender composition.

Consequently, statistical analyses describe relationships within this
complete taxonomy rather than generalization from a sample to a
population.

3.1. Phase 1: conceptual mapping and protocol development

This phase established the conceptual and empirical groundwork for
the study, developed a multi-rater protocol for mapping student Al
interaction patterns to career-relevant categories, and validated that
protocol through systematic variation across model architectures, gen-
erations, and inference conditions.

3.1.1. Foundational frameworks

Student AI Interaction Patterns. Handa et al. [11] analyzed 574,
740 anonymized student conversations with the Claude.ai model,
identifying four primary interaction patterns: Direct Problem Solving
(DPS), wherein students seek immediate answers or solutions; Direct
Output Creation (DOC), wherein students request Al-generated content
for direct use; Collaborative Problem Solving (CPS), wherein students
engage Al as a thinking partner through iterative dialogue; and
Collaborative Output Creation (COC), wherein students co-construct

outputs through sustained human-Al collaboration. The authors re-
ported the distribution of these patterns across nine academic disci-
plines, providing the empirical foundation for discipline-level analysis.

Career-Relevant Al Interaction Patterns. The Al-Accentuated
Career Transitions (2ACT) Framework [14], developed through multi-
variate modeling of 545 occupations (O*NET Version 26.0), identifies
five human-AI interaction patterns at the occupational level. Two pat-
terns, Directive Al and Feedback Loop Al, are empirically associated
with automation-focused work and lower occupational job zone place-
ment. Three patterns, Validation Al, Task Iteration Al, and Learning Al,
are associated with augmentation-focused work and higher job zone
placement.

Structural Homology. Although these frameworks describe human-
Al interaction in different domains and employ different disciplinary
vocabularies, they share a fundamental structural correspondence.
Handa et al.'s distinction between "direct" patterns (DPS, DOC) and
"collaborative" patterns (CPS, COC) parallels the 2ACT framework's
distinction between automation-focused patterns and augmentation-
focused patterns. The underlying dimension is consistent: the degree
of sustained human cognitive engagement throughout the task. Direct
and automation-focused patterns involve delegation with minimal
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iteration; the student or worker submits a task and receives a finished
output. Collaborative and augmentation-focused patterns involve sus-
tained human-Al exchange; the student or worker engages Al as a
partner in iterative refinement, verification, or learning.

This structural homology provides the conceptual foundation for
cross-domain mapping. By translating educational Al usage into the
occupational vocabulary of the 2ACT framework, we can assess whether
disciplinary interaction patterns align with career-advancing or
automation-susceptible modes of engagement. The claim is not that
educational and occupational contexts are identical, but that the struc-
ture of human-AlI interaction exhibits sufficient cross-domain regularity
that engagement patterns in learning contexts may prefigure engage-
ment patterns in professional contexts.

Nevertheless, this mapping is inherently interpretive: no direct
empirical link exists between how a student uses Al academically and
how that usage corresponds to occupational categories. We therefore
operationalized the mapping as a structured rating task amenable to
multi-rater reliability assessment.

3.1.2. Phase 1a: baseline conceptual mapping protocol

The baseline protocol established the consensus mapping used
throughout this study. The design prioritized accessibility and replica-
bility, employing provider web interfaces under default settings to
emulate a standard researcher workflow that presumes no programming
expertise.

e Rater Composition. Four independent raters completed the map-
ping task: the primary researcher and three large language models
representing distinct architectural lineages (OpenAI ChatGPT-o03
Pro, Anthropic Claude Sonnet 3.7 Extended Thinking, and Google
Gemini 2.5 Pro Preview 05-06). These models were selected as state-
of-the-art frontier models at the time of initial data collection. The
use of three architecturally independent models from competing
organizations guarded against the possibility that any single training
corpus, reinforcement learning regime, or organizational alignment
philosophy would dominate the consensus.

Temporal Independence. The primary researcher completed all
ratings prior to LLM engagement, ensuring that human judgment was
not influenced by model outputs.

Task Definition. Each rater independently assigned percentage al-
locations from each of the four student patterns to the five 2ACT
patterns, with allocations for each student pattern constrained to
sum to 100 %. This compositional structure required raters to make
explicit trade-offs across categories rather than rating each
independently.

Materials. Raters received identical, verbatim textual descriptions
of the four student patterns [11] and the five 2ACT patterns [14]. No
additional context, examples, or anchoring information was pro-
vided, ensuring that ratings reflected conceptual alignment based
solely on framework definitions. The complete prompt is reproduced
in Appendix A.

Inter-Rater Reliability. Intraclass Correlation Coefficients were
computed using ICC(3,k), a two-way mixed-effects model assessing
absolute agreement across average measures [43,44]. The analysis
yielded: DPS, ICC = 0.974; DOC, ICC = 0.984; CPS, ICC = 0.962;
COC, ICC = 0.949 (all p < .0001). All coefficients exceed the 0.90
threshold for excellent reliability [45].

Consensus Mapping. Final allocations were derived by calculating
the unweighted arithmetic mean across all four raters for each
student-pattern-to-2ACT-pattern link, treating each rater as an
exchangeable contributor to pooled judgment. Table 1 presents the
resulting consensus mapping.

3.1.3. Phase 1b: protocol validation framework
A single demonstration of inter-rater reliability is necessary but
insufficient to establish a reusable methodology. Model outputs may
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Table 1
Final consensus mapping of student Al interaction patterns to 2ACT career-
relevant patterns.

Student Al Pattern 2ACT Pattern Consensus Allocation (%)

Direct Problem Solving (DPS) Directive Al 46.3
Feedback Loop Al 2.5
Validation Al 2.5
Task Iteration Al 0
Learning Al 48.8
Total 100
Direct Output Creation (DOC) Directive Al 76.3
Feedback Loop AL 6.3
Validation AI 3.8
Task Iteration Al 3.8
Learning Al 10
Total 100
Collab Problem Solving (CPS) Directive Al 1.3
Feedback Loop AL 6.3
Validation AI 8.8
Task Iteration Al 41.3
Learning Al 42.5
Total 100
Collab Output Creation (COC) Directive Al 1.3
Feedback Loop Al 5
Validation Al 18.8
Task Iteration Al 62.5
Learning Al 12,5
Total 100

Note. The consensus mapping reveals an interpretable structure. Direct Output
Creation loads heavily onto Directive AI (76.3 %), consistent with its charac-
terization as delegation with minimal iterative engagement. Collaborative
Problem Solving is distributed primarily across Task Iteration AI (41.3 %) and
Learning Al (42.5 %), reflecting the dialogic, skill-building nature of this mode.
Direct Problem Solving exhibits a bimodal allocation between Directive Al (46.3
%) and Learning Al (48.8 %), capturing its dual potential for either shortcut-
seeking or genuine inquiry. Collaborative Output Creation loads predomi-
nantly onto Task Iteration Al (62.5 %), consistent with its emphasis on sustained
co-construction. Percentages may not total 100.0 % due to rounding.

reflect idiosyncratic training data, vendor-specific alignment objectives,
or stochastic artifacts rather than stable semantic judgments. To estab-
lish boundary conditions for a valid application, we conducted system-
atic validation across four dimensions.

Design Protocol. The validation manipulated four dimensions, each
targeting a distinct threat to protocol validity:

e Architecture. Inclusion of frontier models from three independent
organizations (Anthropic, OpenAl, Google) guards against vendor-
specific alignment bias. Convergence across architectures provides
evidence that mappings reflect semantic structure rather than
training artifacts.

Generation. Comparison of Phase la models against current-
generation successors (Opus 4.5, GPT-5.2 Pro, Gemini 3 Pro Pre-
view) assesses temporal stability. A valid protocol should produce
consistent mappings across model generations.

Inference Mode. Comparison of standard inference against reasoning-
enhanced inference (Extended Thinking) evaluates whether delib-
erative processing produces systematically different judgments.
Temperature. Comparison of deterministic inference (temperature =
0.0) against high-entropy inference (temperature = 1.0, three inde-
pendent trials per model) assesses signal durability under stochastic
variation. The latter condition is particularly important given that
default user interfaces typically operate at non-zero temperature.

Phase 1b models were accessed via the OpenRouter API, which
permits standardized parameter specification across providers. All API
calls employed both a task-configured system prompt and the identical
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user prompt from Phase 1a. The complete system prompt is reproduced
in Appendix B. Table 2 presents the model configurations in Phases 1a
and 1b

Validation Analyses. Eight analytical approaches assessed protocol
robustness across the four design dimensions. Complete results are
summarized in Table 3.

o Inter-Rater Reliability. Inter-Rater Reliability. Intraclass Correla-

tion Coefficients remained excellent across all conditions (ICC range:

0.949-0.990), with cross-generational reliability maintained or

improved (Phase 1a: 0.967; Phase 1b: 0.988).

Generalizability Theory. Variance decomposition attributed 95.4

% to items and less than 1 % to raters (G = 0.988), confirming that

disagreement reflects category-level judgment rather than system-

atic rater tendencies.

Equivalence Testing (TOST). Human and Al ratings exhibited zero

mean difference, with formal equivalence confirmed at 5 = +15 % (p

=.049).

Bland-Altman Analysis. No systematic bias (mean difference = 0.0)

or proportional bias (r = —0.30, p = .20) was detected; 95 % limits of

agreement spanned +18.6 percentage points.

Mixed-Effects Modeling. No overall rater effects reached signifi-

cance; however, GPT exhibited a category-specific Directive bias (p

= +17.5, p = .001), part of a broader pattern of attribution bias

examined in the Discussion.

Task Determinacy. Duplicate trials at temperature = 0.0 produced

zero inter-trial variance across all 60 ratings, confirming that the task

is fully specified and admits a unique solution for each model.

Stochastic Robustness. Stochastic robustness was assessed across

all 27 combinations of temperature = 1.0 trials. System-level reli-

ability remained excellent (worst-case ICC(2,1) = 0.92), and even
the most divergent individual pairing maintained strong agreement

(worst-case Human-Al r = 0.87).

o Adversarial Weighting. Discipline-level scores computed under five
alternative weighting schemes (equal, human-only, LLM-only, 70/
30, 30/70) yielded pairwise rank correlations exceeding p = 0.95.
Human-only and LLM-only scoring produced p = 0.983, confirming
that conclusions are invariant to rater composition.

3.2. Phase 2: derivation of Al interaction scores

This phase applied the validated consensus mapping to derive
discipline-specific Al Interaction Scores, quantifying each field's orien-
tation toward career-relevant Al usage.

The consensus allocations from Phase 1 establish the semantic cor-
respondence between student Al interaction patterns and the five 2ACT
career-relevant patterns. To derive discipline-level profiles, these

Table 2
Phase 1a and Phase 1b LLM configurations.

Dimension Phase 1a (Baseline) Phase 1b (Systematic
Variation)
Models Anthropic: Claude Sonnet 3.7 Anthropic: Claude Opus 4.5
OpenAl: GPT-03 Pro Google: OpenAl: GPT-5.2 Pro Google:
Gemini 2.5 Pro Preview 05-06 Gemini 3 Pro Preview
Access Web interface OpenRouter API
Temperature Default (stochastic) 0.0 (x 2 trials) and 1.0 (x 3
trials)
Inference Default Standard; Thinking ON/OFF
Mode (Opus)
Prompting User prompt only System prompt + User prompt

Note. Phase 1a models were accessed via provider web interfaces under default
settings to emulate a standard researcher workflow. Claude Sonnet 3.7 had
Extended Thinking enabled. Phase 1b models were accessed via the OpenRouter
API to enable standardized parameter specification across providers. Tempera-
ture = 0.0 trials assessed task determinacy; temperature = 1.0 trials assessed
stochastic robustness.
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Table 3
Protocol validation framework and results.

Component Metric Result Interpretation

Design
Dimensions

Architecture (cross-  Inter-model r p=0.94-0.99  Convergence across
vendor) vendors confirms

semantic structure

Generation Within-vendor r p=0.93-0.97  Mappings stable
(temporal across model
stability) generations

Generation Cross- 0.967 — Reliability
(temporal generational ICC 0.988 maintained or
stability) improved

Inference Mode Entropy —0.61 bits Thinking mode
(reasoning reduction produces categorical
effects) judgments

Inference Mode Human Ar = +0.032 Thinking mode aligns
(reasoning agreement better with human
effects)

Temperature T=0vsT=1 p>0.98 Signal preserved
(stochastic correlation under stochastic
robustness) variation

Validation
Analyses

Inter-Rater ICC(3,k) range 0.95-0.99; M Excellent reliability
Reliability (all conditions) =0.98 throughout

Generalizability Variance Items: 95.4 %;  Disagreement is item-
Theory decomposition Raters: <1 % specific

Generalizability G coefficient G =0.988 Protocol generalizes
Theory to similar items

Equivalence Mean difference 0.00 No systematic
Testing (TOST) human-AI offset

Equivalence Equivalence at & p =.049 Formal equivalence
Testing (TOST) =+15% confirmed

Bland-Altman Systematic bias 0.0 No directional bias
Analysis

Bland-Altman 95 % Limits of [-18.6, Item-level variation
Analysis Agreement +18.6] symmetrically

distributed

Bland-Altman Proportional bias  p = —0.30 (p No funneling at scale
Analysis =.20) extremes

Mixed-Effects Overall rater Allp > .20 No systematic rater
Modeling effects severity differences

Mixed-Effects Directive p=+175@ Category-specific
Modeling category (GPT) =.001) vendor bias detected

Task Determinacy Duplicate trials Zero variance Task fully specified;

(T = 0.0) unique solution

Stochastic Worst-case ICC 0.92 Protocol stable under
Robustness (2,1) maximum entropy

Stochastic Worst-case p =0.87 Pairwise agreement
Robustness Human-Al r preserved under

entropy

Adversarial Human-only vs p =0.983 Near-perfect ranking
Weighting LLM-only agreement

Adversarial All weighting p > 0.95 Conclusions invariant
Weighting schemes to rater composition

Note. Design dimensions represent the four methodological inputs varied to
stress-test the protocol. Validation analyses represent the eight statistical ap-
proaches used to assess protocol robustness. Phase 1b models (Opus 4.5, GPT-5.2
Pro, Gemini 3 Pro Preview) assessed at temperature = 0.0 unless otherwise
specified. Stochastic robustness assessed at temperature = 1.0 with three inde-
pendent trials per model. Category-specific vendor bias (GPT Directive effect;
0.87 is the worst-case pairwise Human-GPT correlation) is examined in the
Discussion.

allocations were applied as weights to the observed distribution of stu-
dent patterns within each discipline [11]. For each discipline, the
derived prevalence of each 2ACT pattern was computed as the weighted
sum of observed student pattern frequencies, yielding a five-element
profile representing the discipline's orientation across Directive Al,
Feedback Loop Al, Validation Al, Task Iteration Al, and Learning Al.
To summarize net orientation, we computed an Al Interaction Score:

Scorea; = (Pva + Pria + Pra) — (Ppa + Pria)
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Positive scores indicate net orientation toward augmentation-
focused AI usage; negative scores indicate net orientation toward
automation-focused usage. This formulation operationalizes the 2ACT
framework's empirical findings: augmentation-associated patterns
(Validation Al, Task Iteration Al, Learning AlI) correlate with higher job
zone placement and career advancement, whereas automation-
associated patterns (Directive Al, Feedback Loop Al) correlate with
lower job zone placement and routine task susceptibility.

The derived Al Interaction Scores are presented in Table 4 (Section
4.

3.3. Phase 3: external indicator analysis

This phase examined associations between derived Al Interaction
Scores and real-world indicators of labor market outcomes and de-
mographic composition.

3.3.1. Data sources

For each of the nine academic disciplines, data were collected on two
external indicators:

Median Annual Earnings. Median annual earnings for full-time,
year-round workers aged 25 to 64 holding a bachelor's degree in the
relevant field, sourced from the U.S. Department of Education, National
Center for Education Statistics (NCES), Digest of Education Statistics
2022, Table 505.06 [54].

Gender Composition. Percentage of bachelor's degrees conferred to
female students by field of study in the 2021-22 academic year, sourced
from NCES Digest of Education Statistics 2022, Table 318.30 [53].

3.3.2. Data harmonization

A structural mismatch between data sources required harmoniza-
tion. Handa et al. [11] report Natural Sciences and Mathematics as a
single aggregated category, whereas NCES provides disaggregated data
for constituent fields. To establish accurate demographic and economic
profiles for this combined category, we calculated weighted averages.
For percent female graduates, weights were derived from bachelor's
degree conferral counts for Natural Sciences and Mathematics from
NCES Table 318.30 [53]. For median annual earnings, weights were
derived from the number of 25- to 64-year-old bachelor's degree holders
in each field from NCES Table 505.06 [54]. The use of bachelor's degree
data as the primary benchmark aligns with the comparative metric
employed by Handa et al. [11]. We acknowledge that the source data
comprise an unsegmented mix of undergraduate and graduate students;
this constraint is addressed in the limitations.

3.3.3. Analytical approach

Given the preliminary nature of this phase and the characteristics of
population-level analysis with nine units, we employed nonparametric
methods that make no assumptions about functional form or distribu-
tional properties.
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relationships between Al Interaction Score and Median Annual Earn-
ings, Al Interaction Score and Percent Female Graduates, and Percent
Female Graduates and Median Annual Earnings. These visualizations
permit inspection of functional form, identification of potential outliers,
and assessment of linearity assumptions.

Correlation Analysis. Spearman's rank correlation coefficients (p)
were computed for each bivariate relationship. Spearman's p was
selected over Pearson's r because it makes no assumptions about func-
tional form, is robust to outliers, and supports ordinal interpretation. An
alpha level of 0.05 was used for significance assessment. All analyses
were conducted using Python 3.13 with the SciPy statistical library.

The intent of these analyses is to identify structural patterns and
potential covariations that warrant further investigation, not to establish
causality. Findings should be interpreted as hypothesis-generating
rather than confirmatory.

3.3.4. Robustness assessment

To ensure stability and reliability of observed associations, four
complementary robustness procedures were applied to each correlation:

Bootstrap Analysis. 95 % confidence intervals were generated using
10,000 bootstrap resamples with replacement, providing nonparametric
uncertainty estimates independent of distributional assumptions.

Rater Independence Sensitivity. To test whether associations with
external indicators reflect structural relationships rather than consensus
artifacts, we examined correlations at both rater and weighting levels. At
the rater level, each rater's independent allocations were propagated
through the Al Interaction Score formula, and correlations with external
indicators were computed separately for each of the four raters. All four
raters produced significant correlations with both outcome variables in
the same direction (Percent Female Graduates: all p < —0.66, p < .05;
Median Annual Earnings: all p > 0.71, p < .05). This four-way inde-
pendent replication provides strong evidence that observed associations
reflect structural correspondence between AI usage patterns and
external indicators rather than idiosyncratic features of any single rater's
judgment. At the consensus level, correlations were recomputed using Al
Interaction Scores derived under five alternative weighting schemes
(equal weights, human-only, LLM-only, 70/30 human/LLM, 30/70
human/LLM). Associations with both external indicators remained sig-
nificant across all weighting configurations.

Leave-One-Out Sensitivity. Each correlation was recomputed nine
times, excluding one discipline per iteration. Stable correlations across
all leave-one-out conditions indicate that findings are not artifacts of
individual influential observations.

Disaggregation Sensitivity. Correlations involving the aggregated
Natural Sciences and Mathematics category were recomputed using
disaggregated NCES data, treating Natural Sciences and Mathematics as
separate observations. Concordance between aggregated and dis-
aggregated results supports the validity of the harmonization procedure.

Visualization. Scatter plots were constructed to examine

Table 4

Consolidated disciplinary profiles: Al interaction patterns, economic outcomes, and demographics.
Discipline DA FLA VA TIA LA Al Earnings % Fem.
Natural Sci & Math 26.15 4.88 8.41 28.08 32.65 38.11 $88,870 46.52 %
Computer Science 26.62 5.10 9.13 30.33 28.98 36.72 $105,890 22.62 %
Engineering 26.88 5.10 9.76 31.77 26.67 36.23 $114,510 25.28 %
Psychology 30.26 4.95 9.39 29.31 26.22 29.71 $71,860 80.11 %
Social Sci & History 31.21 5.07 9.58 29.79 24.60 27.69 $88,085 53.03 %
Humanities 32.47 4.95 9.22 28.15 25.47 25.41 $71,090 64.86 %
Business 32.54 4.97 9.15 28.03 25.44 25.11 $88,560 46.48 %
Health Professions 33.36 4.95 9.03 27.39 25.32 23.43 $83,170 84.89 %
Education 34.05 5.15 10.14 30.46 20.36 21.75 $62,420 83.19 %

Note. DA = Directive Al; FLA = Feedback Loop Al; VA = Validation AI; TIA = Task Iteration Al; LA = Learning Al. Earnings = median annual earnings for bachelor's
degree holders aged 25-64 (NCES, 2023b). % Female = percentage of bachelor's degrees conferred to women (NCES, 2023a). Rows sorted by Al Score (descending).
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3.4. Ethical considerations

This study utilized publicly available and aggregated data sources
throughout. The student Al interaction data from Handa et al. [11] were
anonymized and filtered by the original authors prior to public release.
The demographic and earnings data from NCES are published govern-
ment statistics aggregated at the discipline level. No primary data were
collected from human subjects, and no individually identifiable infor-
mation was accessed at any stage of the research.

The use of large language models as raters involved no human sub-
ject considerations, as LLMs are computational tools rather than
research participants. Throughout the rating process, the authors
maintained full human oversight and control. All model outputs were
reviewed for coherence and appropriateness, and the authors take full
responsibility for the content and interpretation of the findings.

3.5. Data and code availability

To support transparency and replication, the following materials are
provided as supplementary files with this article: (a) the complete
prompts used for LLM rating (Appendix A user prompt and Appendix B
system prompt), (b) the raw ratings from all human and LLM raters
across both protocol phases, (c) the derived discipline-level Al Interac-
tion Scores, (d) the compiled dataset with Al Interaction Scores and
external indicators, and (e) the Python analysis script used to produce all
findings, figures, and tables reported in this study. A data dictionary
defining all variables accompanies the supplementary materials. The
primary data on student Al interactions are publicly available from
Handa et al. [11], and the demographic and earnings data are available
from the National Center for Education Statistics (NCES, 2023a; 2023b).
The derived data and analysis script used to generate all reported find-
ings are also available at OSF DOI [to be updated upon acceptance].

4. Results

Results characterize associations across the complete NCES field of
study taxonomy (nine disciplines). Although derived from 574,740
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student conversations, analyses operate at the discipline level. All as-
sociations are descriptive; no causal inference is claimed. Because these
nine disciplines constitute the complete taxonomy, reported statistics
describe observed population relationships rather than estimated pa-
rameters for generalization. To control for the false discovery rate across
the three primary correlational tests (Gender-Al Score, Earnings-Al
Score, Gender-Earnings), we applied the Benjamini-Hochberg proced-
ure to the calculated p-values.

4.1. The gender equity disparity: Al interaction scores negatively correlate
with female representation

A statistically significant negative correlation emerged between Al
Interaction Scores and percentage of female graduates (p = —0.68, p =
.042, p,gj = 0.042). Using the conventions proposed by Cohen [52] for
interpreting effect sizes, this represents a large effect (|p| > 0.50). The
stability of this finding was confirmed via bootstrap analysis, which
yielded a 95 % confidence interval of [—0.95, —0.01]. A leave-one-out
sensitivity analysis also demonstrated that the correlation was not
driven by any single discipline.

This relationship manifests starkly across disciplines. Education,
with 83.19 % female graduates, recorded the lowest Al Interaction Score
(21.75), while the gender-balanced Natural Sciences & Mathematics,
with 46.52 % female graduates, achieved the highest score (38.11).
Computer Science, with only 22.62 % female graduates, also scored high
(36.72). The pattern persists across the disciplinary spectrum, as visu-
alized in Fig. 2.

4.2. Career implications: Al scores correlation with disciplinary earnings

Complementing the gender finding, Al Interaction Scores show a
statistically significant, strong positive correlation with median annual
earnings (p = 0.72, p = .030, p,qj = 0.042). This large effect size,
confirmed with a bootstrapped 95 % confidence interval of [0.13, 0.95],
indicates that disciplines whose aggregate AI usage patterns favor
augmentation-focused interactions are also associated with substantially
higher median earnings among degree holders in those fields.

Al Interaction Score vs. Percentage of Female Graduates
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Fig. 2. Scatter Plot of Al Interaction Score vs. Percentage Female Graduates for N = 9 Majors
Note. The plot shows the relationship for the N = 9 academic majors, illustrating the strong negative correlation (p = —0.68). The solid red line is the linear regression
fit, and the shaded area represents the 95 % confidence interval for the regression estimate.
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The earnings differential is substantial: disciplines in the highest
tertile of AI Interaction Scores (Natural Sciences & Math, Computer
Science, Engineering) report median earnings of $88,870 to $114,510,
while those in the lowest tertile (Business, Health Professions, Educa-
tion) range from $62,420 to $88,560. Table 4 juxtaposes each disci-
pline's Al interaction profile, score, salary, and gender mix, making the
economic implications clear. The gap between the highest-earning
discipline, Engineering ($114,510), and the lowest-earning, Education
($62,420), is $52,090, a disparity visualized by the upward trend in
Fig. 3. The scatter plot shows how disciplines align along this gradient,
with STEM fields clustering in the high-score, high-earnings quadrant
while fields like Education and Humanities occupy the opposite corner.

4.3. The intersection: female-dominated disciplines face dual
disadvantage

A third significant correlation reveals the compounding nature of
these disparities: the percentage of female graduates negatively corre-
lates with median annual earnings (p = —0.85, p = .004, p,q; = 0.011).
This large effect, supported by a bootstrapped 95 % confidence interval
of [-1.00, —0.371], suggests that female-dominated disciplines face both
lower earning potential and, as previously shown, map to Al usage
patterns less conducive to career advancement [14]. This represents a
dual disadvantage with profound implications for perpetuating
gender-based economic disparities in an Al-driven economy.

4.4. Mapping student behaviors to career competencies reveals mixed
potential

The systematic translation of student Al patterns to career-relevant
competencies yielded nuanced insights. Through multi-rater concep-
tual mapping that achieved excellent reliability (ICC values
0.949-0.984, all p < .0001), clear distinctions emerged in how different
student interaction modes align with career outcomes. DOC mapped
overwhelmingly to Directive Al (76.3 %), the pattern most strongly
associated with lower occupational placement. Conversely, COC aligned
primarily with augmentation-focused patterns, namely Task Iteration Al
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(62.5 %) and Validation AI (18.8 %). DPS showed a dual character,
splitting almost evenly between the career-advancing Learning AI (48.8
%) and the automation-focused Directive Al (46.3 %). Finally, CPS also
strongly favored career-advancing patterns (Table 1).

4.5. Two-Thirds of student Al interactions show augmentation potential
but automation persists

Weighted analysis across disciplines reveals cautious optimism
tempered by observed blunting tendencies. Approximately 66.5 % of
student Al interactions align with augmentation-focused patterns (Task
Iteration: 29.5 %, Learning: 27.9 %, Validation: 9.1 %), suggesting latent
potential for career-advancing engagement. However, 33.6 % remain
automation-focused, with Directive Al comprising 28.6 % and Feedback
Loop Al comprising 5.0 % of all interactions. A substantial proportion of
students engage with Al in ways associated with skill displacement
rather than enhancement (Table 4; Fig. 4). Notably, Validation Al
comprises only 9.1 % of interactions, indicating that students rarely
leverage Al's capacity to verify and improve their own work, repre-
senting another missed opportunity for augmentation-focused learning.

5. Discussion

This study's findings should not be discounted as merely observa-
tional; they highlight emerging challenges thrust upon higher education
by the proliferation of Al technologies. The following interpretation
operates at the discipline level; no claims are made about individual
student behavior or outcomes. By systematically mapping disciplinary
Al interaction patterns to empirically validated career competencies, we
observe evidence of an emerging, yet largely invisible, systemic algo-
rithmic gender gap in higher education. The data suggest an architecture
of disadvantage: disciplines with higher female representation are
associated with Al usage patterns consistent with skill automation rather
than augmentation. These same interaction patterns are strongly
correlated with lower graduate earnings, suggesting existing disci-
plinary differences in AI engagement may amplify rather than amelio-
rate gender-based economic disparities. While two-thirds of student

Al Interaction Score vs. Median Annual Earnings
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Fig. 3. Scatter Plot of Al Interaction Score vs. Median Annual Earnings

Note. The plot shows the relationship between academic disciplines’ Al scores and median annual earnings, illustrating the strong positive correlation (p = 0.72). The
solid orange line is the linear regression fit, and the shaded area represents the 95 % confidence interval for the regression estimate.
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Fig. 4. Sankey Diagram Mapping Student Al Usage to Career-Relevant Patterns
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2ACT Al Patterns (Derived Prevalence)
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Note. This flow diagram illustrates the conceptual mapping from the four student Al interaction patterns observed by Handa et al. [11] (left column) to the five
career-relevant 2ACT patterns (right column). The width of each flow is proportional to the percentage of a student's pattern that was allocated to a corresponding
career pattern during the multi-rater analysis. The percentages on the right indicate the final derived prevalence for each career-relevant pattern across all student

interactions.

interactions show latent potential for career advancement, the persis-
tence of automation-focused disciplinary Al patterns, particularly in
female-dominated fields, represents an important though addressable
challenge.

The validation methodology revealed an unexpected dimension of
this bias. All three Al models exhibited attribution bias: a systematic
tendency to rate Al-mediated interactions as more controlling and less
pedagogically oriented than the human researcher rated them. This in-
verts the commonly hypothesized Benevolence Bias, wherein AI models
might be expected to rate Al favorably. Instead, Al models appear to
perceive Al (themselves) as more determinative of interaction outcomes
than humans perceive. If LLM-based analysis tools are deployed to
evaluate educational AI integration, this bias could systematically
overestimate the automation-focused character of student interactions,
potentially distorting institutional assessments and policy responses.
The multi-rater consensus protocol developed here mitigates this risk,
but single-model evaluations warrant caution.

5.1. Theoretical implications

These findings extend Vygotsky's [32] Zone of Proximal Develop-
ment (ZPD) into the Al era.

5.1.1. A bifurcated ZPD\

In disciplines like Engineering and Computer Science, Al appears to
operate as a cognitively scaffolded collaborative partner, extending the
ZPD by enabling students to tackle more complex iterative and
validation-oriented tasks (high Task Iteration and Validation AI).
Conversely, in disciplines like Education and Health Professions, Al may
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more often be leveraged as a substitute for cognitive effort (high
Directive Al), effectively collapsing the ZPD and promoting dependency
over capability. We contend the problem is not the tool but the socio-
technical context that normalizes its use for cognitive offloading rather
than cognitive expansion.

5.1.2. A new vector for systemic bias

This research advances critical Al scholarship [16,17] by identifying
a novel mechanism through which inequality can be perpetuated.
Beyond biased datasets or algorithmic outputs, our findings suggest
inequity may be encoded in patterns of human-Al interaction that dis-
ciplines pedagogically promote or tacitly permit. If so, this is a subtler,
more deeply embedded form of algorithmic bias that operates not at the
level of code but at the level of classroom culture and assessment,
making it uniquely an educational challenge.

5.1.3. Extending the augmentation/automation duality

The 2ACT framework established the augmentation/automation
distinction and the association with outcomes in occupational contexts.
This study suggests that disciplines exhibiting augmentation-aligned
educational patterns are also associated with higher earnings, indi-
cating this distinction operates across domains with implications for
educational design and lifelong earning potential.

5.2. The gender equity disparity: A compounding disadvantage
The strong negative correlation between female representation and

Al interaction scores (p = —0.68) is the study's most consequential
finding. When cross-referenced with the strong negative correlation



D. Mullens and S. Shen

between female representation and earnings (p = —0.85), a dual
disadvantage becomes evident. Female-dominated fields like Education
($62,420 median earnings) and Health Professions ($83,170) already
face substantial wage gaps compared to male-dominated fields like En-
gineering ($114,510). Our analysis reveals that Al educational integra-
tion, in its current state, is associated with lower pay and lower
occupational mobility [14], potentially positioning Al to reinforce
existing labor stratification rather than disrupt it.

These findings align with external indicators that suggest the gap
may be widening. Freeman [3] reports that male students use Al to
"improve Al skills" at 64 % higher rates than female students. This
disparity appears structurally mediated: female students are 38 % more
likely to report that their institution bans or discourages Al and 31 %
more likely to express concern about being accused of cheating. Insti-
tutional encouragement rates favor male students by 45 %. Freeman's
[3] policy note explains, "The digital divide we identified in 2024 ap-
pears to have widened” (p. 1). These conditions create what might be
termed a compliance asymmetry: students in environments with higher
encouragement are freer to explore iterative augmentation patterns,
while students in more restrictive environments are channeled toward
efficient, transactional modes that minimize detection risk.

This is a systemic challenge, not an individual deficiency. It comes as
no surprise that female students facing lower directed use of AI and
higher blanket bans express 39 % lower confidence in AI [46]. The
consequence is seemingly a reinforcing cycle: restrictive policies
encourage covert, transactional Al use, which prevents development of
the overt augmentation skills the labor market increasingly demands,
which in turn leaves students less prepared to advocate for constructive
Al integration. Thus, students in fields critical to social infrastructure are
immersed in environments that normalize covert task completion while
discouraging the overt AI competencies demanded by labor markets.

The contrast between potential and practice underscores our central
argument: the pedagogical framework surrounding AI may determine
whether it becomes a tool for stratification or equity.

5.3. Methodological implications: toward replicable LLM-assisted
research

Beyond substantive findings, this study contributes a validated pro-
tocol for LLM-assisted qualitative coding that addresses growing con-
cerns about reproducibility and validity in Al-augmented research. The
rating protocol treats LLM variance as an experimental variable, sys-
tematically varying architecture, generation, inference mode, and tem-
perature to isolate the conditions under which human and AI raters
converge or diverge. The validation protocol moves beyond single-
metric reliability to characterize the structure of disagreement through
eight complementary analyses, including Generalizability Theory,
equivalence testing, Bland-Altman analysis, mixed-effects modeling,
and adversarial weighting.

5.3.1. The protocol as contribution

The multi-rater framework developed herein that integrates human
expertise with architecturally diverse LLMs under controlled inference
conditions may serve as a template for researchers seeking to combine
LLM efficiency with psychometric rigor. The validation phase demon-
strates that such protocols can achieve excellent reliability (ICC(3,k) >
0.95 across all conditions), confirmed equivalence between human and
Al ratings (TOST p = .049), and robustness to stochastic variation
(worst-case ICC(2,1) = 0.92 across 27 trial combinations). The protocol
produces identical substantive conclusions regardless of how raters are
weighted: human-only and LLM-only scoring yielded p = 0.983 in
discipline rankings. This invariance to rater composition provides strong
evidence for construct validity.

5.3.2. The calibration paradox
A counterintuitive finding warrants attention from researchers
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employing LLMs. Across model generations, correlation and reliability
improved while category-level calibration worsened. Current-
generation models exhibited higher inter-rater agreement than their
predecessors, yet also showed larger deviations from human baseline
ratings. GPT's Directive bias tripled from +5 % to +17.5 % across gen-
erations. This dissociation, wherein models become more internally
consistent but more extreme in their judgments, suggests that alignment
training may optimize for decisiveness at the cost of nuanced probability
distributions. The implication is that newer models are not necessarily
more valid for rating tasks; cross-generational validation should become
standard practice.

5.3.3. Attribution bias

All Al models rated Al-mediated interactions as more directive and
less learning-oriented than those of the human researcher. This sys-
tematic bias manifests as capability self-attribution: AI models perceive
Al as more determinative of interaction outcomes than humans perceive
it to be. The bias persists across architectures and generations, sug-
gesting it may reflect structural properties of how language models
represent agency rather than idiosyncratic training artifacts. For applied
research, the implication is clear: single-model coding will systemati-
cally overestimate automation-focused usage. Multi-rater consensus
with human anchoring remains essential.

5.3.4. Task determinacy as validity evidence

The finding that duplicate deterministic trials produced zero vari-
ance across all 60 ratings provides a novel form of validity evidence. In
open-ended generative tasks, temperature = 0.0 would still produce
inter-trial variance as multiple token sequences compete at the initial
sampling step. The absence of such variance confirms that the concep-
tual mapping task, as specified, admits a unique optimal solution for
each model. This task determinacy indicates that observed ratings
reflect stable semantic judgments rather than stochastic artifacts, and
that the prompt specification was sufficient to constrain the output
space. We recommend that future LLM-assisted research protocols
include determinacy verification as standard practice.

5.3.5. Limitations of LLM agreement

The fundamental question of whether LLM agreement reflects
genuine semantic understanding or sophisticated pattern matching
cannot be definitively resolved. The structural correspondence between
educational and occupational frameworks may be recoverable through
pattern matching alone, which would not invalidate the mapping but
would limit claims about the depth of conceptual analysis involved. The
convergence of human and LLM ratings provides pragmatic validation;
the protocol produces reliable, replicable results without requiring res-
olution of deeper questions about machine understanding.

6. Pedagogical recommendations: from passive consumption to
active collaboration

While longitudinal confirmation remains necessary, the strength and
consistency of observed associations warrant precautionary pedagogical
action. Established correlations between Al interaction patterns and
labor market outcomes [14], combined with the disparities documented
here, suggest that inaction carries its own risks. We propose five
evidence-informed recommendations:

6.1. Reconsider Al prohibitions

With 92 % of undergraduates reporting Al usage, 88 % employing
generative Al for assessments [3], and 74 % failing to disclose usage
despite mandatory requirements [47], prohibition may function as de
facto mandated concealment. Indeed, Ha et al. [46] report that 65 % of
students admit to cheating with Al in school. Prohibition seemingly does
not reduce Al engagement, though it ensures engagement occurs
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without guidance, scaffolding, or skill development. The question is not
whether students use Al but whether institutions shape that use.

6.2. Critically evaluate the integrity—authenticity dichotomy

Prevailing integrity frameworks treat Al assistance as inherently
antithetical to authentic learning [48]. However, empirical evidence
contradicts the assumption that AI use necessarily undermines learning.
Preliminary findings suggest that engagement and motivation are
improved with Al integration [49], with meta-analytic evidence indi-
cating improved academic performance [50]. While some may find the
calculator analog informative, where the tool redirected cognitive re-
sources toward higher-order tasks, we contend that Al is part and parcel
of the modern, professional workplace. Al competency development
should be an element of integrity-based learning frameworks to ensure
market alignment. The pedagogical question is not whether Al un-
dermines learning but whether institutions design for augmentation.
Integrity must evolve from prohibition to proficiency.

6.3. Consider process in assessment

Our findings reveal that students engage Al across both augmenta-
tion and automation modes; both have legitimate applications requiring
distinct competencies. The data show 66.5 % of interactions carry
augmentation potential while 33.6 % remain automation-focused. The
issue is not eliminating automation but ensuring intentional deployment
effectively. Delegating thinking without justification presents docu-
mented risks, most notably capability impairment [35]. Conversely,
appropriately scaffolded Al integration enables students to maintain
cognitive engagement while leveraging Al capabilities [50]. Assignment
design should make both modes visible, teaching students to recognize
when delegation is appropriate and when iteration adds value. As long
as assessment focuses solely on the final deliverable, students may be
incentivized to use Al for automation and cognitive offloading. Trans-
forming assessment to value the process of collaboration serves to
cultivate career-advancing skills. This could involve grading students'
prompt chains, their analysis of Al-generated feedback, or a reflective
essay on how they strategically leveraged Al as a cognitive partner.

6.4. Elevate critical thinking

Critical thinking without the critical is opinion. Yet, Al invites a
peculiar abdication: the outsourcing of judgment to systems that present
probabilistic outputs as authoritative conclusions. We contend that
critical evaluation is not merely preserved but elevated in the Al era. The
data support this urgency. Our findings indicate only 9.1 % of student
interactions involve Validation Al, suggesting students rarely leverage
Al to critique and improve their own work. Broader evidence confirms
the pattern: 66 % of users accept Al output without evaluating accuracy
[35], and only 23 % of Americans demonstrate high AI knowledge [46].
Students are engaging tools they do not understand and accepting out-
puts they do not verify.

Error-detection and claim-verification competencies must be
explicitly taught and independently assessed. Students require training
to identify errors, evaluate claims against evidence, and recognize the
boundaries of Al reliability. These skills do not emerge from usage alone;
they emerge from intentional pedagogical design.

6.5. Evaluate and execute

Any policy is defensible absent a defined destination. Only 20 % of
institutions have published AI policies, and just 14 % have reviewed
curriculum to align with the rise of Al in the workplace [6]. Yet, 90 % of
higher education professionals use Al tools despite over half having
uncertainty about effective application [7]. The consequence: the ma-
jority of recent graduates report their programs failed to prepare them
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for generative Al, with three-quarters requiring additional training in
current roles [51]. Institutions cannot address what they do not see.
Surfacing Al interaction patterns transforms speculation into strategy;
without visibility, resource allocation is guesswork. The only durable
strategy is the commitment to continuous measurement, intervention,
and refinement.

7. Limitations and future research

This study, despite establishing significant relationships, has
inherent limitations that both contextualize the findings and pave the
way for future research.

7.1. Analytic scope

The nine disciplines examined constitute the complete NCES broad-
field taxonomy, representing a population enumeration rather than a
sample. However, this aggregation level necessarily obscures within-
discipline heterogeneity. Future research using institution-level or
individual-level data could examine variation in Al usage patterns
within fields, including potential gender differences in Al engagement
among students in the same discipline.

7.2. Data source constraints

A structural limitation exists within the foundational Handa et al.
[11] data. Derived from general university accounts, the source popu-
lation likely contains an unsegmented mix of undergraduate and grad-
uate students who may exhibit systematically different interaction
patterns. While this study aligned its demographic and economic
benchmarks with the bachelor's degree level used by Handa et al. for
methodological consistency, this introduces the risk of ecological fal-
lacy. Graduate students engaged in research may naturally perform
more augmentation-focused tasks, potentially inflating Al Interaction
Scores for disciplines with high graduate enrollment. Future research
using Al interaction data explicitly segmented by academic level is
needed to disentangle these effects.

7.3. Protocol validation boundaries

The systematic validation study confirmed excellent reliability
across model architectures, generations, and inference conditions.
However, several boundary conditions warrant acknowledgment. First,
the protocol included only one human rater; while leave-one-out anal-
ysis confirmed the human was not an indispensable anchor, a multi-
human panel would strengthen validity claims. Second, the validation
identified systematic vendor biases: all Al models exhibited attribution
bias (rating Al as more directive than the human researcher), with GPT
showing the largest effect ( = +17.5, p = .001). While multi-rater
consensus dilutes these biases, studies employing single-model coding
should interpret results with caution. Third, a Calibration Paradox was
observed across model generations, wherein correlation improved while
category-level bias increased, suggesting that ongoing validation will be
necessary as frontier models continue to evolve. The rater and validation
frameworks reported herein provide a template for such continued
assessment.

7.4. LLM methodology

The use of LLMs as raters in conceptual analysis remains an emerging
methodology. Although task determinacy was confirmed (zero inter-
trial variance at temperature = 0.0) and cross-generational stability
was demonstrated (within-vendor r > 0.92), the fundamental question
of whether LLM agreement reflects genuine semantic understanding or
sophisticated pattern matching cannot be definitively resolved. The
structural correspondence between educational and occupational
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frameworks may be recoverable through pattern matching alone, which
would not invalidate the mapping but would limit claims about the
depth of conceptual analysis involved. We recommend that future
research continue to investigate boundary conditions for LLM-assisted
qualitative coding across diverse task types.

7.5. Measurement uncertainty

While the nine disciplines constitute the complete NCES taxonomy,
the Al Interaction Scores assigned to each are derived quantities medi-
ated by rater judgment rather than directly observed population pa-
rameters. Inter-rater reliability was excellent (ICC > 0.94), and
adversarial weighting confirmed invariance to rater composition, but
item-level variation persists. Reported correlations should be inter-
preted with this measurement-level uncertainty in mind.

7.6. Future directions

Longitudinal research tracking graduates from this cohort into the
workforce would validate whether Al Interaction Scores predict career
trajectory and earnings as theorized. Additionally, the pedagogical im-
plications outlined in the Discussion should be evaluated through
experimental and quasi-experimental studies measuring the efficacy of
interventions designed to shift student Al usage toward augmentation-
focused patterns. Further, future studies may conceptualize automa-
tion and augmentation as independent portfolio dimensions rather than
opposing poles, modeling optimal ratios across task contexts.

8. Conclusion

Despite these limitations, this study provides the first empirical
bridge between how students actually use Al and the specific interaction
patterns associated with economic advancement. The correlations are
too strong and the potential social implications too profound to ignore.
Higher education stands at a defining crossroads. It can continue the
current trajectory and risk inadvertently contributing to a new algo-
rithmic stratification system, or it can proactively intervene to ensure
that AI becomes a tool for equitable advancement for all students.
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Appendix A: Full Prompt for Conceptual Mapping Task

The following prompt was provided to the primary researcher and
the three Large Language Model raters to perform the conceptual
mapping of Handa et al.'s [11] student interaction patterns to the 2ACT
framework [14].

FRAMEWORK 1: Handa et al. [11] identified four student AI
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interaction patterns:

1. Direct Problem Solving (DPS): Students seek direct solutions or ex-
planations for specific questions with minimal iteration.

2. Direct Output Creation (DOC): Students request Al to generate longer
outputs (e.g., essays, code, etc.) with minimal iterative engagement.

3. Collaborative Problem Solving (CPS): Students engage in dialogue
with Al to understand concepts or solve problems iteratively.

4. Collaborative Output Creation (COC): Students and Al co-create or
iteratively refine longer outputs through multiple exchanges.

FRAMEWORK 2: Mullens & Shen [14] identified five primary
career-relevant Al interaction patterns in their 2ACT framework:

1. Directive AI: AI systems perform tasks with minimal human
involvement (associated with lower job zones).

2. Feedback Loop Al: Al receives environmental feedback to complete
tasks (associated with lower job zones).

3. Validation AI: Al validates or verifies human outputs (conditionally
associated with higher job zones when paired with scientific
knowledge).

4. Task Iteration Al: Humans and Al collaboratively refine outputs
through multiple exchanges (associated with higher job zones).

5. Learning AIL: AI provides knowledge, explanations, or training to
humans (associated with higher job zones).

NOTE: The 2ACT framework also includes "Thinking Fraction" as a
cross-cutting dimension measuring depth of cognitive engagement
across all patterns. As this is not a separate pattern category but rather a
dimension that applies across patterns, please exclude it from your
primary mapping.

TASK: For each student pattern (Framework 1), assign percentage
allocations to the relevant 2ACT patterns (Framework 2) that best
represent their conceptual alignment. The percentages for each student
pattern should sum to 100 %.

Please provide:

1. A percentage-based mapping for each student pattern
2. A brief justification for each mapping decision (2-3 sentences)
3. Confidence level in your mapping (high/medium/low)

Respond in a structured, tabular format for ease of analysis.
Appendix B: System Prompt for Protocol Validation (Phase 1b)

The following system prompt was used for all API-based inference
trials during the Phase 1b validation protocol

You are an expert researcher in labor economics and educational
pedagogy. You are tasked with performing a conceptual mapping be-
tween two theoretical frameworks. Your goal is to identify conceptual
alignment based strictly on the provided definitions. You must provide
your output in a structured markdown table. Be deterministic and
objective.
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