
Abstract—This position paper examines the gap at the inter-

section of AI, Universal Design for Learning (UDL), and work-

place training. While AI capabilities, including content genera-

tion,  learning  material  adaptation,  and  multimodal  delivery 

seem  to  align  with  UDL  principles,  this  alignment  does  not 

guarantee  inclusive  learning  outcomes.  AI-generated  outputs 

may still overlook barriers related to disability, language, cog-

nition,  and  skills  transfer  in  workplace  contexts.  The  paper 

identifies three core challenges: (1) misalignment between AI 

optimization  targets  and  inclusive  workplace  learning  out-

comes; (2) accessibility barriers introduced or amplified by AI 

systems; and (3) the absence of a practical,  validated frame-

work for evaluating AI-supported training design. The contri-

bution is a research agenda and a preliminary UDL-informed 

evaluation framework that defines measurable dimensions for 

assessing  whether  workplace  training  content  and  processes 

created  with  AI  are  accessible,  equitable,  and  pedagogically 

sound. This work is intended to support future empirical vali-

dation and give organizations a more consistent way to review 

AI-created training content for accessibility, inclusion, and evi-

dence-based learning design.

Index  Terms—Artificial  intelligence,  Universal  Design  for 

Learning, workplace training, accessibility, learning and devel-

opment.

I. INTRODUCTION

RGANIZATIONAL use of artificial intelligence (AI) 

is  expanding rapidly.  The Stanford AI Index reports 

that AI adoption rose from 55% in 2023 to 78% in 2024, 

while  generative  AI  use  in  at  least  one  business  function 

more than doubled, from 33% to 71% over the same period 

[1]. In parallel, scholarly interest in AI-supported workplace 

education is growing: a 2025 systematic review identified 39 

studies  examining  AI  applications  in  employee  training, 

with reported impacts across cognitive, behavioral, affective, 

and technical-organizational outcomes [2].

O

Despite  this  growth,  a  central  question  remains  unre-

solved:  how can organizations determine whether  AI-sup-

ported workplace training is accessible, inclusive, and effec-

tive for diverse learners? This gap is particularly important 

because workplace learning is evaluated not only by knowl-

edge  acquisition  but  by  the  ability  to  apply  skills  in  real 

work contexts.

This paper examines that problem at the intersection of 

AI,  Universal  Design for Learning (UDL), and workplace 

training. Prior work suggests that AI capabilities, including 

content generation, personalization and customization, and 

multimodal  delivery,  could support  more flexible learning 

environments. However, alignment between technical capa-

bility  and  inclusive  learning  outcomes  should  not  be  as-

sumed. AI systems optimized for efficiency or surface per-

formance metrics (e.g., completion rates or quiz scores) may 

still  fail  to address barriers related to disability,  language, 

cognition, or workplace skill transfer.

Accessibility  presents  an  immediate  concern.  AI  tools 

used in L&D workflows can introduce or amplify barriers 

through inaccessible generated content,  unreliable caption-

ing, unstructured documents, or limited support for diverse 

interaction modes. As Treviranus argues, AI systems can re-

produce exclusion when their  underlying assumptions and 

data fail to represent human diversity [3]. Without system-

atic evaluation, these limitations may scale across organiza-

tional learning systems.

Currently,  organizations  lack  a  practical,  integrated 

framework for assessing whether AI-supported training de-

sign  meets  both  accessibility  requirements  and  UDL-in-

formed  instructional  goals.  Existing  approaches  address 

parts of the problem—such as technical accessibility stan-

dards,  AI  governance  frameworks,  or  training  evaluation 

models—but do not provide a coherent method for evaluat-

ing inclusive learning outcomes in workplace contexts.

Literature was identified through searches of EBSCO Aca-

demic  Search Complete,  ERIC,  Google  Scholar,  the  ACM 

Digital Library, and IEEE Xplore, supplemented by targeted 

searches  of  practitioner  outlets  and  policy  repositories  for 

adoption and accountability evidence not yet well represented 

in peer-reviewed journals. This review is a targeted narrative 

synthesis consistent with the challenge-paper genre, not a sys-

tematic review or meta-analysis. Peer-reviewed sources pro-

vide the evidentiary basis for the three challenges; practitioner 

and policy sources are cited only for contextual, adoption, or 

accountability claims. As discussed in Section II, the work-

place UDL evidence base is  limited;  therefore,  this  review
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draws on training-transfer, AI evaluation, and algorithmic hir-

ing research to frame the need for domain-sensitive, sub-

group-aware evaluation [4]–[7]. 

The issue  is not that AI lacks the ability to create content.  

It is that capability does not guarantee alignment with UDL 

principles, freedom from new accessibility barriers, or the 

evaluation infrastructure needed to verify inclusive outcomes 

in workplace contexts. This paper addresses that gap by iden-

tifying three core challenges: (1) misalignment between AI 

optimization targets and inclusive workplace learning out-

comes; (2) accessibility barriers introduced or amplified by 

AI tools; and (3) the absence of a validated evaluation frame-

work. Section II reviews relevant background on UDL, acces-

sibility, and AI in workplace learning. Section III develops 

these challenges and presents the preliminary evaluation 

framework. Section IV examines their broader implications, 

and Section V proposes the research agenda and validation 

directions. The paper contributes a workplace-specific fram-

ing of the problem, three research questions, and an initial 

framework that can be tested in future studies. 

II.  BACKGROUND: INTERSECTING CONTEXTS 

Universal Design for Learning in the Workplace 

Universal Design for Learning was developed by CAST and 

informed by Rose and Meyer’s learning-science and neuro-

science research [8], [9]. It is organized around three princi-

ples: multiple means of representation, multiple means of ac-

tion and expression, and multiple means of engagement. UDL 

Guidelines 3.0 extend this foundation by looking beyond in-

dividual learning differences to the structural biases and ex-

clusions embedded in learning systems [8]. In this paper, 

workplace training refers to organizational L&D materials, 

tools, and learning experiences used for onboarding, compli-

ance, technical skills, professional development, and job-per-

formance support. UDL research in workplace contexts re-

mains limited. Existing studies indicate that most UDL re-

search has been conducted in K–12 and higher education set-

tings, with comparatively little evidence in corporate training 

environments [10], [11], [12]. 

Bartlett and Ehrlich [13] and McNichols [14] discuss UDL 

in workplace training and development, but the literature re-

mains limited compared with formal education. Al-Azawei et 

al. similarly found that most peer-reviewed UDL research has 

been conducted in traditional classroom contexts [12]. 

This gap is noteworthy because workplace learning differs 

from formal education in its emphasis on performance trans-

fer, organizational accountability, and heterogeneous learner 

populations. For example, Irbe’s study of UDL in corporate 

technical training found domain-specific outcomes: while 

cognitive gains were not significantly different, psychomotor 

outcomes improved using UDL as a design framework [4]. 

Although limited in scope, such findings suggest that UDL 

application in workplace settings may depend on the type of 

learning outcome being measured. 

More recent work has begun to extend UDL into organiza-

tional training. Selseleh, Fragomeni, and Gulseren position 

UDL as a shared organizational responsibility rather than a 

concern assigned only to an instructional designer or accessi-

bility specialist [15]. Their model connects training design to 

organizational outcomes over time and frames UDL as a sys-

tem issue. How training design that uses AI should operation-

alize and measure those outcomes remains an open question. 

This distinction matters because corporate L&D depends 

not only on what learners know but on what they can apply 

and transfer to job performance. The evidence base is there-

fore too limited to support broad claims that training design 

that uses AI can produce UDL-aligned workplace learning at 

scale without additional validation. 

Accessibility and UDL are complementary but distinct. Ac-

cessibility focuses on removing physical and digital barri-

ers—typically through compliance with technical require-

ments—such as  the Web Content Accessibility Guidelines 

(WCAG) 2.2 and Section 508. UDL goes further by design: 

rather than retrofitting accommodations, it constructs learning 

experiences from the outset to offer multiple ways to support 

flexible engagement, representation, and expression for all 

learners. In workplace training, this distinction is critical: con-

tent can meet accessibility standards while still failing to pro-

vide meaningful opportunities for engagement, practice, or 

skills demonstration. 

Accessibility Standards in Workplace Technology 

Workplace learning technologies are guided by major acces-

sibility standards and laws, including WCAG 2.2, Section 508 

in the United States, and the European Accessibility Act 

(EAA) and EN 301 549 in the European Union. These stand-

ards define requirements for perceivable, operable, and un-

derstandable digital content but do not address instructional 

design decisions or learning outcomes. 

Similarly, the EU AI Act introduces requirements related 

to risk management, transparency, and human oversight [16]. 

While highly relevant for governance, it does not specify how 

AI-generated training should support inclusive learning de-

sign or equitable outcomes. As a result, organizations must 

navigate a gap between compliance-oriented accessibility re-

quirements and the broader goal of inclusive learning experi-

ences. 

AI in Workplace Training: Capabilities, Promise, and 

Disparity 

AI is increasingly embedded in workplace L&D through tools 

for content generation, adaptive learning, and speech-based 

interaction. These systems can produce training materials, 

personalize learning paths, and support multimodal access 

through captioning, transcription, and conversational inter-

faces [17], [18]. 

Although these capabilities can be mapped conceptually to 

UDL principles, such alignment is not evidence of effective 

or inclusive learning design. The ability to generate multiple 

content formats or adapt difficulty does not ensure that train-

ing addresses learner variability, supports meaningful prac-

tice, or enables skills transfer. Prior research notes that gener-

ative AI tools may produce outputs that appear pedagogically 
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sound while requiring substantial expert review for contextual 

and instructional adequacy [19]–[21]. 

Sakowicz and Hamidi identify this convergence as promis-

ing for learners with disabilities [22], and Angeloni similarly 

argues that AI embedded within UDL can widen participation 

[23]. However, both sources condition that promise on human 

oversight and empirical validation [22], [23]—neither of 

which has been established in workplace L&D contexts. 

At the same time, AI-generated outputs may introduce new 

forms of inequity. Performance disparities in speech recogni-

tion, limitations in generated content structure, and variability 

in personalization or customization can affect whether learn-

ers can access and benefit from training. These risks highlight 

the need to evaluate training developed using AI not only in 

terms of functionality, but in terms of accessibility, instruc-

tional quality, and outcome equity in workplace contexts. 

III. CORE RESEARCH CHALLENGES 

Misalignment Between AI Optimization and UDL Evidence 

AI may help scale UDL-aligned design practices. However, 

when instructional designers use AI tools to develop work-

place learning content, the prompts they write and the outputs 

they accept may be shaped by narrow, easily measured crite-

ria such as quiz scores, completion rates, time-on-task, or sur-

face alignment with learning objectives. These indicators are 

administratively convenient, but they capture only part of 

what inclusive learning requires. Without explicit UDL crite-

ria, AI-generated course outlines, knowledge checks, scenar-

ios, or slide decks may reflect the tool’s default pedagogical 

assumptions rather than an intentional response to learner dif-

ferences. 

Recent research suggests that AI-generated instructional 

materials are not pedagogically neutral. Chen et al. found that 

commercial AI lesson-plan generators tended to reproduce 

teacher-centered models with limited learner agency [19], 

while Parsons and Curry found that ChatGPT-generated in-

structional design work could show surface competence but 

still require expert review for contextual and pedagogical ad-

equacy [20]. Related work also identifies gaps in feedback, 

differentiation, and adaptation for varied learner needs [21]. 

Together, these findings reinforce the need for human instruc-

tional judgment and UDL-informed review before AI outputs 

are adopted in workplace L&D. 

As discussed in Section II, domain sensitivity matters be-

cause workplace learning outcomes may vary across 

knowledge, skill, and transfer domains. This concern is com-

pounded by two gaps in the current evidence base. First, AI-

based personalized learning research remains underrepre-

sented in informal education and workplace contexts [18]. 

Second, research on AI for psychomotor skills training has 

focused primarily on healthcare, particularly surgical skill ac-

quisition, with limited attention to general corporate technical 

training [24]. As a result, AI is increasingly used to scale con-

tent, course outlines, and knowledge checks, while the skill 

transfer domain most relevant to workplace performance re-

mains comparatively underdeveloped. 

The problem also extends to learner diversity. AI-sup-

ported training design may adapt content to performance met-

rics, but those metrics do not necessarily capture accommo-

dation needs, disability status, language proficiency, neurodi-

vergence, or prior experience with technology. For example, 

an employee with dyslexia struggling with text-heavy content 

may generate performance data that resembles disengagement 

or lack of preparation. Without accessibility-aware review 

and feedback loops, AI-supported design processes may fail 

to distinguish low performance from performance limited by 

inaccessible design. 

The central research challenge is therefore to determine 

how AI-supported training design can be developed and eval-

uated for inclusive, transferable learning rather than narrow 

cognitive performance metrics alone. This challenge is cap-

tured in the first consolidated research question in Section V. 

Addressing it requires mixed-methods empirical research that 

combines experimental or quasi-experimental outcome stud-

ies with design-based research, learning analytics, accessibil-

ity evaluation, and qualitative analysis of learner experience. 

New Accessibility Barriers Introduced by AI 

AI deployed without inclusive design principles may create 

systemic, invisible barriers embedded in infrastructure that 

organizations have already adopted—barriers that can appear 

compliant on the surface while still excluding employees in 

practice. Automatic Speech Recognition (ASR) provides the 

clearest documented example. ASR underpins AI-powered 

captioning for training videos, voice interfaces in learning 

platforms, and transcription of coaching or feedback sessions. 

Yet ASR systems do not perform equally across speaker 

groups. Feng et al. found disparities associated with gender, 

age, regional accent, and non-native accent [25]. Koenecke et 

al. found that commercial ASR systems misrecognized speak-

ers of African American Vernacular English at nearly twice 

the rate of white speakers [26]. Studies of speakers with dis-

ordered speech similarly show that ASR performance de-

clines as disorder severity increases [27]. 

These disparities are measurable only when systems are au-

dited appropriately. Aggregate word error rate (WER) can 

mask subgroup-level failures, and WER alone may not cap-

ture semantic errors, hallucinated transcriptions, or other fail-

ures that affect whether captions and transcripts are usable for 

learning. Robust ASR evaluation therefore requires sub-

group-disaggregated results, representative samples reflect-

ing the linguistic diversity of the intended learner population, 

and metrics that go beyond word-level accuracy. In corporate 

L&D, however, such audit conditions are rarely standardized 

in procurement or deployment. Organizations may therefore 

adopt AI captioning, transcription, or voice-interface tools 

without knowing whether they impose disproportionate barri-

ers on multilingual employees, speakers from minority-lan-

guage backgrounds, or employees with speech differences. 

This creates a validity problem: apparent learner performance 

may reflect inaccessible system behavior rather than actual 

knowledge, skill, or transfer. 
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Generative AI introduces additional barrier types. LLMs 

used to generate training content may produce inaccurate or 

missing image descriptions, documents without heading 

structure, color combinations with insufficient contrast, or 

dense text-only formats that disadvantage learners with learn-

ing disabilities such as dyslexia, ADHD, or cognitive pro-

cessing differences. These risks do not emerge randomly — 

they follow directly from using AI to generate content without 

accessibility constraints at the authoring stage. Mallary, 

Moore, and McClain note that while generative AI can sup-

port UDL implementation, algorithmic bias and data privacy 

remain significant practical concerns [28]. Sakowicz and Ha-

midi similarly found that generative AI tools can assist in cre-

ating personalized content for learners with disabilities, but 

their effectiveness depends on prompting, constraints, and hu-

man decision-making that are not yet standardized in corpo-

rate L&D practice [22]. 

Addressing these risks requires layered validation across 

the training design workflow when AI is used, including 

prompt-level accessibility constraints, automated accessibil-

ity checks, assistive technology compatibility testing, human 

review of alt-text accuracy and cognitive load, caption quality 

thresholds disaggregated by speaker group, LMS publication 

gates, and periodic re-auditing when AI tools change. These 

practices are technically feasible, but remain largely absent 

from mainstream corporate L&D workflows. This challenge 

is captured in the second consolidated research question in 

Section V. 

Lack of an Evaluation Framework 

A third challenge is the lack of a validated framework for 

evaluating whether workplace training content and design 

created with AI meet accessibility standards and UDL-in-

formed inclusion criteria. Without one, organizations cannot 

assess vendor claims systematically, L&D professionals can-

not consistently check AI-generated content for accessibility 

and pedagogical soundness, and researchers cannot build a 

comparable evidence base across studies. 

Existing frameworks address pieces of the problem but not 

the full workplace-training context in which AI is used to gen-

erate, adapt, or deliver content. WCAG 2.2 addresses digital 

content and interface accessibility; the EU AI Act addresses 

risk categories, transparency, human oversight, and funda-

mental rights [16]; and the Kirkpatrick Four-Level Training 

Evaluation Model, widely used in workplace L&D, evaluates 

reaction, learning, behavior, and results [29]. However, none 

of these frameworks evaluates whether AI-generated or AI-

supported training is accessible, inclusive, pedagogically 

sound, and equitable across learner populations. UDL Guide-

lines 3.0 provide the relevant instructional design foundation 

[8], but they do not address the AI production layer, vendor 

claims, corporate performance-transfer demands, or domain-

specific outcome differences documented in workplace train-

ing research. 

This gap has a specific AI dimension. As generative AI is 

used to create training materials, organizations may begin 

treating “UDL-aligned” prompts as evidence that the final 

content is inclusive. Prior work argues that AI-UDL integra-

tion has transformative potential, but does not provide work-

place-based validation or an evaluation framework for deter-

mining whether AI outputs actually embody UDL principles 

rather than merely invoking them [28], [30]. For example, an 

AI-generated module prompted to be “UDL-aligned” may 

provide text, audio, and a visual summary while still lacking 

scaffolding, meaningful practice, flexible expression, feed-

back, or authentic skills application. Inclusivity may appear 

to meet all the requirements on a formal checklist but still fail 

to give learners meaningful ways to engage, practice, respond, 

or demonstrate skill. 

Any viable framework must therefore extend beyond inter-

face conformance and end-of-course metrics. It must be usa-

ble by the full set of stakeholders who shape workplace learn-

ing, including instructional designers, accessibility special-

ists, managers, subject-matter experts, procurement teams, 

and vendors. It must also be domain-sensitive: a framework 

that treats UDL as simply present or absent cannot capture 

differences among knowledge retention, skills application, 

engagement, and transfer. Training content generated or 

adapted with AI that provides accessible knowledge content 

is not necessarily equivalent to training that supports practice, 

feedback, skill demonstration, and workplace performance 

transfer. 

The research challenge is whether a UDL-informed, do-

main-sensitive evaluation framework for workplace training 

content and design processes created with AI can be devel-

oped, empirically validated, and operationalized for use in 

L&D practice and vendor procurement. This challenge is cap-

tured in the third consolidated research question in Section V. 

Existing frameworks such as WCAG, the Kirkpatrick Four-

Level Training Evaluation Model, UDL Guidelines, and AI 

governance models, each address part of the problem but none 

brings them together. Table 1 proposes a framework that does, 

integrating accessibility, instructional design, AI system be-

havior, and equitable outcomes across learner populations 

into a single evaluation tool for workplace training content 

and design processes created with AI. It maps the core risks 

identified in Sections II.A and II.B, including accessibility 

barriers, narrow performance metrics, and governance limita-

tions, to measurable evaluation dimensions. 

Each dimension links a UDL principle to a specific AI 

component and proposes indicators that can be assessed 

through automated checks, human review, assistive technol-

ogy testing, or subgroup-disaggregated outcome analysis. The 

framework is intended as a structured research artifact rather 

than a validated instrument, providing a basis for empirical 

testing, comparison across studies, and practical use in L&D 

evaluation and procurement contexts. 
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TABLE I. 

DIMENSIONS OF A UDL-INFORMED EVALUATION FRAMEWORK FOR WORKPLACE TRAINING OUTPUTS CREATED WITH AI 

Framework Dimension UDL Guidelines 3.0 

Alignment 
AI Component Evalu-

ated 
Measurable Indicator Validation Method 

Content Accessibility — 

AI-generated learning materi-

als meet technical accessibility 

standards before reaching 

learners 

Multiple Means of 

Representation — Guide-

line 1: Design Options for 

Perception 

Generative content tools 

(LLMs, document authoring 

pipelines) 

% of AI-generated items conforming to WCAG 

2.2 Criteria 1.1.1 (non-text alternatives), 1.3.1 (info 

and relationships), and 1.4.3 (contrast) prior to 

LMS publication 

Automated audit + human 

spot-check sample 

Speech and Interaction Eq-

uity — AI-mediated voice in-

terfaces and captioning per-

form equitably across the 

learner population 

Multiple Means of Ac-

tion and Expression — 

Guideline 4: Design Op-

tions for Interaction; 

Guideline 5: Design Op-

tions for Expression and 

Communication 

ASR, voice-based inter-

faces, AI captioning systems 
Word error rate (WER) disaggregated by 

speaker group (accent, speech difference, language 

background), with a maximum acceptable disparity 

threshold set against a representative corporate 

workforce sample 

Subgroup WER audit 

against workforce sample 

Adaptation Logic — Per-

sonalization responds to access 

needs, not only to performance 

signals 

Multiple Means of En-

gagement — Guideline 8: 

Design Options for Sus-

taining Effort and Persis-

tence 

Personalization engine 

and adaptive learning plat-

form 

Proportion of adaptive interventions triggered 

by format, modality, or pacing signals vs. cognitive 

performance proxies (quiz score, completion rate, 

time-on-task); baseline established by logging inter-

vention triggers across a randomly sampled learner 

cohort 

System log analysis of in-

tervention triggers 

Domain-Sensitive Outcome 

Measurement — The system’s 

objective function encom-

passes psychomotor and affec-

tive outcomes, not only 

knowledge acquisition 

Multiple Means of Ac-

tion and Expression — 

Guideline 4: Design Op-

tions for Interaction; 

Guideline 5: Design Op-

tions for Expression and 

Communication; espe-

cially Consideration 5.3, 

Build Fluencies with 

Graduated Support for 

Practice and Performance; 

with affective outcomes 

also aligned to Multiple 

Means of Engagement 

Learning outcome model 

and AI objective function 
Proportion of outcome reports disaggregating 

results by cognitive, psychomotor, and affective do-

main across a randomly sampled learner cohort 

Statistical analysis of out-

come reporting layer 

Outcome Equity — Learn-

ing outcomes are equitable 

across learner populations 

UDL Guidelines 3.0 

systemic and structural in-

clusion emphasis: reduc-

ing barriers rooted in bias 

and systems of exclusion 

Analytics and reporting 

layer 
Statistical significance of outcome differences 

across groups defined by disability status, language 

background, neurodivergence, and content domain; 

requires disaggregated data collection as a system 

design requirement, not a post-hoc audit 

Disaggregated statistical 

analysis; requires subgroup 

data collection by design 

Human Oversight and Au-

dit Readiness — Organiza-

tional accountability mecha-

nisms exist to catch and correct 

AI-introduced barriers 

UDL Guidelines 3.0 

systemic and structural in-

clusion emphasis, com-

bined with EU AI Act 

transparency and human 

oversight requirements 

Content generation and 

delivery pipeline; LMS gov-

ernance layer 

% of AI-generated content items with a docu-

mented human review checkpoint before publica-

tion; presence of a revertible audit trail covering the 

full LMS content inventory; assessable by L&D 

teams without specialist accessibility expertise 

Process audit; assessable 

by L&D teams without spe-

cialist expertise 

Some indicators, particularly those requiring disaggregated 

learner outcome data, depend on data collection and govern-

ance practices that are not yet standard in most organizations. 

The indicators in Table 1 are proposed for empirical vali-

dation rather than presented as validated measures. Future pi-

lot studies should test the framework across mid-to-large cor-

porate organizations and multiple content domains, including 

technical skills training, compliance training, and onboarding. 

Sample sizes should be determined through an a priori power 

analysis based on outcome measures, expected effect sizes, 

learner subgroups, and planned statistical models. Validation 

should include inter-rater reliability testing for human review 

dimensions, comparison with independent accessibility au-

dits, analysis of whether the framework distinguishes con-

strained from unconstrained AI-generated outputs, and prac-

titioner usability testing with L&D teams. The organizational 

framing proposed by Selseleh et al. [15] and the collaborative 

barrier-anticipation process described by Boucher et al. [31] 

further suggest that the framework should be usable by cross-

functional teams spanning instructional design, accessibility, 

HR, procurement, and vendor management. 

IV. SOCIETAL STAKES 

These challenges are especially pressing in workplace con-

texts because affected learners are often invisible to the sys-

tem. Disability non-disclosure, enterprise procurement deci-

sions, and the embedding of AI tools across standard learning 

infrastructure all increase the risk that inaccessible design will 

scale without detection. 

The population at risk is larger than organizations typically 

estimate. The World Health Organization (WHO) estimates 

that approximately 16% of the global population lives with a 

significant disability [32], and in corporate contexts accessi-

bility needs are often underreported due to stigma, non-dis-

closure, or lack of awareness of available accommodations. 

Aging demographics, increasingly multilingual workforces, 

and growing neurodiversity awareness further expand the 
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population for whom inclusive L&D design is essential. Eval-

uation frameworks must therefore be validated against demo-

graphically diverse workforce samples, not aggregate popula-

tions alone. 

The regulatory landscape is accelerating. The EU AI Act 

introduces phased obligations related to risk management, 

transparency, and human oversight [16], while the European 

Accessibility Act began applying accessibility requirements 

to covered products and services in June 2025 [33]. Recent 

UDL implementation research in formal education suggests 

that stronger implementation may improve learner perfor-

mance and engagement [34], but those findings cannot be 

transferred to corporate L&D contexts using AI without tar-

geted workplace research. Without validated frameworks that 

L&D teams can apply during procurement, design, content re-

view, and evaluation, accessibility commitments cannot be 

operationalized [35]. 

V. RESEARCH DIRECTIONS AND CALL TO ACTION 

Because this agenda sits at the intersection of workplace train-

ing, enterprise technology, accessibility governance, and 

learning analytics, this section translates the preceding prob-

lems into three consolidated research questions and four ac-

tionable study designs for the intelligence systems commu-

nity. Jovanovic’s FedCSIS work on learning analytics and AI 

is relevant here because it connects analytics, AI, and evi-

dence-based learning decisions [36]. 

RQ1. How can AI-supported workplace training design be 

evaluated for inclusive learning outcomes beyond narrow 

cognitive metrics such as quiz scores, completion, or time-on-

task? 

RQ2. What accessibility barriers are introduced or ampli-

fied when AI tools are used to generate, adapt, caption, tran-

scribe, or personalize workplace training content? 

RQ3. What framework, validation methods, and govern-

ance processes are needed to determine whether workplace 

training content and processes created with AI are accessible, 

UDL-informed, equitable, and usable in practice? 

The studies below map directly to these three questions. 

Study 1: Domain-sensitive inclusive outcome metrics 

(RQ1). Research question: How does AI-supported training 

design affect cognitive, psychomotor, affective, and transfer 

outcomes in corporate L&D? Method and data: multi-site ex-

perimental or quasi-experimental comparisons of AI-sup-

ported, human-designed, and hybrid training across technical 

and non-technical topics, using training artifacts, prompts, 

learner demographics where ethically collected, pre/post as-

sessments, performance tasks, engagement data, transfer in-

dicators, and interviews. Metrics and contribution: cognitive 

retention, rubric-scored skills tasks, engagement/self-effi-

cacy, delayed transfer evidence, and subgroup-disaggregated 

comparisons; the contribution is domain-sensitive objective 

functions for workplace training design and evaluation when 

AI is used. 

Study 2: Inclusive AI content generation standards (RQ2 

and RQ3). Research question: What constraints and valida-

tion mechanisms ensure that AI-generated workplace training 

content is accessible and UDL-informed? Method and data: 

develop an AI authoring pipeline that encodes accessibility 

and UDL requirements into system prompts, authoring tem-

plates, metadata, automated validators, and human approval 

workflows, then compare constrained and unconstrained out-

puts. Metrics and contribution: WCAG conformance, docu-

ment structure, alt-text quality, contrast, readability, assess-

ment diversity, UDL alignment, and assistive technology 

compatibility; the contribution is reusable design patterns for 

AI authoring in enterprise L&D. 

Study 3: Bias audit protocols for workplace training tools 

using AI (RQ2 and RQ3). Research question: How can ASR 

systems, generative content tools, personalization engines, 

and conversational agents be audited for differential perfor-

mance across learner populations and contexts? Method and 

data: define population strata, collect representative speech, 

multilingual learner inputs, generated outputs, recommenda-

tions, chatbot interactions, performance signals, and contex-

tual metadata. Metrics and contribution: disaggregated word 

error rate, semantic error, accessibility errors, hallucination 

rates, UDL-alignment failures, misclassification of support 

needs, and remediation thresholds; the contribution is an al-

gorithmic audit protocol for enterprise training tools and out-

puts created with AI. 

Study 4: Validation roadmap for a UDL-informed AI eval-

uation framework (RQ3). Research question: Can the pro-

posed framework be made reliable, usable, and predictive of 

inclusive learning outcomes? Method and data: staged valida-

tion through expert review or Delphi study, practitioner usa-

bility testing, pilot audits of AI-generated artifacts, inter-rater 

reliability testing, and outcome validation using audit scores 

and subgroup-disaggregated learner outcomes. Metrics and 

contribution: content validity, inter-rater reliability, usability, 

convergence with independent accessibility audits, discrimi-

nation between constrained and unconstrained outputs, and 

predictive validity; the contribution is a framework that links 

AI evaluation with procurement, governance, and quality as-

surance in workplace L&D. 

We invite the FedCSIS community, with expertise span-

ning computer science, information systems, intelligence sys-

tems, Human Computer Interaction (HCI), algorithmic audit-

ing, and trustworthy AI governance, to engage with this 

agenda. Many of the technical capabilities needed to address 

these challenges already exist; what is missing is a shared em-

pirical agenda for ensuring that workplace training content, 

tools, and processes created with AI are scalable, accessible, 

inclusive, and valid across the diverse populations they are 

intended to serve. 

VI. CONCLUSION 

This paper demonstrates that AI use in workplace training in-

troduces a distinct inclusion challenge: training content, tools, 

and design processes created with AI cannot be assumed to be 
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accessible, UDL-informed, or equitable simply because they 

are efficient, adaptive, or prompted with inclusive language.

The  proposed  framework  provides  an  initial  operational 

structure for evaluating these risks, linking AI system behav-

ior  to accessibility,  instructional  design,  and equity of  out-

come. While not yet evaluated, it establishes a foundation for 

systematic  assessment  and  comparison  across  workplace 

training contexts. Current evidence does not support the as-

sumption that AI-enabled training can deliver inclusive, trans-

ferable learning outcomes at scale. Instead, it underscores the 

need for domain-sensitive evaluation, accessibility by design, 

and empirically grounded validation. Advancing this agenda 

requires interdisciplinary research and practical tools that en-

able  organizations  to  assess,  govern,  and  improve  AI-sup-

ported training systems. Without such frameworks, AI risks 

scaling exclusion alongside efficiency in workplace learning.
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