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1. Introduction

Education depends on structured frameworks to shape

teaching, learning, and assessment, promoting consistency,

fairness, and effectiveness in classrooms [1]. Although these

frameworks aim to enhance educational practices, they in-

herently draw on knowledge management (KM) principles,

particularly those related to knowledge generation and trans-

fer [2]. Knowledge Management (KM) is the process of creat-

ing, capturing, organizing, sharing, and applying knowledge

to enhance decision-making and innovation. However, many

educational frameworks have overlooked KM from their in-

ception and continued to exclude it in subsequent research

and applications [2, 3]. Educational frameworks provide edu-

cators with a structured approach to curriculum design, in-

structional strategies, and student evaluation [2]. By offering

clear guidelines, they help teachers align their methods with

educational goals, fostering a more systematic and evidence-

based approach to learning [4, 5]. The impact of these frame-

works extends beyond theory; they shape daily classroom

practices by helping teachers assess student progress, ad-

just instruction, and provide meaningful feedback [6]. They

also empower students by promoting intrinsic motivation,

engagement, self-reflection, and a deeper understanding of

their learning [6, 7]. Instructors use these models to create fair

assessments, ensuring that evaluations accurately reflect stu-

dent knowledge and skills [8, 9]. Moreover, these frameworks

support professional development by equipping educators

with the necessary tools to improve their teaching and evalu-

ating strategies [3, 10]. By fostering consistency across educa-

tional institutions, they enhance the quality of education on

a broader scale. Ultimately, these structured approaches aim

to bridge the gap between education research and practice,

ensuring that education remains dynamic and responsive to

the needs of both teachers and students [11].

The Assessments For Learning (AFL) and Popham’s

Model of Assessment Literacy focus on equipping teachers

with the knowledge to create valid and reliable assessments

that align with learning objectives [12–14]. Similarly, the Stig-

gins Five Pillars of Assessment Literacy highlight the im-

portance of clear learning targets, quality assessments, and

effective communication of results [15]. These frameworks

encourage feedback loops and student involvement to ensure

assessments guide instructional adjustments and foster learn-

ing rather than merely measure performance. Meanwhile,

the Teacher Assessment Literacy in Practice (TALiP) frame-

work reconceptualizes assessment literacy by focusing on

the practical application of assessment knowledge in real

classroom settings [16]. While each framework has a unique

perspective, they all contribute to improving the quality of

assessments and student learning in education. By guiding

teachers in making informed decisions, these models help

create more effective and meaningful learning experiences

for students. While some assessment literacy frameworks,

such as AFL, and TALiP, have institutional backing and are

widely used in teacher training, professional development, and

policy implementation. There are others, like Stiggins’ Five

Pillars of Assessments and Popham’s Model, function more

as conceptual models that provide theoretical insights into as-

sessment literacy rather than structured, empirically validated

frameworks [17]. This study chooses to include conceptual

frameworks also to ensure comprehensiveness and rigor.

With the rise of AI in education [5, 18], the omission of

knowledge management from assessment frameworks poses

significant risks. AI-driven tools are reshaping learning as-

sessment, personalized instruction, and feedback [19]. Artifi-

cial Intelligence (AI) is the simulation of human intelligence

in machines to perform tasks like learning, reasoning, and

problem-solving. However, without structured approaches

to knowledge generation and transfer, AI’s effectiveness can

be compromised. AI systems depend on vast data to en-

hance decision-making [20], but without clear KM, biases

and inaccuracies may go unnoticed [21]. Educators without

explicit frameworks may misinterpret AI insights, leading

to flawed instructional adjustments. Additionally, knowl-

edge transfer ensures consistent AI-enhanced assessment

applications across institutions [22–24]. Without structured

knowledge sharing, AI adoption may exacerbate assessment

literacy gaps, increasing educational disparities [23]. The ab-

sence of KM also increases the risk of blind reliance on AI,

reducing teacher autonomy and potentially harming student

outcomes [24, 25]. Algorithmic opacity may emerge, where

students and teachers receive AI-generated scores or rec-

ommendations without understanding their derivation [26].

This lack of transparency can lead to disengagement, as stu-

dents struggle to learn from or challenge results [27]. Without

effective knowledge transfer, institutions may implement AI-

driven assessments inconsistently, benefiting well-resourced

schools while disadvantaging others [28]. Policymakers with-
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out integrated knowledge management frameworks may lack

the insights needed to regulateAI, leading to misaligned poli-

cies that widen educational gaps [26]. Without a clear strategy

for managing AI-generated knowledge, trust in AI assess-

ments may erode, undermining education’s goal of fostering

equitable learning opportunities.

The integration of KM into an AI driven assessment

framework is not merely a theoretical enhancement but a

necessary evolution, given both the successes and failures

of AI-driven assessment in real-world educational settings.

AI-powered assessments have demonstrated significant po-

tential, such as in adaptive learning platforms like Carnegie

Learning and DreamBox, which personalize instruction by

analyzing student responses and adjusting difficulty levels

in real time [29, 30]. Similarly, AI-driven grading tools, such

as those used in standardized tests like the GRE and GMAT,

offer efficiency and scalability in evaluating large volumes

of student responses [31]. However, AI in assessment has also

faced major setbacks, highlighting the risks of improper im-

plementation without a structured KM system. For instance,

the UK’s 2020 A-Level grading algorithm, which replaced

exam-based assessments during the COVID-19 pandemic,

resulted in massive grade downgrades for disadvantaged

students, leading to widespread backlash and policy rever-

sals [32]. This failure stemmed from opaque decision-making

and poor knowledge transfer, demonstrating the urgent need

for structured KM principles to ensureAI-driven assessments

are transparent, interpretable, and aligned with pedagogical

goals. Embedding KM into AI-enhanced assessment frame-

works will mitigate these risks while preserving teacher ex-

pertise and institutional accountability.

KM provides a natural bridge between AI and Assess-

ment Literacy by addressing how knowledge flows [33] be-

tween these domains AI systems generate knowledge through

data analysis and pattern recognition, while assessment liter-

acy frameworks guide how this knowledge is interpreted and

applied in educational settings [34]. The principles of knowl-

edge generation and transfer in KM are particularly crucial as

they explain both howAI systems learn and evolve from edu-

cational data, and how educators can effectively understand,

validate, and implementAI-driven insights in their assessment

practices [33]. Knowledge generation occurs as teachers de-

velop new understanding through data analysis, classroom

observations, and student interactions [35]. By engaging in

continuous reflection and adaptation, educators refine their as-

sessment methods and instructional techniques. While frame-

works emphasize evidence-based practices, they do not ex-

plicitly recognize the role of knowledge creation in shaping

these strategies. Similarly, knowledge transfer is central to

the implementation of these frameworks [36]. Teachers can

also share best practices with colleagues, train new educa-

tors, and communicate assessment outcomes to students and

stakeholders [37]. The dissemination of effective assessment

techniques ensures consistency and improves instructional

quality [38]. Despite its importance, most frameworks treat

knowledge transfer as an implicit process rather than a delib-

erate mechanism [23]. By recognizing the role of knowledge

management, educational frameworks could enhance their

effectiveness, ensuring that learning is not just assessed but

actively enriched through knowledge creation and exchange.

The objective of this study is to propose a practical,

seven-phase framework for integrating Knowledge Manage-

ment (KM) into AI-enhanced assessment practices in educa-

tion. While existing assessment literacy frameworks offer

valuable foundations, they often lack mechanisms for system-

atically capturing, sharing, and applying knowledge in con-

texts where AI plays an active role. This absence can result

in fragmented adoption, biased evaluations, and inconsistent

application across courses and institutions [22, 39, 40]. The KM-

AI integration framework introduced here addresses this gap

by embedding KM principles such as knowledge generation,

transfer, alignment, and continuous evaluation within the life

cycle of AI-supported assessment. To demonstrate its real-

world applicability, we present both a hypothetical use case

involving a business school professor and a documented in-

stitutional example of an AI-powered teaching assistant [41].

Together, these cases illustrate how the framework can sup-

port educators in making AI more interpretable, trustworthy,

and pedagogically aligned, even in resource-constrained en-

vironments. By offering a structured approach grounded in

KM, this framework equips educators, developers, and policy-

makers with a practical guide to ensureAI-driven assessments

remain transparent, adaptable, and educationally sound.

2. Literature Review

Assessment frameworks play a crucial role in guiding

educators in designing, implementing, and interpreting as-
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sessments that inform student learning [18, 41, 42]. However,

while these models emphasize assessment literacy, they typ-

ically do not incorporate Knowledge Management (KM)

principles, particularly in the context of AI-driven educa-

tion [36]. As Artificial Intelligence (AI) becomes increasingly

embedded in classrooms, curriculum design, and evaluation

systems, there is a pressing need to integrate KM practices

into these frameworks to ensure that AI serves as a pedagog-

ical aid rather than a disruptive force [38, 43]. Based on prior

literature [39, 44, 45], this study defines Assessment Literacy

(AL) as the integrated knowledge, skills, and dispositions

that instructors draw upon to design, select, and implement

assessments that support student learning. This includes not

only familiarity with the theoretical frameworks and prin-

ciples of sound assessment design, but also the practical,

context-specific decisions instructors make in their day-to-

day classroom practice [46–50]. Thus, assessment literacy is

understood as both conceptual understanding and instruc-

tional application within authentic teaching settings.

The KM literature supporting KM in education can be

summarized as providing infrastructure, processes, and strat-

egy for improving knowledge mapping and repositories for

supporting class activities including assessment, improved

knowledge transfer through the creation of class and topic

specific repositories and communities of practice; and im-

proved knowledge sharing through special repositories, and

communities of practice [51–54]. In this context, communities

of practice refer to the organizational structures that foster

knowledge sharing in the educational institution. However,

not all institutions are successful using KM to improve edu-

cational performance usually due to a lack of a knowledge

sharing culture in the educational institution and thus lead-

ing to KM being the missing ingredient [55–58]. Integrating

KM principles into these frameworks can address gaps in

teacher development, institutional knowledge continuity, and

responsible AI use [47]. For educators, this integration means

access to shared tools and validated practices for interpret-

ing AI feedback. For students, it fosters greater fairness,

transparency, and personalization in assessment [52]. For in-

stitutions and policymakers, it provides a model for ethicalAI

deployment grounded in practitioner expertise and sustained

by knowledge-sharing systems [53]. This study responds to

these needs by proposing a KM-AI integration framework

that builds on existing models to support scalable, equitable,

and context-sensitive assessment practices in the digital age.

This study reviews four influential frameworks to as-

sess their readiness for AI integration through a KM lens.

The Teacher Assessment Literacy in Practice (TALiP) frame-

work [16] highlights how teachers develop assessment exper-

tise through reflection and professional experience. While

widely adopted for its emphasis on real-world practice, it

lacks formal mechanisms for sharing assessment knowledge

or integrating AI into feedback processes. The Assessment

for Learning (AfL) model also promotes validity, fairness,

and formative assessment strategies [48], but does not account

for how knowledge is systematically transferred across insti-

tutions or howAI-generated insights can be used to support

these principles. Similarly, Popham’s model emphasizes as-

sessment fundamentals, interpretation, and instructional ap-

plication, and is foundational in teacher education [49]. How-

ever, it does not address how new knowledge is generated

from classroom experience, nor does it consider how AI

might inform or complicate teacher judgment. Finally, Stig-

gins’ Five Pillars focus on ethical use, clarity of purpose,

and alignment with learning goals [50]. Though conceptually

strong, it functions more as a guiding philosophy than a fully

operational system, offering no provisions for KM or AI

inclusion [51].

Several studies examined teachers’ assessment be-

liefs and practices through the lens of the TALiP frame-

work [35, 38, 59]. While their study offers valuable insights

into classroom-based assessment, it does not address the role

of emerging technologies such as artificial intelligence or

the use of structured knowledge-sharing systems. This omis-

sion reflects a broader limitation within the TALiP model

itself, which does not explicitly incorporate mechanisms

for integrating technology or knowledge management in as-

sessment contexts. Similarly, another study examined the

assessment for learning framework to highlight the role of

feedback and learner agency in shaping assessment prac-

tices [60]. However, since the framework does not address the

use of artificial intelligence or structured knowledge-sharing,

it restricts its relevance in technology-integrated assessment

contexts. The same limitation is evident in studies that adopt

Popham’s model and Stiggins’ Five Pillars framework to

conceptualize assessment literacy, as these models similarly

do not account for technological integration or systematic

knowledge-sharing mechanisms [13, 15, 17]. Recent scholar-
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ship has also emphasized the need to expand traditional as-

sessment literacy models to include digital learning environ-

ments, particularly those that involve real-time feedback and

AI-supported assessment practices [61–64]. While the mode of

instruction may vary across online and in-person contexts,

the foundation of assessment literacy remains in an instruc-

tor’s ability to design, implement, and interpret assessments

effectively, reinforcing its relevance in both conventional

and technology-enhanced classrooms [40, 61].

KM provides a natural bridge between AI and Assess-

ment Literacy by addressing how knowledge flows [33] be-

tween these domainsAI systems generate knowledge through

data analysis and pattern recognition, while assessment lit-

eracy frameworks guide how this knowledge is interpreted

and applied in educational settings [34, 35]. The principles of

knowledge generation and transfer in KM are particularly

crucial as they explain both howAI systems learn and evolve

from educational data, and how educators can effectively un-

derstand, validate, and implement AI-driven insights in their

assessment practices [23, 33, 36]. Knowledge generation occurs

as teachers develop new understanding through data anal-

ysis, classroom observations, and student interactions [35].

By engaging in continuous reflection and adaptation, ed-

ucators refine their assessment methods and instructional

techniques [26–28]. While frameworks emphasize evidence-

based practices, they do not explicitly recognize the role of

knowledge creation in shaping these strategies. Similarly,

knowledge transfer is central to the implementation of these

frameworks [36]. Teachers can also share best practices with

colleagues, train new educators, and communicate assess-

ment outcomes to students and stakeholders [37]. The dis-

semination of effective assessment techniques ensures con-

sistency and improves instructional quality [38]. Despite its

importance, most frameworks treat knowledge transfer as an

implicit process rather than a deliberate mechanism [23]. By

recognizing the role of knowledge management, educational

frameworks could enhance their effectiveness, ensuring that

learning is not just assessed but actively enriched through

knowledge creation and exchange.

3. Methodology

This framework builds on the idea of a comprehensive

multi-phase methodology designed to examine the integra-

tion of AI and Assessment Literacy (AL) with a KM lens.

The selection of KM as a theoretical framework would be

particularly significant as its core principles of knowledge

generation and knowledge transfer would serve as natural

bridges between AI’s data-driven insights and assessment

literacy’s pedagogical applications. While this methodology

could be applied to various assessment literacy frameworks,

its fundamental focus would remain on understanding how

knowledge flows between assessment practices and AI sys-

tems, mediated through structured KM processes.

The conceptual grounding for this methodology draws

heavily from established Knowledge Management (KM) the-

ories, particularly from the seminal literature that empha-

sizes KM as a purposeful process aimed at capturing, storing,

and applying knowledge to improve organizational effec-

tiveness [6, 29, 34, 45]. These studies highlight the critical role

of context, culture, and technology in facilitating meaning-

ful knowledge use factors that are especially pertinent in

educational environments integrating artificial intelligence.

Researchers also provide a dynamic framework for under-

standing the conversion between tacit and explicit knowledge

through socialization, externalization, combination, and in-

ternalization [60]. These models underscore that knowledge in

education is not merely content to be delivered, but an active

process shaped by interaction and application. The KM cycle

further reinforces this by framing knowledge creation, stor-

age, transfer, and utilization as interlinked stages [2]. Against

this backdrop, the seven-phase framework operationalizes

KM principles, ensuring that AI adoption in educational

assessment is not only technologically sound but also episte-

mologically aligned with how knowledge is generated and

used in educational contexts.

3.1. Phase 1: Identifying Types of Knowledge

and Their Role in Education

The first phase involves a comprehensive literature re-

view to classify different types of knowledge and analyze

how they function in an educational context. Knowledge

is broadly categorized into explicit, tacit, procedural, and

declarative knowledge, among others. The review in this

phase will explore how each type is generated, refined, and

transferred within an educational setting, particularly in the

chosen assessment literacy framework. This phase is cru-

cial because AI tools in education interact with knowledge
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in various ways either by encoding explicit knowledge in

algorithms, capturing tacit knowledge from educators, or

facilitating knowledge transfer among students and teachers.

Understanding these dynamics will form the foundation for

evaluating AI’s role in knowledge-driven assessment.

3.2. Phase 2: Classifying AI Types in Educa-

tional Assessment

The second phase focuses on reviewing and catego-

rizing AI technologies based on their strengths, limitations,

and applicability to educational assessment. AI tools used in

assessment vary significantly ranging from rule-based sys-

tems and machine learning models to more advanced natural

language processing (NLP) and generative AI applications.

This classification will consider the degree of explainability,

adaptability, and bias mitigation in different AI models. By

systematically organizing AI types, this phase provides a

structured understanding of which AI approaches align best

with the different knowledge types identified in Phase 1, en-

suring that AI applications are integrated effectively within

educational frameworks.

3.3. Phase 3: Mapping Knowledge Types to Ed-

ucational Assessment Frameworks

This phase involves analyzing which types of knowl-

edge (identified in Phase 1) are most relevant to the edu-

cational assessment framework under study. For example,

if the framework emphasizes formative assessment, tacit

knowledge transfer between educators and students might be

critical. Conversely, standardized testing may rely more on

explicit knowledge encoded inAI-driven scoring models. By

linking knowledge types to assessment methodologies, this

phase ensures thatAI adoption aligns with the specific knowl-

edge processes required for effective assessment, thereby

preventing mismatches where AI tools fail to support human

decision-making.

3.4. Phase 4: Mapping AI Models to Educa-

tional Assessment Frameworks

Building on Phases 2 and 3, this phase involvesmatching

specific AI technologies to the educational assessment frame-

work in question. The goal is to ensure that AI-driven tools

complement, rather than replace, human expertise in assess-

ment literacy. For instance, AI models that support automated

feedback generation may be better suited for formative assess-

ments, while explainable AI (XAI) models might be prefer-

able for summative assessments where transparency is critical.

This mapping process ensures that AI is deployed in ways

that enhance assessment accuracy, fairness, and adaptability,

fostering a more knowledge-driven assessment approach.

3.5. Phase 5: Surveying Existing AI Tools and

Software in Education

This phase entails a systematic survey of existing AI-

based educational assessment tools, categorized based on

the AI classification from Phase 2. The survey will examine

the functionalities, limitations, and effectiveness of these

tools in real-world educational settings. Key considerations

include whether the tools align with best practices in knowl-

edge management, their level of explainability, and their

ability to adapt to diverse learning environments. The find-

ings from this phase will provide empirical insights into AI’s

current role in knowledge transfer and identify gaps where

AI integration could be improved.

3.6. Phase 6: Recommending AI Tools Based

on Knowledge Requirements

After identifying AI tools and assessing their effec-

tiveness, this phase will focus on developing structured

recommendations for selecting appropriate AI technologies

based on knowledge requirements within specific educa-

tional frameworks. This involves determining the suitability

of AI models for different assessment tasks, ensuring that

tools are selected based on their ability to enhance knowl-

edge generation and transfer. These recommendations will

serve as practical guidelines for educators, policymakers,

and institutions, ensuring that AI adoption in assessment is

knowledge-driven and pedagogically sound.

3.7. Phase 7: Evaluating AI Tools and Their

Impact on Assessment Literacy

The final phase involves evaluating the AI tools identi-

fied in Phase 5 and recommended in Phase 6. This evaluation

will occur through multiple approaches:

1. Expert Panel or Delphi Method: A panel of assessment
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and AI experts will provide structured feedback on

the effectiveness of AI tools in supporting knowledge-

based assessment practices. Their insights will be used

to refine the integration framework;

2. Empirical Experiments: Real-world trials of selected

AI tools in educational environments will be con-

ducted, assessing their impact on assessment literacy

and knowledge transfer;

3. Quantitative Verification: Data-driven analysis will

validate the theoretical findings, ensuring that AI-

driven assessments align with expected outcomes in

enhancing student learning, assessment consistency,

and educator decision-making.

By systematically following these phases, the research

will offer both theoretical and practical insights into integrat-

ingAI and Knowledge Management into assessment literacy.

The findings will help bridge the gap between AI-driven as-

sessment practices and human expertise, ensuring that AI

tools enhance rather than diminish the role of educators in

fostering knowledge-driven education.

3.8. Bias Elimination and Quality Assurance

Throughout all phases, the research proposes to im-

plement systematic bias elimination strategies. Following

prior literature, researcher bias would be addressed through

clear documentation of assumptions and regular reflexivity

exercises [4]. Selection bias would be minimized through

comprehensive inclusion criteria and systematic sampling

approaches [43]. Similarly, measurement bias would be con-

trolled through standardized evaluation tools and regular

calibration checks, while analysis bias would be addressed

through multiple analytical approaches and independent ver-

ification. Credibility would be established through member

checking and prolonged engagement with the data. Transfer-

ability would be ensured through detailed contextual descrip-

tion, while dependability would be maintained through com-

prehensive audit trails. Confirmability would be achieved

through the systematic documentation of research processes.

Another essential dimension of this methodology in-

volves recognizing and accounting for the real-world biases

and limitations inherent in AI systems. AI models used in

educational assessment are trained on datasets that may re-

flect cultural, linguistic, and socioeconomic biases, which

can inadvertently perpetuate inequity when deployed at scale.

For example, generative or scoring AI systems may under-

perform with students from underrepresented linguistic or

regional backgrounds due to underexposure in training data.

Furthermore, institutional disparities in digital infrastructure

and educator preparedness can create uneven implementa-

tion outcomes, particularly in regions with limited technical

capacity or bandwidth. These concerns underscore the need

for a context-aware approach when applying AI tools. The

KM-AI framework thus emphasizes not only the technical

alignment of AI with educational knowledge but also a criti-

cal awareness of cultural appropriateness, fairness, and in-

frastructural readiness, ensuring that AI integration supports

rather than undermines equity in assessment practices.

However, since this research is exploratory and designed

to be broadly applicable across various educational assessment

frameworks, we provide a comprehensive guideline that can

be adapted to multiple contexts while maintaining scientific

rigor. By generalizing across frameworks, our approach en-

sures flexibility in KM-AI integration, allowing researchers

to apply these principles to diverse educational settings. How-

ever, to maintain the integrity and validity of implementation,

researchers must contextualize each phase by incorporating

the necessary steps specific to their chosen framework. This

includes refining knowledge classification, tailoring AI selec-

tion, and establishing appropriate evaluation metrics. Addi-

tionally, researchers should implement rigorous checks and

balances at every stage to ensure methodological soundness,

mitigate biases, and alignAI-driven assessment practices with

pedagogical and ethical standards.

4. Applied Scenarios: Illustrating the

KM-AI Framework in Practice

Given the conceptual nature of our study, there is a lim-

ited availability of data points we can use to ground our sug-

gestions in data. However, to support our posits, we present

a hypothetical scenario to demonstrate how the phases can

be implemented.

4.1. Scenario 1: Bridging the AI Assessment

Literacy Gap for a Business School Profes-

sor Using the KM-AI Framework

Dr. J is an associate professor of Information Systems

at a mid-sized business school, known for his expertise in
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systems analysis and enterprise design. In his senior-level

capstone course, students submit technical artifacts such as

system design documents, UML diagrams, and business pro-

cess models. These are evaluated for accuracy, completeness,

and alignment with business goals. Recently, the university

adopted anAI-supported assessment platform that automates

aspects of feedback and scoring using natural language pro-

cessing and pattern recognition. While Dr. J is open to

innovation, he expresses uncertainty in interpreting the AI’s

outputs, particularly when flagged issues seem valid to the

algorithm but pedagogically acceptable to him. His grading

process becomes fragmented as he alternates between ignor-

ing and deferring to theAI without confidence. This scenario

illustrates a practical gap in AI-related assessment literacy,

where expert judgment and machine-generated evaluations

are misaligned. The objective in analyzing Dr. J’s case is

to explore how the KM-AI framework can support small

teams of faculty in low-resource environments to improve

the interpretability, alignment, and integration of AI-assisted

assessment practices.

4.2. Scenario 2: Applying the KM-AI Frame-

work to an AI-Powered Teaching Assistant

Initiative

At a leadingNorthAmerican university, anAI-powered

teaching assistant, built on a large language model and fine-

tuned with course materials, was deployed in undergradu-

ate business courses to handle routine student inquiries [53].

Over the course of a semester, the assistant responded to

thousands of questions related to assignment instructions,

course content, and conceptual clarifications. While the sys-

tem demonstrated impressive scalability and responsiveness,

faculty raised concerns about over-reliance, misalignment

with pedagogical intent, and the uneven development of

students’ assessment literacy. The AI often provided tech-

nically accurate answers that lacked contextual nuance or

inadvertently encouraged superficial engagement. This sce-

nario represents a real-world institutional case whereAI was

successfully implemented at scale but without a structured

approach to managing how knowledge was generated, inter-

preted, or transferred. The objective in analyzing this case

is to show how the KM-AI framework can guide institu-

tions in capturing faculty knowledge, aligning AI behavior

with educational goals, and establishing sustainable prac-

tices for transparent, ethical, and pedagogically coherent AI

integration.

4.3. Operationalizing the KM-AI Model

To apply the KM-AI integration framework effectively,

both Dr. J and the AI-TA faculty team can follow a seven-

phase process that is grounded in practical, low-cost strate-

gies. In Phase 1 (Identifying Types of Knowledge and Their

Role in Education), the first step is to map out the explicit,

tacit, and procedural knowledge that supports assessment ac-

tivities. Dr. J and his small faculty team can do this through

structured peer interviews and collaborative reflection ses-

sions using Google Docs. These discussions can surface

assessment heuristics that are typically internalized but not

articulated. The AI-TA team, working at a larger scale, can

extract knowledge types by reviewing anonymized logs ofAI-

student interactions, identifying gaps between what students

ask and what instructors consider pedagogically meaning-

ful. Tools like NVivo may assist in coding qualitative inputs,

while LMS data, rubrics, and syllabi provide the explicit

baseline for a shared knowledge map.

In Phase 2 (Classifying the AI Tools and Assessing

Their Capabilities), both teams should conduct practical au-

dits of their AI systems to determine what tasks the tools can

perform, where they are likely to fail, and how explainable

their logic is. Dr. J’s team can test the AI by feeding it exam-

ple assignments and noting cases of agreement or conflict

in a shared spreadsheet. The AI-TA team can use prompt

engineering and real-time student queries to map the AI’s

response types. Tools such as Google’s What-If Tool, LIME,

or ELI5 can help assess the transparency and interpretability

of AI outputs without requiring advanced technical expertise.

This classification step reduces over-reliance and improves

human-AI role clarity.

Phase 3 (Mapping Knowledge Types to Assessment

Frameworks) involves aligning those knowledge types with

established assessment tasks to define optimal human-AI

workflows. Dr. J can use concept mapping platforms like

Lucidchart or Miro to visualize where AI can assist, such as

detecting formatting errors and where human judgment re-

mains critical, such as assessing logical coherence in system

designs. The AI-TA team, faced with high student volume,

can define functional boundaries, e.g., assigning procedural

queries to AI while directing interpretive or ethical ques-
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tions to instructors. These mappings serve as a blueprint for

integrating AI without compromising pedagogical nuance.

In Phase 4 (AligningAIModels withAssessment Needs),

both teams begin limited, low-risk pilot deployments of the

AI in real classroom settings. Dr. J may use AI to generate

formative feedback on student drafts and compare results to

human grading, capturing reflections on alignment and fric-

tion points. The AI-TA team can monitor how the assistant

responds to various question types and flag recurring issues.

Platforms like Turnitin’s AI-assisted feedback tools and sur-

vey software like Qualtrics or Google Forms can be used to

collect performance and perception data. Ideally, 100–150

interactions provide a robust sample, but even 70–120 can

yield meaningful trends when analyzed in context.

In Phase 5 (Surveying Existing Tools and Knowledge

Flows), both teams begin documenting how the AI is used,

what judgment calls are made, and how knowledge flows

between team members. Dr. J’s group might maintain a

faculty-facing log where AI misinterpretations are cataloged

with a rationale for override, which can help new instructors

align grading decisions. In the TA scenario, log reviews

can reveal patterns in student misunderstanding or highlight

repetitive queries that suggest AI prompt tuning. LMS plat-

forms like Canvas or Moodle provide built-in usage logs,

while collaborative notes, diary studies, and focus groups

help capture the qualitative side of tool adoption.

Phase 6 (Recommending AI Tools and KM Strategies

Based on Gaps) synthesizes insights from earlier phases into

structured guidance. For Dr. J, this might mean drafting

a short departmental memo that outlines approved AI us-

age scenarios and warning signs for overreach. In the TA

initiative, this phase might result in a faculty-facing AI re-

sponse protocol or a student guide outlining how and when

to consult the assistant. Notion or Confluence can serve as

repositories where guidelines are iteratively updated by the

instructional team, creating a living knowledge base accessi-

ble to all stakeholders.

Finally, in Phase 7 (Evaluating the Impact of Integra-

tion), both teams assess whetherAI integration has improved

outcomes such as grading consistency, student satisfaction,

or instructional workload. Dr. J can analyze feedback clarity

using rubric comparisons and faculty reflections, while the

AI-TA team may use pre/post-course analytics or student

surveys to measure engagement and satisfaction. Mixed

methods, combining performance metrics with interviews

or open-response surveys allow for a comprehensive view.

A single semester of data collection is sufficient to draw

actionable insights and set the stage for iterative refinement.

These two scenarios, one hypothetical and one based on

a publicly documented initiative demonstrate the versatility

and relevance of the KM-AI integration framework across

both individual and institutional settings. The AI-powered

assistant model explored in the real-world example high-

lights how innovative educational technologies can expand

instructional capacity and improve responsiveness to student

needs. Our intention is not to critique such efforts but to build

upon them by offering a structured approach to managing

the underlying knowledge dynamics they inevitably surface.

By systematically aligning knowledge types, clarifying AI

capabilities, and supporting faculty through explainable sys-

tems and institutional learning loops, the KM-AI framework

enhances the transparency, interpretability, and pedagogical

integrity of AI-supported assessment. In doing so, it adds

value to existing initiatives by fostering responsible, sus-

tainable, and educator-empowered AI integration in higher

education.

While the KM-AI integration framework is not imple-

mented through a single turnkey solution, it is highly acces-

sible using a collection of free or institutionally available

tools. Most phases can be operationalized with common plat-

forms such as Google Forms, shared documents, LMS ana-

lytics, and openly available explainability tools like LIME or

ELI5. Other activities, such as knowledge mapping or feed-

back gathering, can be carried out with minimal coordination

among 2–3 faculty members and do not require extensive IT

support. Surveys, reflection logs, and small-scale pilots can

be seamlessly integrated into coursework, potentially even

as extra credit opportunities for students, thereby increas-

ing participation without adding administrative overhead.

Importantly, the structured application of this framework

can generate rich, publishable insights. Faculty involved

in piloting KM-AI alignment can contribute to conference

presentations, practitioner journals, or education research

through case studies and design-based research. For students,

the process encourages metacognitive awareness and agency,

as they are invited to reflect on feedback, understand AI’s

role in their assessment, and participate in shaping responsi-

ble technology use in education. Moreover, institutions that
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apply the framework even on a small scale can gain clarity

on AI tool deployment, reduce faculty resistance, and fos-

ter a culture of ethical innovation. In sum, operationalizing

this model is not only feasible, but can also become a cata-

lyst for pedagogical renewal, scholarly output, and deeper

engagement with AI across the academic community.

5. Discussion: Theoretical and Prac-

tical Benefits of Integrating Knowl-

edge Management and AI into As-

sessment Frameworks

This study proposes a comprehensive framework for in-

tegrating KM andAI into multiple assessment literacy frame-

works. The potential impact of this work spans both the-

oretical advancements and practical applications, address-

ing critical gaps in how assessment knowledge is generated,

transferred, and applied in educational settings. As explained

in this paper, while existing assessment frameworks provide

structured methodologies for improving assessment literacy,

they do not account for the evolving role of AI in assess-

ment practices or the systematic management of assessment-

related knowledge. By embedding KM principles and AI-

driven insights, this study has the potential to modernize

assessment literacy, enhance knowledge accessibility, and

ensure that AI serves as a supportive tool rather than a dic-

tating force.

5.1. Theoretical Contributions

A key theoretical contribution of this research is the

redefinition of assessment literacy as a dynamic, knowledge-

driven process [5, 7, 22]. Traditional assessment frameworks

emphasize competency development in assessment design,

implementation, and interpretation but often neglect the

mechanisms through which assessment knowledge is gen-

erated, refined, and transferred over time [12, 13, 15, 16]. This

study introduces KM as a foundational element in assessment

literacy, positioning it as a critical framework for sustain-

able assessment practices. By embedding KM principles

into assessment structures, this research offers a systematic

approach to institutionalizing, documenting, and disseminat-

ing assessment expertise across educators and institutions.

This perspective broadens educational assessment theory

by framing assessment literacy not only as a skillset but as

an evolving knowledge ecosystem that supports continuous

learning and adaptation.

Furthermore, this study enhances the theoretical under-

standing of AI’s role in assessment literacy by addressing its

conceptual integration into assessment frameworks. While

AI-driven tools have been widely adopted for automated scor-

ing, predictive analytics, and feedback generation, their role

in knowledge transfer and teacher decision-making remains

under-theorized [19]. Existing AI applications often function

in isolation, lacking structured mechanisms for aligning AI-

generated insights with pedagogical best practices [3, 11, 22].

This research advances a KM-based AI integration model,

ensuring AI-driven assessments are interpretable, contextu-

ally relevant, and supportive of human expertise rather than

replacing it [54]. By linking KM processes to AI within as-

sessment literacy, this study contributes to both KM and AI

research, emphasizing the need for structured knowledge-

sharing mechanisms in educational contexts. While KM

has been extensively explored in corporate and technological

fields, its application to teacher assessment practices remains

limited [19]. This research extends KM theory by illustrat-

ing how explicit and tacit knowledge in assessment literacy

can be systematically documented, analyzed, and transferred

through AI-driven systems. Additionally, by bridging KM,

AI and assessment literacy, this study lays the foundation for

new theoretical frameworks that explore the co-evolution of

human and AI-driven knowledge generation in educational

settings.

5.2. Practical Benefits

The practical implications of this research span educa-

tors, policymakers, and technology developers. A central

contribution is the integration of Knowledge Management

(KM) into assessment frameworks, offering systematic meth-

ods for capturing and sharing the tacit expertise teachers de-

velop through experience. By embedding KM principles, the

framework supports collaborative refinement of assessment

practices and reduces redundancy across classrooms and in-

stitutions. It also positions AI not as a replacement but as

a complement to teacher expertise, ensuring that AI-driven

tools used for grading, feedback, and analytics are transparent,

explainable, and aligned with pedagogical goals. For poli-

cymakers, the KM-AI model offers guidance for ethical AI
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adoption, balancing innovation with fairness and teacher au-

tonomy. It enables the development of standardized practices

that mitigate risks such as bias and inconsistent implementa-

tion. At the institutional level, KM-AI integration promotes

coherence in assessment practices, enabling equitable access

to high-quality assessment tools and insights. From a devel-

opment standpoint, the framework informs the creation of AI

systems that prioritize human-AI collaboration, preserving ed-

ucator agency and interpretability. Finally, this integration has

the potential to improve student outcomes. More consistent,

transparent assessments enhance trust and engagement, while

personalized AI support fosters motivation and retention. By

grounding AI tools in KM principles, institutions can culti-

vate learning environments that are adaptive, inclusive, and

academically rigorous strengthening the connection between

instructional innovation and educational equity.

6. Limitation & Future Consideration

While this study offers a structured framework for in-

tegrating Knowledge Management (KM) and Artificial Intel-

ligence (AI) into assessment literacy, several practical and

contextual limitations remain. First, although the proposed

KM-AI integration model emphasizes low-cost and scalable

strategies, implementation still requires a baseline level of

digital infrastructure and faculty engagement. Instructors

must be willing to experiment with AI-assisted tools and

commit time to knowledge-sharing practices, which may be

challenging in high-workload or under-resourced environ-

ments. While this study demonstrates feasibility with as few

as two to three faculty members, broader institutional adop-

tion may still be uneven without supportive leadership or

policy alignment. Second, while the framework encourages

ethical safeguards, the risk of algorithmic bias in AI models

cannot be entirely eliminated. Future adopters must remain

vigilant by auditing training data sources, integrating diverse

input, and applying human-in-the-loop oversight. This is

especially crucial in contexts where historical assessment

practices may reflect entrenched inequities. Finally, although

this study grounds the framework in both conceptual and

applied examples, further empirical validation is needed.

Future researchers should evaluate the KM-AI framework

through pilot studies, cross-course applications, and longitu-

dinal assessments to measure sustained pedagogical impact,

assessment coherence, and faculty adoption. These research

efforts will help build a more robust, evidence-based foun-

dation for scalable and ethical AI integration in assessment

literacy practices.

7. Conclusions

This study introduces a practical framework for inte-

grating Knowledge Management (KM) into AI-enhanced

educational assessment, addressing critical gaps in how as-

sessment knowledge is captured, transferred, and aligned

with pedagogical intent. While existing models focus on

developing assessment literacy, they rarely provide mech-

anisms for navigating AI-driven tools or managing institu-

tional knowledge over time. The KM-AI framework fills this

void by offering a structured, seven-phase model grounded

in both theory and practice. By embedding KM principles

and AI applications into these frameworks, this study aims

to modernize assessment literacy, improve knowledge ac-

cessibility, and ensure that AI serves as a collaborative tool

that complements pedagogical expertise. Through two ap-

plied cases, one hypothetical and the other documented, we

demonstrate how small teams can use accessible tools and

reflective practices to implement the framework without re-

quiring external support. These cases illustrate how KM

principles help clarify the boundaries between human and

machine judgment, improve feedback quality, and support

faculty trust in AI systems.

The potential impact of this research extends across

theoretical and practical domains, offering a new conceptu-

alization of assessment literacy as a knowledge-driven pro-

cess while also providing practical guidelines forAI adoption

in educational assessment. By structuring how assessment-

related knowledge is captured, analyzed, and shared, the pro-

posed integration of KM ensures that best practices do not

remain isolated within individual educators or institutions but

instead contribute to a collective, continuously evolving un-

derstanding of effective assessment strategies. Simultane-

ously, the incorporation of AI-driven tools can support real-

time data interpretation, automate feedback processes, and

enhance knowledge-sharing mechanisms, provided that such

implementations are transparent, ethically sound, and aligned

with teacher agency.

The framework also addresses potential challenges as-
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sociated with AI adoption, including concerns over algorith-

mic bias, teacher trust in AI-generated insights, and dispari-

ties in access toAI-powered educational tools. By proposing

a structured KM-AI integration model, this study empha-

sizes the need for explainable AI, fair assessment practices,

and institution-wide strategies for equitable implementation.

Additionally, the study highlights the importance of expert

validation and empirical testing, ensuring that the proposed

AI-enhanced assessment literacy models remain grounded in

educational best practices and real-world applicability. By

ensuring that knowledge transfer remains systematic and

teacher-driven, the integration of KM and AI can empower

educators with better tools, enhance student learning out-

comes, and create more informed, transparent, and adaptable

assessment systems. While the full realization of these bene-

fits requires further empirical testing, the framework estab-

lished here serves as a foundational step toward transforming

assessment literacy in the era of AI-enhanced education.
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