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Abstract: Generative artificial intelligence can produce sophisticated responses to conventional university speaking prompts, complicating interpretation of whether prepared performances reflect learners' own reasoning, language production, and communicative competence. This conceptual and pedagogical study proposes an AI-resilient speaking-task design framework based on a targeted, purposive selection of 19 sources spanning AI and assessment, authentic assessment, speaking and interactional competence, and educational AI guidance. Document analysis and deductive thematic analysis organized the literature around six preliminary dimensions; examining vulnerabilities associated with their absence informed six complementary design principles: contextual specificity, learner ownership, process visibility, interactional contingency, judgment and justification, and transparent AI engagement. These principles are operationalized in a five-step design sequence and illustrated through five classroom task formats. The proposed framework adapts established assessment ideas to the distinctive evidentiary demands of real-time second-language speaking; neither the framework nor the illustrative tasks have been empirically evaluated. Expert review and classroom studies are needed to investigate feasibility, fairness, and assessment validity. AI resilience is understood here as preserving interpretable evidence of what learners can understand, decide, explain, and negotiate when AI is available.
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1. Introduction
Generative artificial intelligence (GenAI) has rapidly become part of university English learning. Students increasingly use AI to brainstorm ideas, expand vocabulary, organize arguments, refine grammar, rehearse responses, and generate presentation scripts before class. These practices should not automatically be treated as academic misconduct. When used appropriately, AI can extend language-learning opportunities, particularly for students with limited linguistic resources or restricted access to individualized feedback. At the same time, as AI contributes more substantially to content generation, reasoning, and discourse organization, it becomes increasingly difficult to determine whether a polished speaking performance reflects learners’ own communicative competence or extensive AI-assisted preparation (Kizilcec et al., 2024; Lee et al., 2024; Xia et al., 2024).
This challenge is especially visible in speaking assessment because many commonly used tasks remain highly susceptible to AI mediation. Prepared presentations, scripted role-plays, broad opinion discussions, and predictable interviews allow students to complete much of the intellectual and linguistic work before entering the classroom. The weakness lies less in the topic than in the design of the task. Vulnerability increases when preparation remains invisible, interaction is predictable, assessment concentrates only on the final product, and students are not required to justify their decisions. Under such conditions, a fluent performance may reveal more about the quality of preparation than about independent communicative ability (Dawson et al., 2024; Farazouli et al., 2024; Xia et al., 2024).
These concerns indicate that the central issue is not AI itself but a mismatch between conventional speaking-task design and the evidence teachers need in AI-rich classrooms. Rather than attempting to determine whether AI has been used, teachers need to ask whether the task still produces interpretable evidence that can reasonably be attributed to the learner. This shift places assessment validity ahead of detection. It also recognizes that acceptable language support and extensive content generation are difficult to separate through surveillance alone (Dawson et al., 2024).
Accordingly, attention should move from AI detection to assessment redesign. A question such as How can teachers prove that AI was used? invites uncertain judgments and may encourage adversarial relationships with students. A more productive question is How can speaking tasks ensure that the strongest evidence of learning still comes from the learner? This distinction separates AI-proof assessment from AI-resilient assessment. AI-proof approaches assume that tasks can be made inaccessible to AI, whereas AI-resilient approaches accept AI as a durable feature of learning and seek to preserve assessment validity through task structure, live interaction, and transparent expectations (Corbin et al., 2026; Corbin, Dawson, & Liu, 2025; Dawson et al., 2024).
Despite growing research on AI and assessment, a speaking-specific design problem remains. Authentic assessment scholarship emphasizes meaningful contexts and judgment (Ajjawi et al., 2024; Ashford-Rowe et al., 2014; Villarroel et al., 2018), while emerging AI assessment research foregrounds structural redesign, process evidence, and acceptable AI use (Corbin, Dawson, & Liu, 2025; Corbin, Dawson, Nicola-Richmond, et al., 2025; Dawson et al., 2024). These approaches offer essential foundations but do not, by themselves, specify how teachers can elicit and interpret real-time second-language speaking evidence, particularly interactional responsiveness, negotiation of meaning, and repair (Galaczi & Taylor, 2018; May, 2011). The present framework combines these established ideas at the level of speaking-task features and assessment evidence; it does not claim to introduce six entirely new assessment concepts.
Against this background, the present study develops a conceptually grounded framework for AI-resilient speaking-task design in university English classrooms. It identifies task characteristics that increase vulnerability to extensive AI mediation, derives design principles for preserving credible evidence of communicative competence, and demonstrates how those principles can be operationalized through classroom speaking activities. The study focuses on discussions, presentations, role-plays, problem-solving activities, oral defenses, collaborative decision-making tasks, and AI-output critique tasks. It excludes AI detection technologies and does not empirically evaluate task effectiveness.
The study addresses the following research questions:
RQ1. What features make conventional university English speaking tasks vulnerable to extensive generative AI mediation?
RQ2. What design principles can support the development of AI-resilient speaking tasks?
RQ3. How can these principles be operationalized in university English classroom speaking activities?
2. Literature Review
2.1. Generative AI and the validity of higher education assessment
Assessment in higher education has traditionally assumed that students’ submitted work provides credible evidence of what they know and can do. This assumption becomes less secure when generative AI participates in substantial parts of task completion. Beyond language correction, contemporary AI systems can generate ideas, organize arguments, draft responses, rehearse presentations, and produce complete answers. The final product may therefore no longer represent the learner’s independent thinking, even when AI use is permitted. This distinction highlights an important difference between academic integrity and assessment validity. Ethical AI use does not necessarily guarantee that an assessment continues to measure its intended learning outcomes. Teachers must therefore determine whether a task still generates trustworthy evidence of students’ communicative competence (Dawson et al., 2024; Farazouli et al., 2024; Xia et al., 2024).
2.2. From AI-proof to AI-resilient assessment
Recent discussions distinguish several responses to AI in assessment. AI-proof assessment assumes that tasks can be designed so that AI provides no meaningful advantage. Given the widespread availability and continuing development of AI, this expectation appears increasingly unrealistic. AI-resistant assessment seeks to make complete outsourcing more difficult, while AI-aware assessment explicitly recognizes AI and clarifies acceptable forms of use. Building on these positions, AI-resilient assessment emphasizes preserving the educational and evidentiary value of assessment despite the presence of AI. Rather than attempting to control technology completely, resilience preserves the relationship between task performance and student competence. This orientation provides a more sustainable basis for future assessment practice (Corbin et al., 2026; Corbin, Dawson, Nicola-Richmond, et al., 2025; Miao & Holmes, 2023).
2.3. Authenticity and contextual specificity
Authentic assessment asks learners to apply knowledge in meaningful situations rather than reproduce isolated information. Its commonly identified features include realistic contexts, meaningful communication, the application of knowledge, and the exercise of judgment (Ajjawi et al., 2024; Ashford-Rowe et al., 2014; Villarroel et al., 2018). Nevertheless, authenticity alone no longer guarantees valid evidence of learning. An authentic-looking presentation may still be extensively scripted with AI. For speaking assessment, authenticity should therefore be complemented by contextual specificity. Tasks become less transferable to generic AI prompts when they require local evidence, institutional constraints, stakeholder-specific perspectives, or decisions based on earlier classroom interaction.
2.4. Learner ownership and process visibility
A second consideration concerns learner ownership and the visibility of preparation. Ownership refers to the extent to which a spoken response reflects the learner’s decisions, evidence, interpretations, and position. Personalized prompts alone are insufficient because AI can generate plausible personal narratives. Stronger evidence emerges when learners explain how ideas developed during preparation and interaction. Process visibility may involve planning notes, decision logs, brief AI-use statements, or explanations of revisions. Such evidence should remain proportionate and should not turn assessment into burdensome documentation. Together, learner ownership and process visibility strengthen confidence that speaking performance reflects the learner rather than merely the quality of AI-assisted preparation (Ajjawi et al., 2024; Corbin, Dawson, Nicola-Richmond, et al., 2025; Xia et al., 2024).
2.5. Interactional competence and contingent communication
Speaking competence extends beyond pronunciation, grammatical control, and fluency. In interaction, speakers must manage turns, develop topics, clarify meaning, repair misunderstandings, respond to others, negotiate meaning, and adapt language as the conversation evolves. These processes provide evidence that learners can communicate under changing conditions rather than reproduce rehearsed language (Galaczi & Taylor, 2018; Loewen & Sato, 2018; May, 2011).
This perspective has direct implications for assessment in the GenAI era. Prepared monologues may demonstrate linguistic accuracy, but they reveal comparatively little about learners’ ability to respond when communication becomes unpredictable. Interactional contingency refers to a task condition in which students must respond to information that was unavailable during preparation, such as a new constraint, an unexpected objection, a change of role, a follow-up question, conflicting priorities, or an unforeseen contribution from a peer. Because these responses develop in real time, they provide stronger evidence of communicative competence than highly rehearsed performances (East, 2017; Galaczi & Taylor, 2018; Tan et al., 2022).
2.6. Judgment, justification, and task-based speaking
Another feature that strengthens AI resilience is the requirement for judgment rather than reproduction. Conventional prompts often ask students to define, describe, list, summarize, or present general advantages and disadvantages. Although such tasks remain useful for language practice, they are relatively easy for AI systems to complete. In contrast, tasks requiring learners to prioritize alternatives, select among competing options, reject proposals, recommend solutions, negotiate with others, defend positions, revise decisions, or evaluate evidence demand more than accurate language production.
These judgment-oriented activities establish a stronger relationship among context, evidence, decision-making, and spoken justification. They also align with task-based language teaching, in which language functions as a resource for achieving a meaningful communicative outcome rather than as an end in itself. The value of the task lies not only in what students say but also in how they explain, defend, and revise decisions as interaction unfolds (East, 2017; Ellis et al., 2020; Tan et al., 2022).
2.7. Transparent and responsible AI engagement
Designing AI-resilient assessment does not necessarily require prohibiting AI. Instead, assessment conditions should make AI’s role explicit. Three broad approaches can be distinguished. AI-restricted tasks prohibit AI during preparation or performance when spontaneous individual production is the intended evidence. AI-supported tasks permit limited assistance, such as brainstorming or language refinement, while requiring students to remain responsible for the final response. AI-integrated tasks deliberately incorporate AI into learning by asking students to evaluate, revise, or challenge AI-generated content.
Regardless of the chosen condition, transparency is essential. Students should disclose which tool was used, at what stage, for what purpose, and how the output was modified. Such disclosure supports fairness without treating every instance of AI use as misconduct. It also reinforces learner responsibility while acknowledging issues of equity, access, privacy, and digital competence that increasingly shape AI use in higher education (Corbin, Dawson, Nicola-Richmond, et al., 2025; Kizilcec et al., 2024; Miao & Holmes, 2023).
2.8. Synthesis of the literature
The reviewed literature offers six preliminary dimensions for this conceptual synthesis: contextual specificity, learner ownership, process visibility, interactional contingency, judgment and justification, and transparent AI engagement. The dimensions draw on complementary strands of authentic assessment, structural AI-aware assessment redesign, and second-language interaction research. Their contribution here is a speaking-specific synthesis, not an empirically established taxonomy.
No single dimension is sufficient on its own. Authenticity without contingency may still permit rehearsed responses; personalization without defensible decisions may permit borrowed content; disclosure without task redesign may remain procedural. Combining these dimensions offers a rationale for tasks that elicit both prepared and emergent speaking evidence, although the proposed combination requires empirical investigation.
Figure 1. Conceptual Pathway from Conventional Speaking Tasks to AI-Resilient Speaking Tasks
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Source: Author’s conceptual synthesis.
3. Methods
3.1. Research design
This study uses a conceptual and pedagogical design, not an empirical research design. It collects no primary data and does not test classroom interventions. Its outputs are interpretive propositions and illustrative task designs addressing assessment vulnerabilities (RQ1), proposed principles (RQ2), and possible classroom operationalizations (RQ3); they must not be interpreted as measured effects.
The study combines five complementary approaches: a targeted literature review, document analysis, deductive thematic analysis, conceptual analysis, and framework-based task design. Together, these approaches identify relevant concepts, clarify the meaning of AI resilience in speaking assessment, and translate theoretical insights into practical design principles.
3.2. Source selection
The framework draws on 19 purposively selected English-language sources in five complementary groups: (a) GenAI and higher education assessment; (b) AI-resilient and structural assessment redesign; (c) authentic, oral, dialogic, and process-based assessment; (d) speaking-task design and interactional competence; and (e) authoritative guidance on GenAI in education. These groups were chosen to connect the general problem of AI-mediated assessment with both established design responses and the distinctive construct of second-language speaking.
Selection prioritized sources with direct conceptual relevance to at least one research question, sufficient detail to inform a task-design decision, and peer-reviewed or authoritative publication status. Foundational work on authenticity and interaction was retained alongside recent AI-assessment research and guidance to cover different theoretical functions rather than maximize source numbers. The resulting 19-source corpus is a targeted conceptual sample, not an exhaustive or systematically identified evidence base; no claim is made about the prevalence of themes across the wider literature.
3.3. Document analysis
Each selected source was examined using the same literature-to-design matrix: assessment problem, proposed response, relevance to speaking, and possible task-design implication (Table 1). The matrix helped connect general assessment recommendations with specific evidence that could be elicited in university speaking tasks. Table 1 presents illustrative entries rather than a complete coded dataset.
Table 1. Literature-to-Design Analysis Matrix
	Source
	Problem identified
	Proposed response
	Relevance to speaking
	Design implication

	Xia et al. (2024)
	Assessment validity
	Assessment redesign
	Valid speaking evidence
	Higher-order and process-sensitive tasks

	Dawson et al. (2024)
	Overemphasis on detection
	Prioritize validity
	Evidence attributable to learners
	Structural task redesign

	Ashford-Rowe et al. (2014)
	Limited authenticity
	Authentic assessment
	Meaningful communication
	Contextual specificity

	Galaczi and Taylor (2018)
	Narrow speaking construct
	Interactional competence
	Real-time interaction
	Contingent task features

	Miao and Holmes (2023)
	AI governance and responsibility
	Transparent guidance
	Clear assessment conditions
	Explicit AI-use conditions


Source: Author's illustrative synthesis of selected literature.
3.4. Deductive thematic analysis
The 19 documents were interpreted deductively against six preliminary dimensions synthesized from the literature review. For each dimension, the analysis considered (1) the relevant recommendation in the source, (2) the speaking evidence it might support, and (3) the task vulnerability likely to arise if the feature were absent. A source could inform several dimensions. These dimensions guided interpretation from the outset; they were not six independently emergent empirical themes. The categories were refined for conceptual distinctness, not quantified, and no inter-coder reliability or frequency claims are made.
3.5. Conceptual analysis
Conceptual analysis clarified what should remain resilient in speaking assessment. Four questions guided this stage: What aspects of a speaking task should remain resilient? Does resilience refer to preventing AI use or preserving credible evidence of competence? Which elements of speaking performance should remain attributable to the learner? Under what conditions can AI use remain pedagogically acceptable? These questions distinguished AI resilience from AI restriction and supported interpretation of the literature.
3.6. Framework construction
Framework construction followed three linked interpretive steps. First, the literature-informed dimensions were considered in terms of potential speaking-task vulnerabilities when absent or weak. Second, each vulnerability was inverted into a positive task-design principle; for example, predictable scripted interaction motivated interactional contingency, informed by research on speaking interaction (Galaczi & Taylor, 2018; May, 2011). Third, the six principles were organized into a flexible five-step planning sequence. Table 3 makes the dimension-to-vulnerability-to-principle mapping explicit. This is a reasoned conceptual derivation, not an empirically observed causal pathway.
3.7. Development of illustrative speaking tasks
Five illustrative task formats were developed to demonstrate the framework: problem-solving discussions, changing-condition role-plays, AI-output critique, evidence-based mini-presentations, and dialogic position tasks. Each task specifies a communicative goal, learning context, preparation requirement, AI-use condition, opportunity for live interaction, evidence of learner ownership, and assessment focus. The examples illustrate practical application rather than prescribe standardized activities.
3.8. Methodological limitations
The 19-source literature base is selective, and neither the six-principle framework nor its example tasks have been empirically validated. Their applicability may vary with proficiency, class size, institutional AI policy, and accessibility needs. Expert appraisal, teacher feedback, classroom implementation, and analysis of student speaking evidence are required before claims about effectiveness, validity, or feasibility can be substantiated.
4. Results of the Conceptual Analysis
This section reports findings of a conceptual synthesis rather than findings from classroom data. Interpretation of the six literature-informed dimensions generated six proposed vulnerability-principle relationships, summarized in Table 3. The examples indicate possible design implications, not observed effects on learners.
4.1. Design vulnerabilities of conventional speaking tasks
The conceptual synthesis suggests six potential vulnerabilities that may reduce the interpretability of conventional speaking assessment when students use GenAI during preparation. These propositions address RQ1 and motivate the proposed framework; their frequency and effect sizes were not measured.
4.1.1. Broad and transferable prompts
Broad prompts asking for general descriptions or opinions can be transferred directly into AI tools with minimal modification. AI may therefore generate substantial parts of the response before meaningful learner engagement begins, reducing the extent to which the final performance reflects learners’ own reasoning and language production.
4.1.2. Overreliance on prepared monologic performance
Prepared monologues often reward fluent delivery without demonstrating learners’ ability to generate ideas or respond during interaction. A polished performance may consequently reflect scripting, rehearsal, or memorization more than communicative competence.
4.1.3. Separation of product from process
When only the final performance is assessed, teachers have limited evidence of how ideas were selected, developed, checked, or revised. This separation weakens the interpretability of speaking performance when AI has supported preparation.
4.1.4. Predictable and scripted interaction
Predictable interaction enables learners to reproduce rehearsed language rather than respond to emerging meaning. This limits evidence of turn management, clarification, repair, negotiation, and adaptation.
4.1.5. Reproductive task demands
Tasks that require description, summary, listing, or generic comparison are easier to outsource than tasks that require decisions, evaluation, prioritization, or justification. Reproductive demands therefore provide comparatively weak evidence of independent reasoning.
4.1.6. Unclear AI-use conditions
Unclear AI-use conditions encourage inconsistent practices across students and reduce transparency. Without explicit expectations, teachers may interpret similar forms of support differently, and students may remain uncertain about their responsibilities.
Table 2 summarizes the six recurrent vulnerabilities identified through the conceptual analysis. Together, these vulnerabilities illustrate how common features of conventional speaking tasks may weaken the interpretability and validity of assessment evidence when extensive AI-assisted preparation is possible.
Table 2. Vulnerabilities of Conventional Speaking Tasks in the Generative AI Era
	Conventional task feature
	AI-related vulnerability
	Assessment consequence
	Possible design response

	Broad opinion prompt
	Easily generated by AI
	Weak evidence of independent thinking
	Context-specific scenario

	Prepared monologue
	Extensive AI-assisted scripting
	Product outweighs process
	Visible preparation stages

	Scripted role-play
	Predictable interaction
	Limited spontaneous communication
	Adaptive interaction

	Predictable follow-up questions
	Responses rehearsed beforehand
	Reduced interactional evidence
	Unanticipated questioning

	Product-only assessment
	Preparation remains invisible
	Lower interpretability and validity
	Proportionate process evidence

	Unclear AI-use conditions
	Inconsistent student practice
	Reduced transparency and fairness
	Explicit AI-use policy


Source: Author's conceptual synthesis.
Taken together, these possible vulnerabilities direct attention to task features that can allow substantial cognitive and linguistic work to occur before assessment. Their relationship to actual performance remains an empirical question.
Table 3 traces the conceptual pathway from the six preliminary literature dimensions to corresponding task vulnerabilities and proposed principles. For example, authentic-assessment research informs contextual specificity (Ashford-Rowe et al., 2014; Villarroel et al., 2018), speaking-assessment research informs interactional contingency (Galaczi & Taylor, 2018; May, 2011), and AI-assessment scholarship informs process visibility and transparent AI engagement (Corbin, Dawson, Nicola-Richmond, et al., 2025; Dawson et al., 2024).
Table 3. Relationship Among Preliminary Dimensions, Vulnerabilities, and Design Principles
	Preliminary dimension
	Corresponding vulnerability
	Design principle

	Contextual specificity
	Broad and transferable prompts
	Anchor the task in a specific context

	Learner ownership
	Prepared or borrowed content with weak attribution
	Establish learner ownership

	Process visibility
	Separation of product from process
	Make preparation partially visible

	Interactional contingency
	Predictable and scripted interaction
	Build in interactional contingency

	Judgment and justification
	Reproductive task demands
	Require judgment and justification

	Transparent AI engagement
	Unclear AI-use conditions
	Specify and disclose the role of AI


Source: Author's synthesis of the selected literature; cited examples are discussed in the preceding paragraph.
The table displays a structured conceptual mapping rather than six empirically discovered effects. Some principles overlap because a single task feature may support several types of speaking evidence; the distinctions are intended to guide task design, not establish independent causal mechanisms.
4.2. Defining an AI-resilient speaking task
On this conceptual basis, an AI-resilient speaking task is proposed as a pedagogically purposeful activity designed to elicit interpretable evidence of learners' communicative competence, reasoning, ownership, and interactional responsiveness when GenAI is available during preparation or task completion.
The definition emphasizes preservation of assessment evidence rather than elimination of AI. A pedagogically purposeful task aligns assessment with intended learning outcomes. Credible evidence remains interpretable and reasonably attributable to the learner. Communicative competence includes effective interaction as well as linguistic control, while reasoning, ownership, and responsiveness require learners to justify decisions, assume responsibility for ideas, and adapt to emerging communication.
4.3. The AI-Resilient Speaking Task Design Framework
The synthesis proposes six complementary design principles intended to help teachers elicit interpretable speaking evidence when GenAI is available. They are adapted from established assessment and interaction research and are presented as a combined task-design heuristic rather than independently validated safeguards.
4.3.1. Principle 1: Anchor the task in a specific context
Tasks should be grounded in concrete contexts containing identifiable participants, local information, relevant evidence, or meaningful constraints. Compared with broad opinion prompts, context-specific tasks reduce the usefulness of generic AI-generated responses and require students to interpret the communicative situation (Ajjawi et al., 2024; Ashford-Rowe et al., 2014; McArthur, 2023).
4.3.2. Principle 2: Establish learner ownership
Students should make identifiable decisions that they can explain and defend. Ownership becomes more convincing when learners justify how they selected evidence, prioritized alternatives, rejected options, or revised their position rather than merely reporting a personal opinion.
4.3.3. Principle 3: Make the preparation process partially visible
Proportionate process evidence, such as planning notes, decision logs, source annotations, or brief AI-use statements, helps teachers interpret how a response was developed. The aim is not to monitor every action but to make consequential stages of preparation and revision visible (Dawson et al., 2024; Xia et al., 2024).
4.3.4. Principle 4: Build in interactional contingency
Tasks should include at least one element that cannot be fully anticipated during preparation, such as a follow-up challenge, changing condition, conflicting stakeholder demand, or unexpected question. These situations generate stronger evidence of interactional competence because students must respond and adapt in real time (Galaczi & Taylor, 2018; May, 2011).
4.3.5. Principle 5: Require judgment and justification
Students should evaluate alternatives, recommend solutions, prioritize resources, reject proposals, or defend decisions instead of merely describing information. Such tasks connect language use with reasoning and make decision-making more visible (East, 2017; Ellis et al., 2020).
4.3.6. Principle 6: Specify and disclose the role of AI
Each task should clearly state whether AI is restricted, supported, or integrated. Where AI is permitted, students should briefly disclose how it was used and remain responsible for checking, adapting, and defending the final response. Transparent expectations promote fairness without assuming that all AI assistance constitutes misconduct (Corbin, Dawson, Nicola-Richmond, et al., 2025; Miao & Holmes, 2023).
Table 4. AI-Resilient Speaking Task Design Framework
	Design principle
	Diagnostic question
	Possible task feature
	Evidence generated

	Contextual specificity
	Does the task depend on concrete local information or constraints?
	Campus scenario, stakeholder profiles, fixed resources
	Context-sensitive language and reasoning

	Learner ownership
	Must students make and defend identifiable choices?
	Individual recommendation, selected evidence, revised position
	Attribution of ideas and decisions

	Process visibility
	Is a consequential part of preparation visible?
	Planning notes, decision log, AI-use statement
	Evidence of preparation and revision

	Interactional contingency
	Must students respond to emerging information?
	Challenge card, new constraint, unexpected question
	Real-time responsiveness and interaction

	Judgment and justification
	Does the task require evaluation or decision-making?
	Prioritization, recommendation, rejection, revision
	Reasoning, evidence use, and justification

	Transparent AI engagement
	Are the conditions of AI use explicit?
	AI-restricted, AI-supported, or AI-integrated condition
	Responsible and interpretable AI use


Source: Framework developed by the author from the conceptual synthesis.
The framework addresses RQ2 by translating established concepts into proposed speaking-specific design principles. Whether these principles improve assessment validity or learner performance requires empirical testing.
4.4. Five-step design sequence
The six proposed principles can be organized into a flexible five-step design heuristic. Teachers may adapt the sequence to proficiency level, assessment stakes, institutional policy, and available resources; the optimal sequence has not been tested.
Step 1: Specify the intended communicative evidence and AI condition.
Teachers first determine which aspects of communicative competence will be evaluated, such as reasoning, interaction, decision-making, fluency, or language control. At the same stage, they decide whether AI should be restricted, supported, or integrated. Beginning with the intended evidence prevents the AI policy from being added as an afterthought.
Step 2: Situate learners within a meaningful communicative problem.
The scenario should include identifiable participants, realistic constraints, relevant evidence, or contextual information that requires students to interpret a situation rather than reproduce general knowledge.
Step 3: Require a judgment, choice, or recommendation.
Instead of asking students only to describe or summarize, the task should require them to prioritize, recommend, reject, select, or defend a course of action. The judgment creates a reason to speak and reveals how evidence is interpreted.
Step 4: Introduce live interactional contingency.
An unexpected question, new information, change of role, or revised constraint may elicit negotiation of meaning and adaptation during interaction, providing an opportunity to examine spontaneous communication.
Step 5: Make preparation, revision, and AI use partially visible.
A concise planning record, decision log, or AI-use statement provides contextual information that helps teachers interpret the final performance without creating excessive documentation.
4.5. Three levels of AI involvement
Different learning objectives require different conditions for AI use. The framework therefore distinguishes three levels of AI involvement rather than prescribing a single policy. The appropriate level is selected in Step 1 and then reflected in preparation, performance, and disclosure requirements.
Table 5. Levels of AI Involvement in Speaking Tasks
	AI condition
	Permitted use
	Student responsibility
	Suitable task types

	AI-restricted
	No AI during designated preparation or performance
	Produce an independent spoken response
	Oral defense, impromptu discussion

	AI-supported
	Brainstorming, language support, vocabulary refinement
	Verify, adapt, and take responsibility for final ideas
	Problem-solving discussion, presentation

	AI-integrated
	Critique, revise, compare, or evaluate AI-generated content
	Explain, justify, and improve AI output
	AI-output critique, comparative discussion


Source: Author's proposed classification informed by the selected literature.
AI-restricted tasks are appropriate when spontaneous language production and independent performance constitute the main evidence. AI-supported tasks permit limited assistance while preserving responsibility for content. AI-integrated tasks treat AI output as material for analysis rather than as a substitute for learner performance. Across all three conditions, transparency and alignment with learning outcomes remain essential.
5. Pedagogical Applications and Discussion
5.1. Redesigning a conventional discussion task
The framework can be illustrated by redesigning a familiar classroom discussion. A conventional prompt such as Discuss the advantages and disadvantages of using AI in education allows students to obtain well-developed arguments directly from generative AI before entering the classroom. The teacher consequently receives limited evidence of how learners developed ideas or responded independently.
A redesigned version begins with a context-specific scenario. Students receive a university policy proposal concerning AI use in English courses, together with stakeholder profiles and practical constraints. Working in groups, they recommend a policy that balances educational value, assessment validity, equity, and feasibility. Another group then challenges one aspect of the proposal, requiring the original group to defend or revise its recommendation. AI may be used during preparation for brainstorming and language refinement, but students submit a brief disclosure and remain responsible for all claims.
The illustrative redesign incorporates all six principles: contextual specificity through the scenario; ownership and judgment through the recommendation; limited process visibility through disclosure; contingency through peer challenge; and AI transparency through explicit conditions. It is intended to elicit interpretable evidence from students' decisions and live responses, but its comparative effectiveness has not been tested.
5.2. Illustrative Task 1: Campus problem-solving discussion
Students use class-generated evidence, such as survey results or observation notes, to recommend a solution to a campus issue within a fixed budget. The teacher then introduces another constraint, inviting groups to reconsider their proposal. AI-supported brainstorming and language refinement are permitted, but students must justify recommendations using the supplied evidence. The task illustrates how contextual information, collaborative judgment, and live adaptation could be combined; it has not been empirically evaluated.
5.3. Illustrative Task 2: Role-play with changing conditions
Students assume stakeholder roles with competing priorities and negotiate a shared solution. During interaction, each group receives a change card containing new information, such as revised regulations, a reduced budget, a delayed deadline, or an unexpected stakeholder objection. Because these developments cannot be fully anticipated, successful performance depends on real-time interaction rather than rehearsed language. A brief post-task reflection asks students to explain why their decisions changed or remained unchanged. AI is restricted during performance to preserve spontaneous communication.
5.4. Illustrative Task 3: AI-generated response critique
This task positions AI-generated content as an object of critical evaluation rather than a substitute for student performance. All students receive the same AI-generated response to a speaking prompt and identify its strengths, weaknesses, unsupported claims, and contextual limitations. They revise the response to fit an assigned scenario and defend their changes during a short discussion. Because every student begins with the same output, assessment can focus on critical judgment, contextual adaptation, and spoken justification rather than initial content generation.
5.5. Illustrative Task 4: Evidence-based mini-presentation and oral defense
Students prepare a short presentation using a small class or campus dataset, such as survey findings, attendance records, or feedback results, to support a recommendation. AI-supported preparation may be used for language refinement, but all claims must be supported by the provided evidence. After the presentation, classmates or the teacher ask follow-up questions requiring students to clarify interpretations, justify conclusions, acknowledge limitations, or respond to alternative explanations. The oral defense reconnects prepared performance with live communicative competence.
5.6. Illustrative Task 5: Personal position with dialogic challenge
Students first present an individual position on a contemporary issue and then respond to questions or counterarguments from peers. They may revise or qualify the original position when presented with persuasive evidence or an alternative viewpoint. The final reflection asks them to explain why their thinking changed or remained stable. Rather than rewarding consistency alone, the task values thoughtful engagement with emerging ideas and treats responsiveness as an important component of communicative competence.
Together, Sections 5.1-5.6 address RQ3 by illustrating how the proposed principles and five-step sequence might be adapted across speaking formats. These are pedagogical examples, not evidence that the framework preserves validity in practice.
5.7. Implications for speaking assessment
Assessment criteria may need to evolve alongside task design. Where tasks emphasize contextual judgment and interaction, potential criteria include reasoning, evidence use, responsiveness, clarification and repair, interactional contribution, and AI-use transparency alongside pronunciation, grammatical control, and fluency. Empirical work is needed to establish the validity and fairness of such criteria.
5.8. Implications for teachers and students
For teachers, the framework is a design heuristic rather than a validated instructional model. Low-stakes tasks need not incorporate every principle; feasible options include class-generated evidence, an unforeseen follow-up question, a change card, or brief AI-use disclosure. Higher-stakes use would warrant piloting and evidence of reliability, fairness, and construct coverage before implementation at scale.
For students, AI-resilient task design should be explained as an approach to supporting learning rather than monitoring misconduct. Students need to understand why spontaneous interaction remains important, which forms of AI assistance are permitted, why disclosure is required, and why responsibility for the final spoken response remains with the learner. Clear explanation may also reduce anxiety created by inconsistent or implicit AI rules.
5.9. Equity, accessibility, and feasibility
Although equity, accessibility, privacy, and workload are not treated as separate design principles, they are important implementation conditions. Differences in AI access and AI literacy may influence how students prepare. Communication anxiety, disability accommodations, large class sizes, limited classroom time, teacher workload, data privacy, and rapidly changing AI tools may also affect implementation. These conditions should inform institutional policy, professional development, and task adaptation rather than discourage pedagogical redesign (Corbin et al., 2026; Kizilcec et al., 2024; Miao & Holmes, 2023).
5.10. Conceptual and pedagogical contribution
Existing authentic-assessment frameworks emphasize meaningful contexts and judgment (Ashford-Rowe et al., 2014; Villarroel et al., 2018); AI-focused assessment scholarship foregrounds structural redesign, validity, and acceptable AI use (Corbin, Dawson, & Liu, 2025; Corbin, Dawson, Nicola-Richmond, et al., 2025; Dawson et al., 2024). The contribution of this paper is to integrate these established directions with speaking-specific constructs, especially contingent interaction and learner-attributable spoken justification (Galaczi & Taylor, 2018; May, 2011), and operationalize the synthesis as six principles, a five-step sequence, three AI-use conditions, and illustrative tasks. This is a contextualized conceptual integration, not a claim that these ideas were previously absent from the literature.
The framework offers propositions and task-design examples that can guide subsequent evaluation; it does not demonstrate improved validity, academic integrity, or student learning. Future research should examine feasibility, accessibility, rating reliability, and the extent to which the proposed tasks elicit the intended speaking evidence.
6. Conclusion
GenAI has changed the conditions of university speaking assessment by making extensive assistance with content and language preparation readily available. Broad prompts and rehearsed interactions may complicate the interpretation of learners' own speaking performance, but the extent of this risk depends on the task and context.
This targeted conceptual synthesis of 19 selected sources proposes six vulnerability-principle relationships: contextual specificity, learner ownership, process visibility, interactional contingency, judgment and justification, and transparent AI engagement. A five-step planning heuristic and five illustrative task formats show how established assessment concepts might be adapted for university English speaking classrooms; these outputs are conceptual propositions, not empirical findings.
The framework distinguishes AI-restricted, AI-supported, and AI-integrated conditions and proposes aligning each with the intended communicative evidence. Its contribution lies in integrating AI-aware assessment thinking with speaking-specific interactional demands, rather than promising protection from AI assistance.
Expert review and classroom studies are needed to assess feasibility, fairness, reliability, and whether tasks designed using the framework yield interpretable evidence of learner competence. Until such studies are conducted, claims about effectiveness or improved assessment validity remain tentative.
References
Ajjawi, R., Tai, J., Dollinger, M., Dawson, P., Boud, D., & Bearman, M. (2024). From authentic assessment to authenticity in assessment: Broadening perspectives. Assessment & Evaluation in Higher Education, 49(4), 499-510. https://doi.org/10.1080/02602938.2023.2271193
Ashford-Rowe, K., Herrington, J., & Brown, C. (2014). Establishing the critical elements that determine authentic assessment. Assessment & Evaluation in Higher Education, 39(2), 205-222. https://doi.org/10.1080/02602938.2013.819566
Corbin, T., Bearman, M., Boud, D., & Dawson, P. (2026). The wicked problem of AI and assessment. Assessment & Evaluation in Higher Education, 51(4), 736-752. https://doi.org/10.1080/02602938.2025.2553340
Corbin, T., Dawson, P., & Liu, D. (2025). Talk is cheap: Why structural assessment changes are needed for a time of GenAI. Assessment & Evaluation in Higher Education, 50(7), 1087-1097. https://doi.org/10.1080/02602938.2025.2503964
Corbin, T., Dawson, P., Nicola-Richmond, K., & Partridge, H. (2025). 'Where's the line? It's an absurd line': Towards a framework for acceptable uses of AI in assessment. Assessment & Evaluation in Higher Education, 50(5), 705-717. https://doi.org/10.1080/02602938.2025.2456207
Dawson, P., Bearman, M., Dollinger, M., & Boud, D. (2024). Validity matters more than cheating. Assessment & Evaluation in Higher Education, 49(7), 1005-1016. https://doi.org/10.1080/02602938.2024.2386662
East, M. (2017). Research into practice: The task-based approach to instructed second language acquisition. Language Teaching, 50(3), 412-424. https://doi.org/10.1017/S026144481700009X
Ellis, R., Skehan, P., Li, S., Shintani, N., & Lambert, C. (2020). Task-based language teaching: Theory and practice. Cambridge University Press. https://doi.org/10.1017/9781108643689
Farazouli, A., Cerratto-Pargman, T., Bolander-Laksov, K., & McGrath, C. (2024). Hello GPT! Goodbye home examination? An exploratory study of AI chatbots impact on university teachers' assessment practices. Assessment & Evaluation in Higher Education, 49(3), 363-375. https://doi.org/10.1080/02602938.2023.2241676
Galaczi, E. D., & Taylor, L. (2018). Interactional competence: Conceptualisations, operationalisations, and outstanding questions. Language Assessment Quarterly, 15(3), 219-236. https://doi.org/10.1080/15434303.2018.1453816
Kizilcec, R. F., Huber, E., Papanastasiou, E. C., Cram, A., Makridis, C. A., Smolansky, A., Zeivots, S., & Raduescu, C. (2024). Perceived impact of generative AI on assessments: Comparing educator and student perspectives in Australia, Cyprus, and the United States. Computers and Education: Artificial Intelligence, 7, Article 100269. https://doi.org/10.1016/j.caeai.2024.100269
Lee, D., Arnold, M., Srivastava, A., Plastow, K., Strelan, P., Ploeckl, F., Lekkas, D., & Palmer, E. (2024). The impact of generative AI on higher education learning and teaching: A study of educators' perspectives. Computers and Education: Artificial Intelligence, 6, Article 100221. https://doi.org/10.1016/j.caeai.2024.100221
Loewen, S., & Sato, M. (2018). Interaction and instructed second language acquisition. Language Teaching, 51(3), 285-329. https://doi.org/10.1017/S0261444818000125
May, L. (2011). Interactional competence in a paired speaking test: Features salient to raters. Language Assessment Quarterly, 8(2), 127-145. https://doi.org/10.1080/15434303.2011.565845
McArthur, J. (2023). Rethinking authentic assessment: Work, well-being, and society. Higher Education, 85(1), 85-101. https://doi.org/10.1007/s10734-022-00822-y
Miao, F., & Holmes, W. (2023). Guidance for generative AI in education and research. UNESCO. https://doi.org/10.54675/EWZM9535
Tan, C. P., Howes, D., Tan, R. K. W., & Dancza, K. M. (2022). Developing interactive oral assessments to foster graduate attributes in higher education. Assessment & Evaluation in Higher Education, 47(8), 1183-1199. https://doi.org/10.1080/02602938.2021.2020722
Villarroel, V., Bloxham, S., Bruna, D., Bruna, C., & Herrera-Seda, C. (2018). Authentic assessment: Creating a blueprint for course design. Assessment & Evaluation in Higher Education, 43(5), 840-854. https://doi.org/10.1080/02602938.2017.1412396
Xia, Q., Weng, X., Ouyang, F., Lin, T. J., & Chiu, T. K. F. (2024). A scoping review on how generative artificial intelligence transforms assessment in higher education. International Journal of Educational Technology in Higher Education, 21, Article 40. https://doi.org/10.1186/s41239-024-00468-z

1
image1.png
Conventional speaking-task vulnerability
Assessment validity concerns

Six preliminary design dimensions

Contextual Learner Process
specificity ownership visibility

Interactional Judgment and Transparent Al
contingency justification engagement

Conceptual analysis and operationalization
Al-Resilient Speaking Task Design Framework
[Nlustrative classroom applications





