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Abstract

The rapid adoption of generative Al tools in education has revolutionized writing practices while simultaneously introducing
concerns over academic authenticity. In response, Al text detection technologies have been increasingly deployed, especially in English
writing instruction. This article offers a comparative analysis of the washback effect of such tools on two primary educational actors:
teachers and students. Drawing upon literature, pedagogical reports, and synthesized classroom models, this study contrasts how
detection technologies shape teacher cognition (beliefs, attitudes, instructional decisions) wversus student strategies (adaptive
behaviors, Aluse workarounds, and writing habits). The analysis reveals diverging adaptations: teachers often revise assessment
methods to emphasize control and monitoring, while students employ avoidance, obfuscation, or ethical use strategies. All conceptual
models synthesized from multiple reputable sources. These models are intended to illustrate dominant behavioral and pedagogical
trends rather than offer statistically precise findings. These trends suggest that Al detection tools may be reconfiguring the English
writing landscape in ways that demand balanced policy and pedagogical reflection.
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INTRODUCTION

The proliferation of generative Al technologies, particularly large language models such as ChatGPT, Gemini, and
Claude, has significantly transformed the landscape of English language instruction in higher education. These tools
provide students with unprecedented access to automated writing assistance, enabling them to generate essays,
paraphrase content, and correct grammar with ease. While this represents a technological advancement in
personalized learning, it also raises serious concerns among educators regarding authorship, originality, and academic
integrity.

In response to the increasing presence of Al-generated content in student submissions, many educational institutions
have adopted Al text detection tools such as Turnitin's Al Detection, GPTZero, and Copyleaks. These tools aim to
identify text that may have been generated wholly or partially by Al, using linguistic pattern recognition and
probabilistic models. However, the introduction of such technologies into the assessment ecosystem has introduced
a new form of pedagogical intervention—one that significantly influences the way writing is taught and learned.

This phenomenon is best understood through the lens of the 'washback effect,' a concept widely studied in language
testing. Washback refers to the effect of assessment tools on teaching practices and learning behaviors. In the case of
Al text detection, washback manifests in changes to writing pedagogy, instructional strategies, assessment design, and
student behavior. For example, some educators report modifying assignments to reduce the likelihood of Al use, while
students report increased anxiety over being falsely accused of using Al or struggle with how to appropriately integrate
Al assistance.

This article aims to provide a comprehensive comparative analysis of the washback effect of Al text detection tools by
examining the two main stakeholders in the writing instruction process: teachers and students. On one side, we
explore teacher cognition, which encompasses their beliefs, attitudes, and instructional adaptations in response to
detection technologies. On the other, we examine student strategies—how learners interpret, engage with, and respond
to detection protocols through adaptive writing behaviors.
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Through this two-way investigation, we seek to understand not only the technological and ethical implications of Al
detection but also the pedagogical tensions and opportunities it introduces. Ultimately, the study advocates for
balanced, informed policies that promote academic integrity without compromising the creativity, autonomy, or
emotional well-being of both educators and learners.

Theoretical Foundations and Related Work

The concept of washback originates from language testing literature and is primarily associated with the work of
Alderson and Wall (1993)", who defined it as the influence that testing has on teaching and learning. The washback
effect can be both positive and negative, depending on whether the assessment promotes desirable instructional
practices or leads to narrowed, test-oriented teaching. In the context of Al text detection, washback becomes
particularly relevant because the tools designed to uphold academic integrity are also inadvertently reshaping writing
pedagogy and learner behavior.

Alderson and Hamp-Lyons (1996)* extended this idea by emphasizing that washback is not just a mechanical response
to testing but a complex interaction involving institutional culture, teacher beliefs, and student motivations. This
perspective aligns closely with the current educational scenario where Al detection tools are being introduced without
comprehensive pedagogical integration, leading to a variety of interpretations and reactions by teachers and students.
Teacher cognition plays a crucial role in understanding this dynamic. Defined by Borg (2006) as the beliefs,
knowledge, and attitudes that inform teaching practices, cognition influences how teachers perceive the purpose of
Al detection tools. Some educators view them as necessary enforcers of originality, while others see them as punitive
or flawed mechanisms that disrupt trust in the classroom. These cognitive perceptions directly influence how
assignments are structured, how grading is approached, and how classroom conversations around ethics are framed.

On the other side of this pedagogical relationship are student strategies. Grounded in socio-cognitive learning
theories, student behavior is influenced by perceived expectations, risk-reward evaluations, and the social context of
learning. Research in digital literacy (Selwyn, 2016)* has shown that students often engage in 'digital workaround'
cultures—developing tactics to navigate or subvert technological controls. In the case of Al detection, students may
resort to paraphrasing, hybrid text generation, or simply avoiding Al tools, depending on how the institutional
narrative is framed.

Empirical studies in recent years have begun exploring these phenomena. For example, Black et al. (2023)° conducted
classroom-based observations and found that the introduction of Al detection software led to increased teacher
anxiety about grading and a shift away from open-ended assignments. Jiang and Lin (2025)° found that students
reported high levels of confusion regarding what constitutes acceptable Al use, often due to inconsistent guidelines
across departments.

Furthermore, literature in ethics and education has raised questions about the fairness and accuracy of Al detection
algorithms. Nester et al. (2023)" argue that these tools may inadvertently penalize non-native speakers, whose writing
styles differ from the training datasets of many Al models. This introduces an equity issue, suggesting that washback
effects are not evenly distributed across student populations.

By synthesizing insights from washback theory, teacher cognition research, and digital learning strategies, this study
constructs a comparative foundation to analyze how Al detection tools are reshaping English writing instruction.
Rather than treating detection as a purely technical process, this section frames it as a socio-pedagogical intervention
with multi-layered consequences for stakeholders.

Comparative Analytical Framework

To understand how Al text detection influences the educational experience of both teachers and students, this study
adopts a comparative analytical framework. This framework aims to highlight the key areas of divergence and
convergence in the responses of these two stakeholders to the implementation of Al detection tools. By categorizing
their experiences along defined dimensions, we can better analyze the contrasting effects and implications for
pedagogy and learning.

The five core dimensions of this framework include:

1609


https://www.theaspd.com/ijes.php

International Journal of Environmental Sciences
ISSN:2229-7359
Vol.11 No.17s, 2025

https://www.theaspd.com/ijes.php

1. Perception of Al Use - How teachers and students conceptualize generative Al tools and their role in the writing
process. While teachers often perceive Al as a potential threat to academic integrity, students tend to view it as a tool
for efficiency, creativity, or accessibility.

2. Trust in Detection Tools - The level of confidence each group places in Al detection tools. Teachers are more
likely to accept the results of such tools, even if they are occasionally inaccurate. Students, on the other hand, express
skepticism and fear that false positives might unjustly impact their academic record.

3. Behavioral Adjustment - The concrete changes made by both groups in response to detection tools. Teachers adapt
their pedagogy by redesigning assignments or increasing supervision, while students often engage in textual rephrasing,
hybrid text creation, or avoidance of Al tools altogether.

4. Emotional Impact - The affective consequences experienced. Teachers report frustration due to additional
workload and the complexity of distinguishing Al-assisted writing, whereas students experience anxiety, self-
censorship, and fear of penalties.

5. Pedagogical Shift- Longterm changes in instructional methods and student learning styles. The rise of Al detection
has led to more restrictive task design, less emphasis on creativity, and a growing emphasis on in-class performance.
This comparative model helps visualize the dynamics at play between detection policies and classroom behavior.
Teachers are institutionally positioned to enforce detection protocols, often without sufficient training or support,
leading them to rely heavily on the outcomes of detection tools. Students, in contrast, must interpret institutional
cues and adjust their strategies under uncertainty, often without full understanding of acceptable Al usage.

By mapping these reactions side-by-side, this framework not only uncovers the underlying pedagogical asymmetry but
also provides a structured foundation for proposing balanced interventions. A comparative approach is crucial for
identifying where institutional support and policy clarity are most needed.

AT Writing ﬁ > Al Detection
Tools J Tools
> C Student Use j <
N
N
iti Teacher
Strategy j Cognitive [ > j
( Adjustment Adaptation

Figure 2: Conceptual Flow Diagram of Al Detection Washback in Woriting Education
The diagram illustrates the influence of Al writing tools and detection systems on student behavior and teacher pedagogy.
Comparative Trends and Modeled Observations

In modeled classroom settings, teachers tend to shift away from open-ended or take-home assignments toward in-class
writing and fact-based tasks. This limits students' opportunities for creative and reflective writing. Students, in turn,
report using a variety of strategies such as paraphrasing Al-generated content or avoiding Al altogether. These
adaptations suggest both parties are modifying their behaviors significantly in response to the presence of detection
tools. Visual representations illustrate these divergent patterns.

To deepen the understanding of how Al detection tools shape classroom behavior, this section explores comparative
trends based on synthesized classroom scenarios, academic literature, and representative observations. These modeled
trends help to highlight the structural and behavioral shifts that occur among both teachers and students when Al
detection tools are introduced.

Teacher-Driven Trends

Educators, responding to institutional mandates and the perceived threat of Al-authored submissions, have shifted
their instructional practices in noticeable ways. A recurring change is the reduction of open-ended, creative
assighments in favor of more constrained, factual, and in-class tasks. Teachers often adopt timed or monitored writing
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exercises, which limit students’ access to external tools and make authorship verification easier. There is also growing
reluctance to allow collaborative writing or peer review, as Al-generated suggestions blur the lines between individual
and group work.

Moreover, educators invest additional time verifying suspicious submissions, which affects grading consistency and
introduces emotional fatigue. Some teachers also report feeling uncomfortable relying heavily on detection software,
especially when false positives emerge.

Student-Driven Trends

On the student side, behavioral trends split into three major categories:

Strategic Avoidance - Students who are highly risk-averse opt to write without any Al assistance, even when
permissible (e.g., using grammar checkers), for fear of being flagged.

Tactical Compliance - A common strategy where students use Al to draft or brainstorm, but then paraphrase or edit
manually to avoid detection.

Subversive Workarounds - A smaller segment explores newer tools that promise Al detection bypass, such as Al
humanizers or low-detection paraphrasers.

Many students express uncertainty about what constitutes acceptable Al use, especially when guidelines differ between
instructors. This results in inconsistency and emotional stress, including anxiety and reduced confidence in writing.
Table 1: Shift in Pedagogical and Behavioral Practices Before and After Al Detection

‘Practice Before Al Detection HPractice After Al Detection (Teacher) HEffect on Students

‘Creative writing prompts HFact—based or technical writing tasks HReduced creativity
‘Peer editing and collaboration"Discouraged or restricted HLower engagement and isolation

‘Flexible submission deadlines HStricter controls and tighter monitoring HHeightened anxiety

‘Take—home essays Hln—class timed writing HIncreased pressure and fatigue ‘

‘Essay reflections and journals HRemoval of subjective or personal contentHDecreased expressive freedom

All conceptual models synthesized from multiple reputable sources. These models are intended to illustrate
dominant behavioral and pedagogical trends rather than offer statistically precise findings.

Graphical Insights (Modeled Data)

Figure 1: Teacher Response Al Detection Teals (Madeled)

Figure 1: Teacher Responses to Al Detection Tools (Modeled)

Souces: The modeled percentages are derived from qualitative data and teacher commentaries, such as:
- Risa Morimoto (SOAS lecturer) on increased workload and redesigning assessments [Business Insider, 2025]®
- Weber-Wulff, et al Testing of detection tools for Al-generated text. ’
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- Data supported by educator survey summaries from Illinois Open Publishing Network, 2024, '°
Teacher Responses to Al Detection Tools

Use Al detection in grading: 78%

Redesign assignments to reduce Al use: 65%

Experience challenges with false positives: 42%

Fully trust detection results: 25%

Student Responses to Detection Pressure

Student Responses to Al Detection (Modeled)
60

Percentage (%)
N W e un
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o

Edit Al text Avoid Al Risk using Al Unaware

Figure 2: Student Responses to Al Detection (Modeled)

Sources: Student behavior estimates are based on public forums, peer-reviewed surveys, and digital ethnographies,
including:

- Reddit discussions on fear and strategic use of Al tools, https://www.reddit.com/r/artificial"
- EDUCAUSE and MDPI research on Al wusage and policy unawareness among students'>"
- Student commentaries in Inside Higher Ed and Chronicle of Higher Education, https://www.chronicle.com/"
Use Al but manually edit before submission: 60%

Avoid Al entirely: 20%

Use Al tools regardless of risk: 15%

Unaware of institutional Al policies: 5%

These modeled observations illustrate a pedagogical and psychological shift. Teachers are becoming more cautious
and controlling, while students are increasingly strategic, adaptive, and sometimes subversive in their use of
technology. Importantly, the growing mismatch in perceptions between these two groups suggests a need for clearer
communication and more nuanced policy approaches in educational institutions.

Discussion: The Two-Sided Washback

The concept of washback, traditionally applied to standardized language testing, proves highly relevant in analyzing
the introduction of Al text detection tools into English writing instruction. The comparative trends explored earlier
reveal a complex, two-sided washback effect—one that simultaneously reshapes the roles, expectations, and strategies
of both teachers and students, albeit in markedly different ways.

For Teachers: Policy-Driven Adaptation and Pedagogical Tension

Educators find themselves at the frontline of implementing institutional integrity policies. Al detection tools are
presented as neutral technologies, but their incorporation into the classroom has pedagogical implications that extend
beyond compliance. Teachers report modifying assessments, creating in-class writing conditions, and shifting focus
from creativity to containment. While such adaptations may reduce Al misuse, they can also erode pedagogical
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richness. Creative writing, reflective essays, and exploratory learning activities—hallmarks of language education—are
being de-emphasized in favor of standardized, easily monitored formats.

At the same time, many teachers harbor doubts about the fairness and reliability of Al detection systems. The threat
of false positives introduces a new layer of grading anxiety. Teachers must now act as both instructors and enforcers,
negotiating the tension between nurturing student growth and policing misconduct. This dual responsibility can lead
to cognitive dissonance, where teachers feel ethically conflicted or pedagogically constrained.

For Students: Strategic Navigation and Emotional Uncertainty

Students, on the other hand, experience the washback as a form of surveillance and risk management. Rather than
engaging openly with generative Al as a learning aid, many adopt strategic approaches based on perceived rules, peer
advice, or trial-and-error. For those unclear about institutional policies, the fear of being wrongly accused overshadows
the potential benefits of Al-assisted writing.

This results in a growing emotional burden. Students express feelings of anxiety, confusion, and in some cases,
resentment. Some avoid Al tools altogether—even those allowed for grammar or structure improvement—while others
engage in time-consuming efforts to humanize Al-generated content. Instead of fostering responsible Al literacy,
detection technologies may inadvertently incentivize secrecy, fear-based learning, and reliance on loopholes.
Pedagogical Asymmetry and Emerging Gaps

A key insight from this comparative analysis is the asymmetry in how Al detection washback is experienced. Teachers
and students are subject to different motivations and pressures. Teachers are held accountable for ensuring integrity;
students are accountable for maintaining it. This uneven distribution of responsibility creates misalignment in
classroom culture. Teachers may assume students understand detection policies, while students may feel that
expectations are unclear or inconsistent.

This disconnect is further exacerbated by differences in digital literacy. While many students are quick to adopt new
tools, they are not always equipped to evaluate their ethical implications or institutional acceptability. Similarly,
teachers may lack the technical training to fully interpret or challenge detection results. These gaps highlight the
urgent need for educational institutions to provide professional development for faculty and Al literacy workshops
for students.

Emotional Impact of Al Detection Tools

Percentage (%)

Figure 3: Emotional Impact of Al Detection Tools on Teachers and Students
Sources:  Emotional responses (e.g., anxiety, frustration, demotivation) are modeled from:
- Reddit and student support forums discussing emotional response to Al  detectors'
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- Frontiers in Communication (2025) study on academic stress from surveillince tools
- Educator reflections from Al-integrity conference materials'*

Policy and Pedagogical Implications

Based on the comparative analysis, we propose the following recommendations:
1. Transparent communication of institutional policies on Al use.

2. Inclusion of Al literacy modules in writing instruction to help students understand responsible use.
3. A shift from final-product grading to process-oriented assessments such as drafts and reflections.
4. Encouraging dialogue between educators and learners to co-create ethical and practical norms.
These measures can help mediate the washback effects and align assessment goals with pedagogical intentions.

Figure 4: Pedagogical Adjustments by Teachers Post-Al Detection

Reduced Peer Review

More Plagiarism Talks

Less Creative Tasks

Mare In-class Wiiting

r i i "

1] 10 20 30 40 50 60 0 B0

Percentage (%)

Figure 4: Pedagogical Adjustments by Teachers Post-Al Detection

Sources: Percentage estimates reflect patterns reported in:
- Morimoto's shift to in-class writing and reduced creative assignments [Business Insider, 2025]"
- Increased academic integrity talks and monitoring practices from Frontiers (2025)"

CONCLUSION

The growing presence of generative Al in academic environments has triggered both enthusiasm and apprehension,
particularly in disciplines centered around writing and critical thinking. As institutions turn to Al text detection tools
to uphold academic integrity, a new pedagogical landscape is emerging—one shaped by technology, regulation, and
adaptation. This study has examined that landscape through a comparative lens, highlighting the divergent
experiences of two key educational stakeholders: teachers and students.

The findings underscore that Al text detection exerts a dual washback effect. For teachers, the presence of these tools
prompts shifts in instructional design, assessment strategies, and grading practices. While many educators view Al
detection as a safeguard, others are concerned about the narrowing of learning outcomes and the emotional toll of
acting as integrity enforcers. Simultaneously, students face a climate of uncertainty, often navigating institutional
expectations through guesswork and fear. Their reactions—ranging from avoidance to workaround strategies—signal a
pressing need for clearer guidelines, transparency, and inclusive policy-making.
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A central theme that emerges is misalignment. Teachers and students operate within different frames of reference,
interpreting the purpose and implications of Al detection differently. This misalignment can weaken trust, increase
stress, and compromise the educational value of writing tasks. More importantly, it risks creating a punitive rather
than progressive learning environment.

To address these issues, a balanced approach is necessary—one that combines technological vigilance with pedagogical
compassion. Institutions should not rely solely on detection tools as a solution but instead invest in Al literacy
education, dialogue-based policymaking, and ethics-oriented writing pedagogy. Writing instruction should evolve in
tandem with Al, focusing not just on preventing misuse but also on cultivating critical, reflective, and responsible
engagement with technology.

In conclusion, while Al detection tools have been introduced to combat misuse, their impact reaches far deeper into
the instructional core of language education. Recognizing and addressing the complex washback they generate is
essential to fostering a healthy, ethical, and future-ready academic culture.
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