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Abstract—In the domain of Technology-Enhanced Language 

Learning (TELL), this mixed-methods study explores the 

efficacy of the iWrite platform in enhancing English writing 

among Chinese junior secondary students (N = 56), grounded in 

Formative Feedback Theory (FFT). Key findings revealed 

quantitative results showing the experimental group achieved a 

+10.16% improvement in CEFR-aligned writing scores, 

  

d = 1.30), with three significant pathways: 1) direct impact 

(48.4% total effect, β = 0.44, p < 0.05); 2) behavior-driven 

pathway (36.3% total effect, β = 0.33, p < 0.05); 3) chained 

feedback pathway (18.7% total effect, β = 0.17, p < 0.05). 

Qualitative insights (n = 28) indicated 85.7% of students valued 

self-regulation tools, 82.1% cited the importance of instant 

feedback, and 78.6% linked reflection to improved logical 

thinking. Critically, iWrite significantly enhanced foundational 

skills (CEFR A2–B1 vocabulary/grammar), with mediation 

pathways validating this effect (R² = 0.84). However, its limited 

impact on critical analysis revealed a competency gap that 

requires teacher scaffolding, necessitating a hybrid AI-human 

model. Ultimately, this research provides a scalable model for 

AI-driven, FFT-based writing competency pedagogy. 
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I. INTRODUCTION 

Traditional middle school English writing instruction, 

entrenched in summative assessment, perpetuates delayed 

feedback and passive engagement, failing to cultivate 

self-regulated learners capable of iterative refinement [1, 2]. 

Formative Feedback Theory (FFT) addresses these gaps by 

prioritizing diagnostic, actionable feedback to align 

performance with learning goals [3]. However, AI-driven 

platforms like iWrite, despite enabling real-time error 

detection and adaptive pathways [4], lack robust theoretical 

integration [5]. While studies confirm AI tools reduce 

grammatical errors by 30% [6] and hybrid models improve 

grading consistency [7], recent critiques highlight 

overemphasis on outcome metrics (e.g., error rates) at the 

expense of mechanistic insights into how technology 

transforms learning processes [8, 9]. Emerging evidence 

further suggests AI feedback alone inadequately addresses 

genre adaptation or self-regulation [10], underscoring the 

need for frameworks that bridge FFT principles with AI 

functionalities to foster both skill mastery and metacognitive 

growth. 

 

technology-enhanced writing pedagogy: 1) a disconnect 

between FFT principles and AI-driven tool functionalities [5]; 

2) a limited understanding of how platforms like iWrite foster 

metacognitive skills (e.g., self-regulation) or disciplinary 

writing competencies [9, 10]. This study addresses these gaps 

by: 1) designing a framework to align FFT with iWrite’s 

capabilities systematically; 2) evaluating its impact on 

writing ability; 3) identifying mediating mechanisms (e.g., 

feedback quality). By bridging theory and AI-driven tools, 

the research advances a pedagogical model that synergizes 

skill development with cognitive growth. Accordingly, three 

core research questions are below: 

Q1: How can FFT be systematically integrated with the 

iWrite platform’s functionalities? 

Q2: Does the FFT-aligned use of iWrite improve students’ 

writing proficiency? 

Q3: What mechanisms explain how iWrite enhances 

writing outcomes? 

II. LITERATURE REVIEW 

A. Technology-Enhanced Language Learning 

The trajectory of Technology-Enhanced Language 

Learning (TELL) reflects three evolutionary phases. Initially, 

computer-assisted language learning (CALL) relied on static 

multimedia tools (e.g., CD-ROMs) for grammar drills, 

offering limited interactivity [11]. The rise of the internet 

 

AI-driven systems revolutionize pedagogy via adaptive 

scaffolding. Machine learning algorithms analyze learner 

data to generate targeted exercises (e.g., article misuse drills) 

and predict proficiency trajectories [16]. Real-time NLP 

feedback reduces error correction latency to seconds, 

fostering iterative drafting [5]. Cloud collaboration tools (e.g., 

Google Docs) operationalize Vygotskian social learning, yet 

over-reliance on automation risks diminishing metacognitive 

growth, as learners may prioritize algorithmic corrections 

over self-regulation [17, 18]. 

Despite advancements, TELL confronts systemic barriers. 
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compared to a +0.74% gain in the control group (Δ = +9.42%,

ushered in Network-Based Language Learning (NBLL), 

enabling collaborative platforms like Moodle and Wiki for 

peer feedback and resource sharing [12]. Today, intelligent 

TELL integrates AI, NLP, and big data analytics to 

personalize instruction, exemplified by platforms like iWrite 

and Grammarly, which diagnose writing errors with 95% 

accuracy-37% higher than manual methods [13, 14]. 

Immersive technologies (e.g., VR/AR) further simulate 

authentic contexts, improving writing fluency by 15% 

through scenario-based practice [15].

Prior studies confirm AI’s error-correction efficacy [4, 6] 

but lack mechanistic links to FFT’s diagnostic-action 

cycle [1], which reveals two critical gaps in 



Digital inequity persists, with 30% of rural learners lacking 

stable internet access [11]. Data privacy concerns escalate as 

platforms collect granular behavioral metrics (e.g., keystroke 

patterns), raising risks of algorithmic bias [19]. 

Pedagogically, balancing AI efficiency with human 

mentorship remains critical; hybrid models that pair adaptive 

systems with instructor-led reflection show superior retention 

rates [20]. Addressing these challenges is pivotal for ethical, 

scalable TELL implementation. 

B. Writing Improvement

Writing proficiency progresses through hierarchical skill

acquisition, beginning with transcription (handwriting, 

spelling) and advancing to higher-order processes like 

planning and revision [21]. Early elementary success hinges 

on explicit instruction in sentence structure and vocabulary, 

while adolescents require scaffolding in genre-specific 

strategies (e.g., argumentative frameworks) to enhance 

coherence and complexity [22]. Developmental disparities 

persist: 40% of middle schoolers struggle with syntactic 

variety, and 30% of high schoolers lack source integration 

skills [23]. 

Effective pedagogy combines explicit instruction, 

formative feedback, and scaffolded practice. The process 

writing approach (plan-draft-revise) improves quality (d = 

0.44) when paired with peer review [24]. Strategy instruction 

(e.g., mnemonics like POW + TREE) boosts organization and 

motivation for struggling writers (d = 0.89) [25]. Explicit 

grammar training (e.g., sentence combining) enhances 

syntactic maturity (d = 0.32), particularly in elementary 

grades [26]. 

AI-driven tools address scalability and engagement. 

Platforms like NoRedInk personalize grammar practice, 

increasing middle school engagement by 50% [27], while 

NLP systems (e.g., Quill) reduce grammatical errors by 35% 

through real-time feedback [4]. Collaborative environments 

(e.g., Google Docs) deepen revision  through  peer 

interaction [18], and gamified tools (e.g., Storybird) enhance 

narrative creativity in younger students [28]. 

Persistent barriers include equity gaps (25% of 

low-income students lack digital access) and teacher 

preparedness (only 40% feel confident using writing 

technologies) [11, 29]. Future efforts should prioritize early 

intervention for foundational skills, culturally responsive AI 

to support multilingual learners, and hybrid models blending 

teacher mentorship with adaptive tools [7]. Addressing these 

challenges is critical for equitable, transformative writing 

education. 

iWrite platform surpasses conventional AI tools for 

writing ability improvement through a three-tiered feedback 

system: NLP-powered error detection (95% accuracy [9]) 

targets middle schoolers’ syntactic limitations with real-time 

visual feedback; progress dashboards and multi-draft 

comparisons enable metacognitive scaffolding for 

self-regulated revision [1]; genre-specific templates build 

hierarchical competency, bridging sentence-discourse gaps in 

high schoolers [23]. This approach addresses developmental 

hierarchies by scaffolding foundational skills and rhetorical 

sophistication through iterative practice. 

III. MATERIALS AND METHODS

A. The Introduction to the iWrite Platform

The iWrite platform integrates an AI-powered grammar

detection engine that identifies writing errors (e.g., 

subject-verb agreement, tense misuse) within 30 seconds, 

achieving 95% accuracy [9]. Errors are annotated with 

color-coded feedback (red for critical errors, blue for 

suggestions), a feature informed by research on error 

detection in Chinese EFL contexts [30]. Its adaptive learning 

module employs machine learning algorithms to analyze 

student performance data and generate personalized practice 

tasks (e.g., drills targeting article misuse) [31]. Learners track 

progress via visual dashboards displaying error-type 

heatmaps and vocabulary growth curves [14]. Multimodal 

support, including voice-to-text and cloud collaboration tools, 

reduces cognitive load and facilitates peer review [6]. 

Fig. 1. iWrite platform interface diagram. 

As shown in Fig. 1, the dashboard aggregates class-wide 

metrics (e.g., standard errors, score trends), enabling 

differentiated instruction [32]. Automated grading and 

plagiarism checks reduce manual grading time by 70% [33], 

while a tiered question bank (CEFR A1–C2) and annotated 

model essays streamline assignment design [34]. For instance, 

teachers generate instant reports on frequent errors (e.g., 65% 

of students struggling with tense consistency) to tailor 

remedial lessons. 

The platform hosts over 10,000 writing prompts and 

professional templates (academic, workplace) for diverse 

scenarios [35]. Empirical studies demonstrate a 22% 

improvement in writing accuracy after 8 weeks of use [36] 

and a 65% increase in instructional efficiency [37], consistent 

with large-scale findings on technology-enhanced writing 

pedagogy in China [38]. Standardized APIs ensure seamless 

integration with third-party systems (e.g., LMS), supporting 

scalable adoption [39]. 

B. Formative Feedback Theory

 

 

International Journal of Information and Education Technology, Vol. 16, No. 1, 2026

40

FFT emerged from the foundational work of Black and 

William [1], who redefined assessment as a pedagogical tool 

to bridge gaps between current and desired performance. 

Their research emphasized feedback’s role in fostering 

self-regulated learning, a concept further refined by 

Sadler [40], who argued that effective feedback must clarify 

criteria, diagnose errors, and enable actionable corrections. 

Hattie and Timperley [41] expanded this framework by 

categorizing feedback into four levels: task, process, 

self-regulation, and self-demonstration. Task-level and 

process-level feedback (e.g., correcting grammar, suggesting 



  

 

 

  

 

Despite technological progress, formative feedback faces 

significant barriers. Over-reliance on automated systems 

risks deskilling learners, as students may prioritize 

algorithmic corrections over critical self-reflection [17]. 

Equity gaps persist, as rural and low-income students often 

lack  devices  or  broadband to  utilize  AWE  tools  

effectively [11]. Additionally, generic feedback (e.g., 

“improve clarity”) frequently fails to address disciplinary 

nuances, such as genre-specific conventions in academic 

writing [41]. Even advanced systems struggle to 

contextualize feedback within cultural or linguistic diversity, 

disadvantaging non-native speakers [42]. These challenges 

highlight the need for human and AI collaboration to balance 

efficiency with pedagogical sensitivity. 

Emerging research advocates hybrid frameworks that 

merge AI efficiency with instructor mentorship. For instance, 

platforms like Feedback Fruits enable teachers to annotate 

AI-generated suggestions, adding contextual guidance (e.g., 

discipline-specific writing norms) [7]. Concurrently, 

fostering feedback literacy—the ability to interpret, prioritize, 

and apply feedback—has become critical. Interventions such 

as peer review workshops and reflective journals help 

learners internalize feedback strategies [8]. Future 

innovations may leverage immersive technologies (e.g., VR 

simulations for scenario-based feedback) and 

cross-disciplinary collaborations (e.g., cognitive 

science-informed AI design) to enhance feedback’s relevance 

and accessibility [15]. Addressing these priorities will ensure 

formative feedback remains a cornerstone of equitable, 

transformative education. 

C. The Framework Based on Formative Feedback Theory 

and iWrite Platform 

The iWrite platform exemplifies the application of FFT 

through AI-driven functionalities that align with its core 

tenets: continuous monitoring, diagnostically specific 

feedback, and learner agency [20, 40]. By leveraging Natural 

Language Processing (NLP), iWrite delivers three-tiered 

formative feedback targeting language accuracy (e.g., tense 

errors), discourse coherence (e.g., logical flow), and 

rhetorical structure (e.g., argumentation patterns). This 

real-time, granular feedback enables students to revise drafts 

iteratively—a process central to FFT’s emphasis on closing 

the gap between current and desired performance [5]. For 

instance, immediate error correction (e.g., misplaced 

modifiers) reduces high-frequency mistakes by 30–50%, 

while adaptive prompts scaffold genre-specific writing skills 

(e.g., thesis statement formulation) [14]. 

iWrite further embodies FFT’s self-regulation cycle 

through its multi-draft comparison and metacognitive 

analytics modules. When students resubmit revised essays, 

the platform generates visual reports comparing error 

reduction, structural improvements, and coherence metrics 

across drafts. These analytics empower learners to 

self-diagnose persistent weaknesses (e.g., underdeveloped 

transitions) and autonomously select targeted practice tasks, 

operating Zimmerman’s SRL model [2], while mirroring 

Nicol and Macfarlane-Dick’s principles of fostering 

goal-setting and strategic adjustment [20]. For example, a 

student recognizing inconsistent argumentation might engage 

with iWrite’s curated persuasive writing exercises, thereby 

transitioning from passive correction to proactive skill 

mastery. 

By embedding FFT’s dynamic feedback loops into AI 

functionalities, iWrite transforms writing instruction from 

static summative evaluation to iterative, learner-centered 

growth. This synergy ensures technology not only enhances 

technical accuracy but also cultivates metacognitive 

autonomy—a dual advancement central to FFT’s 

pedagogical vision of bridging assessment with self-directed 

improvement [1]. Crucially, the hybrid effects in this system 

denote the emergent gains from the interaction of iWrite’s 

serial mediation pathways, where Feedback Quality (M1) and 

Self-regulation (M2) operate as chained mediators. Their 

combined influence exceeds the sum of individual path 

contributions. This FFT-AI integration thus achieves Hattie’s 

[41] visible learning ideal—where assessment directly fuels 

competence growth through structured autonomy. 

D. Case Selection and Sample 

This study employed a quasi-experimental pretest and 

posttest design with two intact eighth-grade classes (N = 56) 

at Suizhou Middle School, China. Participants were 

randomly assigned to experimental (n = 28; 15 males, 13 

females) and control groups (n = 28; 14 males, 14 females).  

Experimental Group, the experimental group engaged in 

an AI-enhanced formative feedback loop via the iWrite 

platform. 1) Task Initiation: Students submitted first drafts 

digitally; 2) AI-driven Feedback: The platform generated 

real-time diagnostics (e.g., grammatical error tagging, 

coherence scoring); 3) Iterative Revision: Students revised 

drafts iteratively, supported by teacher-guided reflection 

sessions to scaffold self-regulation strategies (e.g., 

goal-setting, error pattern analysis).  

Control Group, the control group followed traditional 

teacher-led instruction: compositions were manually graded 

with written feedback, supplemented by whole-class 

discussions. 

To assess outcomes, a standardized rubric evaluated 

writing performance across three dimensions—language 

accuracy (e.g., grammatical precision), coherence (e.g., 

logical flow), and genre adherence (e.g., argumentative 

structure). Both groups received theme-based writing 
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drafting strategies) yield the strongest learning gains (d = 

0.73). These principles underscore feedback’s dual function: 

corrective (addressing immediate errors) and developmental 

(scaffolding metacognitive growth) [20].

The integration of AI and Natural Language Processing 

(NLP) has transformed formative feedback into a scalable, 

personalized intervention. Automated Writing Evaluation 

(AWE) systems like Grammarly and iWrite deploy NLP 

algorithms to detect grammatical errors (e.g., tense misuse) 

with 92–95% accuracy, outperforming manual corrections by 

37% [4]. These tools operationalize Zimmerman’s 

Self-Regulation (SRL) model [2] by generating adaptive 

learning paths, for example, recommending article drills for 

learners prone to determiner errors. Real-time dashboards 

visualize progress metrics (e.g., error-type heatmaps), 

enabling learners to track improvement cycles [6]. Such 

systems align with Sadler’s vision of feedback as iterative 

and dynamic [40], fostering continuous refinement rather 

than static evaluation.



  

instruction using the People’s Education Press (PEP) 

curriculum, delivered by the same instructor (Ms. Zhao, 

CEFR B2, CET-6 certified) to control for teacher-related 

variables. Post-intervention essays were blindly scored by an 

independent teacher (Mr. Liu) using iWrite analytics 

alongside manual grading, minimizing rater bias. Ethical 

protocols ensured participant anonymity and informed 

consent.  

Students’ Learning Backgrounds and Proficiency, the 

eighth-grade participants (CEFR A2–B1) exhibited 

foundational English proficiency with vocabulary ranging 

from 2,000 to 3,500 words and competence in simple 

sentence structures and routine writing tasks (e.g., informal 

letters). However, challenges persisted in complex 

grammatical constructs (e.g., subordinate clauses, passive 

voice) and genre-specific conventions (e.g., argumentative 

essay formatting). Their limited lexical diversity positioned 

them as an optimal cohort to evaluate pedagogical 

interventions targeting transitional learners, where 

incremental gains in accuracy and coherence are both 

measurable and educationally significant. 

E. Data Collection 

Data for this research have been obtained from two distinct 

data collection approaches: questionnaire-based data 

collection and test-based data collection. Data were gathered 

over 2 months of one semester in 2025. An individual set of 

guidelines was established for each data collection method to 

ensure that both ethical and methodological requirements 

were fulfilled.  

Questionnaire-based Data Collection, a mixed-method 

questionnaire via Sojump was given to all 56 participants (28 

in each group) at post-intervention (Week 8). The 

experimental group received two questionnaires, including 

28 5-point Likert-scale items and open-ended prompts to 

assess iWrite’s impacts and collect individual feedback. One 

questionnaire without open-ended prompts, comparing two 

groups, was given to the control group.  

Quantitative parts evaluated the platform efficiency and 

feedback (e.g., “iWrite’s Instant Feedback enhances 

revision”), strategy adaptation, and writing improvement. 

Qualitative responses showed individual attitudes, such as 

Deep Reflection, prioritizing logic over grammar, which 

demands more teachers’ support. Data were anonymized 

(coded as E01–E28, C01–C28) and analyzed via SPSS V.29 

(quantitative), validating iWrite’s role in metacognitive 

growth. 

Test-based Data Collection, to ensure temporal 

consistency and minimize external variable interference in 

data collection, a standardized test-based protocol was 

implemented. Pretests, comprising a CEFR-aligned language 

proficiency test and a baseline essay task, were administered 

via the iWrite platform on February 1, 2025, to establish 

initial proficiency benchmarks. Corresponding posttests, 

including a follow-up essay assessment mirroring the 

baseline task, were conducted on April 1, 2025, using the 

same platform to maintain methodological rigor.  

Immediately following the posttest, a mixed-methods 

questionnaire was deployed to capture real-time reflections 

on learning experiences, ensuring data timeliness and 

relevance to the intervention period. This structured timeline 

facilitated a longitudinal comparison of writing performance 

and learner perceptions, anchored in consistent measurement 

intervals. 

F. Data Analysis 

In this study, an explanatory sequential mixed-methods 

design was used to analyze different types of data. 

Quantitative data was first analyzed using SPSS V.29, 

providing initial insights. Then, qualitative semi-open 

questionnaires were conducted with iWrite users to gain a 

deeper understanding. Sojump was used to collect qualitative 

data through online questionnaires and interviews, enriching 

data sources. This approach combined the strengths of 

quantitative and qualitative data, enhancing the reliability 

and validity of the research findings. 

Quantitative Analysis, this study employs a 

quasi-experimental design with 56 eighth-grade students (28 

experimental, 28 control) to explore how the iWrite platform 

influences English writing ability quantitatively. Data were 

collected via a 28-item questionnaire on Sojump, mainly 

measuring four constructs: iWrite Utilization, Feedback 

Quality, Self-regulation, and Writing Ability. Questionnaire 

reliability (Cronbach’s α > 0.90 [43]) and validity (CFA: 

factor loadings > 0.70 [44]) were confirmed. 

Using SPSS V.29, descriptive statistics (M, SD) first 

verified baseline equivalence between groups. Reliability and 

validity analysis then validated the structural integrity of the 

questionnaire dimensions, laying the groundwork for 

regression analysis. Finally, hierarchical regression with 

bootstrapping (5,000 resamples) explored mediation 

effects—controlling for prior vocabulary and writing 

performance [45]—to reveal how iWrite, feedback quality, 

and self-regulation interact to improve writing ability, 

thereby testing FFT in intelligent writing platforms. 

Qualitative Analysis, in April 2025, thematic analysis 

analyzed 28 experimental group participants’ semi-open 

responses to explore iWrite experiences, and coded the data 

using Sojump’s text-mining and manual inductive coding to 

identify themes aligned with FFT [46]. Key steps included 

iterative reading for patterns (e.g., “Instant Feedback 

improved revision efficiency”), categorizing excerpts into a 

priori constructs (e.g., Self-regulation) and emergent themes 

(e.g., “Deep Reflection”), and quantifying frequent themes 

(e.g., “instant feedback” in 82.1% of responses). Students 

highlighted the platform’s role in scaffolding revisions (e.g., 

error highlighting, motivating sentence adjustments), with 

triangulation showing themes like self-regulation and 

feedback specificity mediated writing gains, enriching the 

theoretical model. Revising on iWrite produces change tree 

diagrams to boost scores. 

G. Data Display 

The qualitative analysis presents key themes and their 

frequencies via a theme frequency table, offering an intuitive 

overview of students’ engagement with iWrite platform 

features and guiding subsequent quantitative analysis. 

Quantitative data, organized in tabular format, display 

specific metrics (e.g., CEFR proficiency, pretest and posttest 

scores) to facilitate comparative analysis of performance 

changes between experimental and control groups. The table 

explicitly contrasts groups on CEFR benchmarks and score 

fluctuations across testing phases. Finally, a dual mediation 
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model—derived from regression analysis—visually maps the 

pathways through which the iWrite platform impacts English 

writing ability, clarifying relationships between variables and 

theoretical mechanisms. 

IV. RESULT AND DISCUSSION

This chapter presents empirical findings from an 

eight-week-long case study examining the integration of the 

iWrite platform within an experimental cohort. Guided by 

FFT, post-intervention questionnaires were administered to 

evaluate learners’ perceptions of iWrite’s pedagogical 

functions. Quantitative data from standardized final 

examinations (N = 56) were analyzed using SPSS V.29 to 

systematically investigate correlations between iWrite 

implementation and the development of writing competence. 

The triangulated methodology aligns with rigorous 

mixed-methods research paradigms, ensuring both 

theoretical grounding and empirical validity in assessing 

technology-mediated language acquisition outcomes. 

A. Case Study

A quasi-experimental study was conducted from February

to April 2025 at Suizhou Middle School, involving 56 

eighth-grade students (experimental group: n = 28; control 

group: n = 28) to investigate the effects of integrating the 

iWrite platform’s instant feedback and self-regulation 

functionalities with formative assessment principles [1] on 

English writing proficiency. 

Note. System-generated feedback statistics: Total pushes = 1,240; Student 

executions = 996; Execution rate (implemented suggestions per total pushes) 

= 80.3%. 
Fig. 2. Instant quality feedback from iWrite. 

The iWrite platform employed a dynamic instant feedback 

system to identify and annotate linguistic errors (e.g., 

capitalization, syntax) using color-coded markers (see Fig. 2). 

For example, incorrect capitalization in phrases like “Second 

benefiteness” was flagged in red, with corrected suggestions 

(e.g., “second benefit” in blue) provided in real-time. This 

real-time diagnostic tool aligned with FFT’s emphasis on 

timely, actionable feedback [41], enabling students to 

iteratively revise drafts and internalize language rules 

through repeated exposure to targeted corrections [20]. 

Crucially, this approach achieved high implementation 

fidelity, with 80.3% of system-pushed feedback (996/1,240) 

being executed by students, constraining residual bias to 

19.7% as empirically validated in Fig. 2. 

The platform’s self-regulation module facilitated 

metacognitive adaptation through cyclical drafting and 

revision processes (see Fig. 3). For instance, after submitting 

an essay on “My Healthy Eating Habits,” students received 

system-generated feedback, revised elements such as 

coherence and grammar, and resubmitted drafts, leading to 

measurable score improvements (pre-score: 67.5; post-score: 

72.2; Δ = +4.7). This “assessment-for-learning” approach 

empowered learners to monitor progress [47], refine writing 

strategies, and transition from passive learning to active 

self-regulation, as described in Zimmerman’s SRL model [2]. 

Fig. 3. Improvement of self-regulation via iWrite. 

The intervention embedded FFT into the iWrite platform 

by prioritizing timely, specific, actionable feedback. 

Automated error diagnosis (e.g., grammatical markers; Fig. 2) 

and iterative revision prompts enabled self-correction cycles 

[5], while draft comparisons (Fig. 3) translated feedback into 

actionable steps, reflecting feedback as a process [20]. These 

interventions align with formative feedback’s role in closing 

performance gaps through assessment-action cycles [41]. By 

coupling automated feedback with autonomous revision, the 

platform fostered learner agency, enabling students to 

internalize linguistic rules and refine strategies—a hallmark 

of effective formative systems [8]. 

B. Statistical Analysis

Our study used an explanatory sequential design. In Phase

1, the quantitative analysis of 56 students quantified 

technology adoption disparities. In Phase 2, qualitative 

narratives from experimental groups explained these patterns. 

This approach follows Nguyen et al.’s [48] framework of 

using sequential mixed methods to embed lived experiences 

in equity metrics, offering a comprehensive analysis of 

technology adoption and equity. 

Qualitative Analysis, a semi-open questionnaire 

administered to the experimental group (n = 28) in April 2025, 

revealed five high-frequency themes (75–85.71%). Thematic 

frequency analysis demonstrated robust alignment between 

students’ experiential feedback and core theoretical 

constructs aligned with FFT. 

Qualitative analysis identified five themes aligning with 

FFT, shown in Table 1, highlighting iWrite’s alignment with 

effective feedback practices. Instant Feedback (82.14%, e.g., 

automated grammar detection) and actionable Feedback 

Quality (82.14%, color-coded errors with explanations) 

embodied Black and Wiliam’s [1] and Sadler’s [40] 

principles of timely, diagnostic input. Self-regulation 

(85.71%, revision tree diagrams) reflected metacognitive 

scaffolding [20]. These validate iWrite’s efficacy in 

embedding  feedback  loops,  particularly  for  error 

diagnosis [49] and self-regulated revision, which is in line 

with the framework under FFT and iWrite. 

78.6% of students highlighted Deep Reflection, a 

metacognitive process complementing platform use, as 

essential for logical thinking. Although iWrite improved 

grammar and vocabulary, it did not affect critical thinking, 

underscoring the need for instructor-guided scaffolding to 

develop higher-order skills [4]. Peer assessment (75%), 
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integrating peer critiques with platform feedback, aligned 

with Vygotsky’s collaborative learning framework [50], 

emerging as an under-explored lever for writing development. 

While iWrite’s most substantial impacts lie in Self-regulation 

and error-focused Feedback Quality, Peer Assessment 

highlights opportunities to enhance collaborative design, 

warranting future research. The findings confirm the 

platform’s alignment with FFT, underscoring its role in 

fostering both individual and collaborative writing growth. 

Quantitative Analysis, qualitative analysis yielded 

precise results demonstrating the positive functions and 

impacts of iWrite on writing ability within FFT. 

Subsequently, a quantitative analysis was carried out. First, 

descriptive analysis was employed to compare the academic 

disparities between the experimental and control groups. 

Furthermore, reliability, validity analysis and regression 

analysis were conducted to precisely probe into the 

relationship between the utilization of iWrite and writing 

ability.

Descriptive Analysis, the baseline English vocabulary 

proficiency of the experimental and control groups, along 

with their pretest and posttest writing scores, provides critical 

contextual data for subsequent in-depth analysis. Table 2 

presents descriptive statistics for the control group, while 

Table 3 outlines corresponding metrics for the experimental 

cohort. These datasets establish a foundational comparison of 

initial skill levels and performance trajectories, enabling 

systematic evaluation of intervention effects. 

Table 2. Descriptive analysis of the control group 

Aspect n Min Max M SD 

CEFR Test 28 1 4 2.36 0.95 

Pretest score 28 50 75 67.68 5.74 
Posttest score 28 49 76 68.18 6.54 

Valid N 28 

Table 3. Descriptive analysis of the experimental group 

Aspect n Min Max M SD 

CEFR Test 28 1 5 3.36 1.22 

Pretest score 28 55 85 71.82 7.82 
Posttest score 28 53 91 79.11 9.91 

Valid N 28 

The descriptive analysis of the control group (n = 28) 

showed stable baseline characteristics with low individual 

variability in both CEFR vocabulary proficiency and writing 

performance. CEFR proficiency ranged from 1 to 4 (M = 2.36, 

SD = 0.95), indicating relatively homogeneous baseline 

language ability. Pretest writing scores (range: 50–75, M = 

67.68, SD = 5.74) reflected moderate initial writing 

proficiency with limited score dispersion. Post-intervention, 

writing scores remained nearly unchanged (range: 49–76, M 

= 68.18, SD = 6.54), showing a minimal mean increase of 

+0.50 (less than 1%) and a marginal SD increase of +0.80,

signaling stable variability. These results suggest that

traditional instruction yielded negligible improvements in

writing ability and failed to address individual learner needs,

confirming its limited efficacy in fostering skill development.

The experimental group (n = 28) had a moderate baseline 

CEFR vocabulary score (M = 3.36, SD = 1.22, range 1–5), 

reflecting heterogeneous language abilities. Pretest writing 

scores averaged 71.82 (SD = 7.82, range 55–85), rising to 

79.11 post-intervention (SD = 9.91, range 53–91), indicating 

substantial overall improvement. Writing scores showed a 

significant mean increase (ΔM = +7.29) alongside expanded 

variability (ΔSD = +2.09), suggesting differentiated learning 

effects: while most benefited, outcomes varied due to 

individual differences. Initial CEFR dispersion (SD = 1.22) 

mirrored this heterogeneity, highlighting diverse starting 

points. 

The experimental group (n = 28) showed substantial 

writing gains (ΔM = +7.29 vs. control ΔM = +0.50), with a 

significant effect (d = 1.24) [51]. These results align with 

FFT: real-time error correction drove iterative improvement, 

while adaptive scaffolding and self-regulation tools enabled 

personalized skill growth. Increased posttest variability (SD 

= 9.91 vs. 6.54) reflects iWrite’s tailored support for diverse 

learners. While validating the platform’s efficacy, these 

findings highlight the need to examine how learner 

differences (e.g., baseline proficiency) moderate its effects. 

Reliability and Validity Analysis, reliability, reflecting a 

tool’s internal consistency and stability [52], is critical for 

valid measurement. This study assessed the iWrite-enhanced 

writing development scale’s reliability across four 

dimensions (iWrite Utilization, Feedback Quality, 

Self-regulation and Writing Ability) using data from 56 

eighth-grade students. All dimensions demonstrated 

excellent internal consistency, with Cronbach’s α > 0.90, 

exceeding the .70 threshold for exploratory research [43]. 

The reliability analysis of the iWrite-enhanced writing 

development scale demonstrated exceptional internal 

consistency across its four dimensions, with an overall 

Cronbach’s α of .985 (N = 56; see Table 4). The iWrite 

Utilization subscale (α = 0.959) featured key items such as 

Instant Feedback (CITC = 0.951) and Proactively Modify 

Frequency (CITC = 0.953), reflecting strong consistency in 

measuring tool engagement. The Feedback Quality subscale 

(α = 0.930) was anchored by Targeted Feedback (CITC = 

0.917), indicating a reliable assessment of precise formative 

guidance provided by the platform. The Self-regulation 

subscale (α = 0.958) was dominated by Strategy Adjustment 

(CITC = 0.937), underscoring its validity in capturing 

Table 1. Key themes from questionnaire data based on Formative Feedback Theory 

Theme Frequency (%) Example Quote Formative Feedback Theory 

Instant Feedback 82.14 
“iWrite’s system provides 5-second feedback: red-underline 

grammar errors and score suggestions for quick review.” 
Immediate Feedback Theory [1] 

Feedback Quality 82.14 
“iWrite marks errors with colored labels; clicking reveals rules 

and examples to explain mistakes.” 
Actionable Feedback Framework [40] 

Self-regulation 85.71 
“Revising on iWrite produces change tree diagrams to boost my 

scores.” 
Self-Regulated Learning Model [20] 

Deep Reflection 78.57 
“Reviewing errors and fixes during writing deepens language 

logic understanding.” 
Reflective Cognition Theory [49] 

Peer Assessment 75 
“After finishing, peer input and iWrite’s feedback help enrich 

the essay further.” 
Zone of Proximal Development (ZPD) [50] 
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metacognitive adaptation processes. Lastly, the Writing 

Ability subscale (α = 0.923) was anchored by an Error 

Reduction Rate (CITC = 0.899), confirming its capacity to 

measure skill transfer outcomes. All items across subscales 

 

validating individual item reliability and contributing to the 

scale’s psychometric rigor. This robust measurement tool 

provides a solid foundation for future research exploring 

technology-mediated writing interventions. 

 
 

Table 4. Reliability analysis of iWrite-enhanced English writing (Cronbach’s α = 0.985, N = 56) 

Dimension Item CITC α if Deleted M SD Dimension α 

iWrite Utilization 

X1 Instant Feedback Intensity 0.951 0.983 2.61 1.734 

0.959 X2 Platform Frequency 0.951 0.983 2.61 1.681 

X3 Proactively Modify Frequency 0.953 0.983 2.55 1.640 

Feedback Quality 

M1-1 Timely Feedback 0.873 0.984 2.91 1.599 

0.930 M1-2 Clear Feedback Intensity 0.899 0.984 2.93 1.616 

M1-3 Targeted Feedback 0.917 0.984 2.86 1.495 

Self-regulation 

M2-1 Goal Setting 0.907 0.984 2.89 1.557 

0.958 M2-2 Strategy Adjustment 0.937 0.983 2.77 1.525 

M2-3 Reflection Depth 0.896 0.984 2.89 1.557 

Writing Ability 

Y1 Error Reduction Rate 0.899 0.984 3.02 1.601 

0.923 Y2 Structural Logicality 0.890 0.984 2.98 1.567 

Y3 Content Innovation 0.875 0.984 2.84 1.523 

Table 5. KMO and Bartlett’s test of factor analysis 

KMO and Bartlett’s Test 

Kaiser-Meyer-Olkin Measure of Sampling Adequacy. 0.787 

Bartlett’s Test of Sphericity 

Approx. Chi-Square 254.59 

df 3 

Sig. <0.001 

 
Table 6. Component Matrixaª of factor analysis 

Component Matrixaª 

 Component 1 

Instant Feedback 0.984 

Platform Frequency 0.979 

Proactively Modify Frequency 0.982 

Extraction Method: Principal Component Analysis 

a: 1 component extracted. 
 

As shown in Table 5, The factor analysis for the 

independent variable iWrite Utilization (X) demonstrated 

adequate data suitability, with a Kaiser-Meyer-Olkin (KMO) 

measure of 0.787 (indicating sampling adequacy) and a 

significant Bartlett’s Test of Sphericity (χ² = 254.59, df = 3, 

p < 0.001), confirming sufficient inter-correlations among 

variables for factor extraction [53, 54]. 

Principal component analysis (PCA) of the independent 

variable revealed a unidimensional structure, as shown in 

Table 6, with all three items, Instant Feedback (X1) = 0.984, 

Platform Frequency (X2) = 0.979, and Proactively Modify 

Frequency (X3) = 0.982, loading exceptionally high (> 0.97) 

on Component 1. These items indicate that iWrite 

Utilization (X) is a cohesive construct dominated by a single 

latent factor, technology engagement intensity, explaining 

96.3% of the total variance (sum of squared loadings). The 

results validate the structural validity of the measurement 

model, with principal component extraction confirming 

parsimonious dimensionality. 

Table 7. Exploratory factor analysis results 

Dimension Component Matrix Component Loading Communality KMO Bartlett’s Test (χ²(df)/p) 

iWrite 

Utilization 

X1 Instant Feedback intensity 0.984 0.969 

0.787 254.59(3)/ < 0.001 X2 Platform Frequency 0.979 0.958 

X3 Proactively Modify Frequency 0.982 0.965 

Feedback 

Quality 

M1-1 Timely Feedback 0.956 0.914 

0.768 153.962(3)/ < 0.001 M1-2 Clear Feedback Intensity 0.956 0.913 

M1-3 Targeted Feedback 0.939 0.881 

Self-regulation 

M2-1 Goal Setting 0.947 0.896 

0.774 151.081(3)/ < 0.001 M2-2 Strategy Adjustment 0.951 0.904 

M2-3 Reflection Depth 0.952 0.906 

Writing Ability 

Y1 Error Reduction 0.947 0.896 

0.772 147.977(3)/ < 0.001 Y2 Structural Logic 0.952 0.907 

Y3 Content Innovation 0.945 0.893 

 

The factor structures for Feedback Quality (M1), 

Self-regulation (M2), and Writing Ability (Y) were validated 

via Kaiser-Meyer-Olkin (KMO) tests, Bartlett’s sphericity 

tests, and principal component analysis (PCA). As 

illustrated in Table 7, for M1, the KMO value of .768 

(meritorious [53]) and significant Bartlett’s test (p < 0.001) 

confirmed sampling adequacy and intercorrelations. A 

single common factor explained 90.3% of the variance 

(loadings > 0.93), affirming uni-dimensionality across 

timeliness, clarity, and relevance [44]. Similarly, M2 (KMO 

= 0.774; Bartlett’s test, p < .001) demonstrated a unified 

latent structure (loadings > 0.94), validating Self-regulation 

as a cohesive construct integrating goal setting, strategy 

adjustment, and reflection [55]. For Y, the KMO of .772 and 

significant Bartlett’s test (p < 0.001) supported factor ability 

(loadings > 0.94), indicating that Error Reduction, Structural 

Logic, and Content Innovation collectively represent 

multidimensional Writing Ability [56]. 

The extraction of a single common factor via PCA 

retained 89.9% of the variance, enhancing model parsimony 

without sacrificing critical information [57]. Significant 

Bartlett’s tests (p < 0.001) for all constructs rejected variable 

independence, validating the factor model’s applicability. 

These results align with FFT: M1’s unidimensionality 
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exhibited CITC values exceeding the 0.30 threshold [44], 



reflects the interdependence of feedback attributes [5], while 

M2’s synergy operationalizes Zimmerman’s SRL model. 

For Y, the aggregated structure underscores writing 

competence as a multifaceted yet unified outcome, 

advancing theoretical models of technology-mediated skill 

development [58]. 

Regression analysis, after confirming the validity of the 

four key variables—iWrite Utilization (X), Feedback 

Quality (M1), Self-regulation (M2), and Writing Ability 

(Y)—through factor analysis, this study used regression 

analysis to explore how iWrite improves writing. Using 

Hayes’ method [59], we tested how M1 and M2 mediate the 

relationship between iWrite use and writing gains. This 

approach moves beyond simple correlations to explain why 

iWrite’s feedback-driven design works, linking theory to 

measurable results. 

Table 8. Regression coefficients for mediation models 

Model Predictor B SE β t 95% CI p R² F 

M1 
Constant 0.73 0.14 – 5.21 [0.45, 1.01] < 0.001*** 

0.86 333.20*** 
X 0.84 0.05 0.93 18.25 [0.74, 0.93] < 0.001*** 

M2 

Constant 0.44 0.14 – 3.04 [0.15, 0.73] 0.004** 

0.90 239.41*** X 0.55 0.10 0.62 5.32 [0.34, 0.75] < 0.001*** 

M1 0.34 0.11 0.35 3.00 [0.11, 0.57] 0.004** 

Y 

Constant 0.48 0.18 – 2.59 [0.11, 0.85] 0.012* 

0.87 112.77*** 
X 0.40 0.15 0.44 2.64 [0.09, 0.70] 0.011* 

M1 −0.03 0.15 −0.03 -0.23 [−0.33, 0.26] 0.821 

M2 0.54 0.16 0.53 3.33 [0.21, 0.86] 0.002** 

Total Effect 
Constant 0.83 0.15 – 5.44 [0.52, 1.13] < 0.001*** 

0.84 273.44*** 
X 0.82 0.05 0.91 16.54 [0.72, 0.92] < 0.001*** 

Notes. ***p < 0.001, **p < 0.01, *p < 0.05; 95% confidence intervals (CI) in brackets. The total effect model shows the direct and indirect paths of X on Y. 

Bootstrap confidence intervals (5000 samples) for indirect effects are reported in the text. 

   

 

    

     

      

           

  

   

 

 

  

   

       

        

 

       

  

      

  

      

   

  

       

    

 

  

 

feedback, and strategy adjustment, offering an empirical 

framework for digital learning. 

Fig. 4. Dual mediation pathways in iWrite-enhanced writing feedback. 

iWrite Utilization strongly predicts Feedback Quality (X 

→ M1, β = 0.93, p < 0.001), explaining 86% of its variation,

showing the platform’s key role in structured feedback [41].

Features like automated grammar checks provide timely,

consistent feedback (e.g., corrections, style tips), guiding

learners even if not directly improving writing ability [5].

Feedback Quality indirectly affects Writing Ability 

through Self-regulation (M1 → M2 → Y, B = 0.154, 95% CI 

[0.004, 0.315]). Detailed feedback triggers strategy changes 

(e.g., revising outlines), matching self-regulated learning 

theory [2]. Self-regulation has the most substantial direct 

effect on Writing Ability (M2 → Y, β = 0.53, p < 0.01), 

confirming that active feedback processing drives skill gains 

[60]. 

iWrite use also directly improves Writing Ability (X → Y, 

β = 0.44, p = 0.011), likely through features like auto-scoring 

and peer review that boost fluency via low-stakes practice 

[6]—an effect separate from Feedback Quality or 

Self-regulation. 

The findings show three key pathways: 1) direct impact, 

iWrite Utilization directly enhances Writing Ability (X → Y, 

β = 0.44, 95% CI [0.09, 0.70]); 2) behavior-driven pathway, 

iWrite Utilization indirectly enhances writing ability through 

Self-regulation (X → M2 → Y, β = 0.33, 95% CI [0.033, 

0.625]); 3) chained mediation pathway, Feedback Quality 

acts as a precursor to Self-regulation (X → M1 → M2 → Y, β 
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The study examined the hypothesized mediation model 

whereby X influences Y through M1 and M2, employing 

hierarchical regression and bootstrap mediation analysis with 

5,000 resamples. Results, illustrated in Table 8, revealed a 

robust direct effect of X on M1, as iWrite Utilization 

significantly predicted Feedback Quality (B = 0.84, β = 0.93, 

p < 0.001), explaining 86% of its variance (R²= 0.86, F(1, 54)

= 333.20, p < 0.001). For Self-regulation (M2), both X (B =

0.55, β = 0.62, p < 0.001) and M1 (B = 0.34, β = 0.35, p =

0.004) emerged as significant predictors, with the combined 

model accounting for 90% of M2’s variance (R²= 0.90, F(2, 

53) = 239.41, p < 0.001), indicating partial mediation of X’s 

effect on M2 via M1.

In the complete model predicting Writing Ability (Y), 

which explained 87% of the variance (R²= 0.87, F(3, 52) =

112.77, p < 0.001), X retained a significant direct effect on Y

(B = 0.40, β = 0.44, p = 0.011), independent of mediators. M2

strongly predicted Y (B = 0.54, β = 0.53, p = 0.002), 

confirming its role as the primary mediator. Notably, M1

showed no direct effect on Y (B = −0.03, β = −0.03, p = 0.821), 

though it influenced Y indirectly through its effect on M2.

The total effect of X on Y was significant (B = 0.82, β =

0.91, p < 0.001), explaining 84% of Y’s variance in the 

unmediated model (R²= 0.84, F(1, 54) = 273.44, p < 0.001). 

Bootstrap analyses identified two key indirect pathways: a 

direct mediation effect through M2 (B = 0.296, 95% CI 

[0.030, 0.553], standardized β = 0.33) and a serial mediation 

effect through M1 → M2 → Y (B = 0.154, 95% CI [0.004, 

0.315], standardized β = 0.172). The total indirect effect (B =

0.45, 95% CI [−0.048, 0.710]) indicated partial mediation, 

accounting for 54.9% of the total effect, thus supporting the 

model’s hypothesized mediational mechanisms with 

Self-regulation as the pivotal pathway.

As demonstrated in Fig. 4, this study builds a model based 

on FFT, revealing how iWrite Utilization (X) improves 

Writing Ability (Y) through Feedback Quality (M1) and 

Self-regulation (M2). Technology-supported writing 

development relies on interactions between tool use, 



  

= 0.17, 95% CI [0.004, 0.357]). The lack of a direct feedback 

effect (M1 → Y) supports the idea that feedback’s impact 

depends on learner engagement [8]. Together, these insights 

highlight how technology, feedback, and learner actions 

interact, guiding the design of innovative writing tools that 

balance feedback with strategy support. 

C. Discussion and Finding 

Based on FFT and in combination with the application of 

iWrite, following an eight-week-long experiment and 

research, we conducted descriptive and statistical analyses of 

the data collected from students. Eventually, we arrived at 

conclusions regarding the research questions. 

Q1: How can FFT be systematically integrated with the 

iWrite platform’s functionalities? The iWrite platform 

integrates FFT via two core mechanisms, Feedback Quality 

and Self-regulation support, to boost writing proficiency. The 

three-tiered feedback, aligned with Hattie & Timperley’s [41] 

feedback hierarchy (e.g., error highlighting, coherence 

prompts) in accordance with FFT’s goal [40], as Smith et al. 

validated its effectiveness in improving accuracy and 

coherence [61]. Metacognitive tools (e.g., progress 

dashboards) foster self-regulation, promoting autonomous 

learning (85.71% engagement), as Jones and Lee emphasized 

[62]. Thus, iWrite’s FFT integration aligns with theory and 

contemporary research, offering a robust model for 

enhancing writing outcomes [5]. 

Q2: Does the FFT-aligned use of iWrite improve 

students’ writing proficiency? The FFT-aligned use of the 

iWrite platform significantly improves students’ writing 

proficiency, demonstrating significant practical and 

statistical effects. Practically, the experimental group 

achieved substantial proficiency gains (ΔM = +7.29) 

compared to the control group (ΔM = +0.50), with a large 

effect size (d = 1.30). This result aligns with Chen et al. [4], 

who found AI-powered feedback significantly enhanced 

writing accuracy in Chinese EFL contexts. Statistically, 

regression analysis revealed a robust total effect of iWrite 

utilization on writing ability (β = 0.91, p < 0.001), explaining 

84% of the variance. These results align with FFT’s core 

tenets [40] and Black and Wiliam’s principle [1] of timely, 

diagnostic feedback to close performance gaps.   

Q3: What mechanisms explain how iWrite enhances 

writing outcomes? The iWrite platform improves writing 

outcomes via three validated mechanisms: 1) direct impact, 

iWrite Utilization enhances writing skills (X → Y, β = 0.44, 

48.4% of the total effect), aligning with theories on cognitive 

load reduction and AI-supported skill acquisition [63, 64]; 2) 

behavior-driven pathway, iWrite strengthens Writing Ability 

through Self-regulation (X → M2 → Y, β = 0.33, 36.3% of the 

total effect), which aligns with Zimmerman’s SRL model [2] 

and AI-analytics research on strategy refinement [36]; 3) 

chained mediation pathway, error tagging from iWrite 

(82.14% adoption) improves actionable feedback (β = 0.35, p 

< 0.01), which indirectly boosts Self-regulation, then finally 

improve Writing Ability (X → M1 → M2 → Y, β = 0.17, 

18.7% of the total effect), per Nicol and Macfarlane-Dick’s 

       

 

 

Beyond addressing key research questions, additional 

discussions and findings cover the validity framework, bias 

control, AI limitations, and teacher capacity building. While 

the findings of this study are grounded in Chinese EFL 

contexts, its validity framework supports cross-context 

applicability: 1) CEFR-aligned assessments provide 

standardized benchmarks [34]; 2) FFT principles, such as 

diagnostic feedback and self-regulation, are culture-agnostic 

[2]; 3) similar effect sizes (d = 0.73) have been replicated in 

studies by Hattie and Timperley [41]. 

This study’s tripartite validation framework, incorporating 

behavioral log triangulation, temporal anchoring, and blind 

verification [20], successfully constrained residual bias to 

19.7 %, significantly below the 35 ± 8% average in the field 

[17]. However, deeper analysis reveals persistent challenges: 

iWrite’s gamified interface elements (e.g., progress 

dashboards in Fig. 3, class rankings) inadvertently induced 

overreporting of strategy adoption among students due to 

“perceived usefulness inflation” [67], resulting in a 5.4% gap 

between self-reported revision rates (85.7%) and 

system-logged executions (80.3%).  

Additionally, while iWrite effectively corrects 

grammatical errors, its NLP engine struggles with culturally 

grounded expressions in Chinese EFL writing—misflagging 

terms like “Gaokao” and metaphors such as “add 

oil”—leading to a 12% scoring penalty for culturally rich 

content compared to human evaluations, which reflects 

limitations in processing contrastive rhetoric [4]. 

Given these tool-related constraints, effective hybrid 

instruction requires teacher training in three domains: 1) 

navigating AI tools and calibrating platform settings (e.g., 

error-tagging sensitivity) to reduce misconfiguration rates; 2) 

prioritizing feedback to address AI gaps in areas like cultural 

nuance and argument depth; 3) providing metacognitive 

scaffolding, translating AI diagnostics into self-regulation 

goals using Zimmerman’s SRL model [2]. 

V. CONCLUSION 

The iWrite platform, grounded in FFT, enhances junior 

high students’ English writing through three mechanisms: 1) 

direct skill-building (β = 0.44, 48.4% of total effect) via 

AI-driven iterative practice, reducing cognitive load; 2) 

self-regulation scaffolding (β = 0.33, 36.3%) through 

metacognitive tools (85.7% used multi-draft analytics); 3) 

feedback-mediated pathways (β = 0.17, 18.7%) where 

three-tiered feedback (language, discourse, genre) improved 

error reduction (82.1% adoption). Empirical results show 

large practical gains (ΔM = +7.29 vs. control ΔM = +0.50, d = 

1.24) and robust explanatory power (β = 0.91, R² = 0.84, p < 

0.001). Qualitative data confirm FFT’s principles, with 

learners linking self-regulation to revisions and actionable 

feedback. iWrite exemplifies AI’s role in balancing 

structured guidance with learner autonomy, urging future 

research on cross-context adaptability and long-term 

retention. 

This study offers initial evidence for iWrite’s efficacy. 

However, it has three key methodological limitations: 1) a 

small sample (N = 56) and short 8-week intervention reduce 

statistical power for subgroup analyses and obscure 

long-term effect decay; 2) subjectivity in thematic analysis of 

open-ended responses (e.g., coding “Self-regulation”) may 
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principles [20]. Collectively (R²= 0.84, β = 0.91, p < 0.001), 

these mechanisms operationalize FFT, positioning iWrite as 

an AI model that merges diagnostic tools with metacognitive 

scaffolding to foster autonomous writing growth [65, 66].



  

introduce interpretation bias; 3) and experimental group 

teachers’ platform training potentially added extra guidance 

beyond the AI feedback (e.g., supplemental grammar 

explanations).  

Despite these limitations, educators should adopt tools 

combining diagnostic feedback (e.g., contextual error tagging) 

and metacognitive scaffolds (e.g., goal-setting prompts), as 

85% of students cite instructor-guided reflection as vital for 

logical thinking—offsetting AI’s limits in higher-order skills. 

EdTech developers need to balance auto-scoring efficiency 

with collaborative features (e.g., peer rubrics) to align with 

social learning principles. iWrite’s FFT-TELL integration 

shows how theory-driven design fosters autonomous writing 

growth, providing a scalable model. Future research should 

prioritize: 1) quantifying teacher training efficacy via 

Randomized Controlled Trials (RCTs); 2) cross-cultural 

validation of bias reduction; 3) longitudinal tracking of skill 

transfer to spoken discourse. This research shifts EdTech 

from error-correction to proactive competence 

cultivation—AI handles efficiency, teachers nurture intellect. 
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