
 

 

 

Journal of Educational Technology and Innovation 

https://jeti.thewsu.org/index.php/cieti 

 

 

Copyright: © 2026 by the authors. This is an open access article under the terms and conditions of the Creative Commons 
Attribution (CC BY) license (https://creativecommons.org/licenses/by/4.0/). 
Publisher’s Note: Scilight stays neutral with regard to jurisdictional claims in published maps and institutional affiliations. 

Article 

Transforming Learning through Productive Failure: A 
Multi-Dimensional Framework for Fairness in Education 
Jing Liu 1, Junjie Yan 1, Xiaonan Luo 1, Wanni Chen 2 and Xueliang Li 3,* 
1 Department of Educational Technology, College of Education, Wenzhou University, Wenzhou 325035, China 
2 Wenzhou University Affiliated School, Wenzhou 325035, China 
3 Aksu Vocational and Technical College, Wensu Town, Wensu County, Aksu 843100, China 
* Correspondence: 1808610551@qq.com; Tel.: +86-15258789292 

How To Cite: Liu, J., Yan, J., Luo, X., Chen, W., & Li, X. (2026). Transforming Learning through Productive Failure: A Multi-Dimensional 
Framework for Fairness in Education. Journal of Educational Technology and Innovation, 8(3), 35–51. https://doi.org/10.61414/bsq6e774 

Received: 8 April 2026 
Revised: 12 July 2026 
Accepted: 20 August 2026 
Published: 30 September 2026 

Abstract: High-stakes testing and standardized instruction have long dominated 
education environments. They often place students with learning difficulties on 
learning tracks with low-cognitive tasks and low classroom participation. This trend 
further aggravates educational inequality. Research on fairness in education has 
gradually shifted its focus from resource allocation to the quality of learning 
processes. However, most current classroom practices still adopt an “error-
prevention instruction” approach oriented toward reducing mistakes and 
maintaining accuracy rates. This approach limits learners’ deep cognitive 
development. Against this background, this study takes the theory of productive-
failure instruction (Productive Failure, PF) as its core. It re-examines the transition 
of students with learning difficulties from the perspective of fairness in education. 
It combines literature analysis, conceptual analysis, and theoretical deduction to 
systematically explore the internal mechanisms through which productive-failure 
instruction promotes the cognitive development of students with learning 
difficulties. This study holds that students with learning difficulties are not a group 
with fixed ability deficits. They are a group of “developmental differences” that 
long stay in environments with low-quality cognitive engagement. Compared with 
traditional error-prevention instruction, productive-failure instruction works 
through three mechanisms: cognitive conflict, delayed instruction, and knowledge 
reconstruction. It promotes learners’ deep conceptual understanding and transfer of 
learning. On this basis, this study further proposes a four-dimensional classroom 
transformation model of productive failure for fairness in education. The model 
reshapes the classroom learning ecology. It provides new theoretical explanations 
and practical pathways for the transition of students with learning difficulties and 
the practice of fairness in education. 

 Keywords: productive-failure instruction; transition of students with learning 
difficulties; fairness in education; classroom reform 

1. Introduction 

In the process of education modernization, narrowing learning outcome gaps while expanding educational 
opportunities has become a key topic in research on fairness in education. Education access continues to improve, 
but ability gaps between learners have not narrowed accordingly. The gaps even widen in education contexts with 
high-stakes testing systems (Strello et al., 2021) and obvious socioeconomic stratification (Sandsør et al., 2023). 
Against this background, policy adjustments on education quality and fairness across countries essentially reflect 
the structural limitations of standardized instruction systems in addressing student diversity. 
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In specific teaching practices, this problem manifests prominently as a “low-cognitive-load orientation” in 
classroom logic. Teachers oversimplify knowledge content to prevent students from making mistakes. This 
approach formally ensures the completion of learning tasks, but keeps students with weak foundations stuck in 
low-level repetitive training for a long time. They can hardly achieve substantive development of their cognitive 
structure (Li et al., 2021). This phenomenon is not limited to a single country. It widely exists in education systems 
that emphasize unified progress and standardized evaluation. A fairness in education report by De Bortoli et al. 
(2023) shows that the coefficient of academic variation in China’s basic education stage is still higher than the 
average of Nordic countries. This difference not only reflects uneven regional development but also reveals the 
general dilemma of unified teaching paradigms in addressing cognitive differences. 

As an important theoretical breakthrough in cognitive science, productive-failure instruction follows a three-
stage mechanism: “cognitive conflict–independent inquiry–collaborative argumentation” (Kapur, 2015). It 
provides a new path to break through this dilemma. The theory emphasizes that introducing complex problems at 
the early stage of learning and allowing learners to experience failure can activate higher-level cognitive processing 
and thus promote knowledge reconstruction and transfer. However, when this student-centered, trial-and-error-
based learning approach is introduced into real classrooms, it will generate a series of structural conflicts with 
existing teaching logic. On the one hand, traditional instruction treats knowledge as a stable, transferable object. 
Productive-failure instruction understands knowledge as a dynamic cognitive construction process generated in 
problem situations (Loibl et al., 2017). This difference changes the definition of “knowledge sources” in the 
classroom. On the other hand, teacher-centered instruction relies on clear guidance and standard answers to ensure 
the certainty of learning outcomes. Failure-based learning emphasizes exploration processes and multiple solution 
paths. Its learning value often emerges gradually in delayed feedback (Schwartz et al., 2011). This requirement 
clearly mismatches the demand for immediate measurability in high-stakes testing systems. In this context, failure 
can be both an opportunity for cognitive development and a perceived learning risk. For this reason, people 
systematically avoid failure in teaching practice. Existing studies have revealed the constraints on the 
transformation of productive failure theory from the perspectives of emotional culture (Chen et al., 2024), 
classroom power structure (Lee & Kim, 2019), and examination system constraints (Xu & Lu, 2022). But on the 
whole, there is still a lack of an analytical framework that integrates the cognitive mechanisms of students with 
learning difficulties and the goal of fairness in education. 

The rapid development of artificial intelligence technology has further changed the ways of knowledge 
acquisition and learning support structures in classrooms. On one hand, artificial intelligence can provide 
personalized feedback and dynamic scaffolding based on learners’ behavioral data. It offers more precise cognitive 
support for students with learning difficulties (Zawacki-Richter et al., 2019). On the other hand, if people only use 
artificial intelligence for quick error correction and answer generation, it may reduce the space for learners to 
experience cognitive conflict and generate diverse solutions (Khalil & Er, 2023). This will weaken the deep 
cognitive processing process on which productive failure depends. Therefore, against the background of deep 
integration of artificial intelligence into classrooms, balancing the relationship between “support and exploration” 
and between “efficiency and cognitive generation” has become an important premise for re-examining productive-
failure instruction. It is necessary to elevate “productive failure” from a single teaching strategy to a mechanism 
of fairness in education for investigation. 

This study aims to reveal the internal logic of the transition of students with learning difficulties driven by 
productive-failure instruction, and provide a theoretical basis and a practical framework for classroom reform. Its 
significance is reflected in three aspects: 
(1) Theoretical level: It breaks through the limitation of traditional research on students with learning difficulties that 

focuses on compensatory support. It constructs a three-in-one theoretical model of “cognitive reconstruction–
social negotiation–fair development”, and expands the practical connotation of fairness in education. 

(2) Strategic level: Based on productive failure theory, formative assessment, and research on artificial 
intelligence-supported learning, it constructs a “four-dimensional classroom transformation model” covering 
space, time, technology, and evaluation. It addresses the long-term problem of low cognitive challenge and 
low classroom participation for students with learning difficulties, and provides operable classroom 
implementation paths for teachers to carry out deep learning-oriented instruction. 

(3) Practical level: Focusing on teacher education, school evaluation, and classroom implementation mechanisms, 
it proposes practical pathways such as cultivating implementation capacity for fairness in education, building a 
value-added fairness assessment system, and optimizing productive-failure instruction. It promotes productive-
failure instruction to shift from a partial classroom strategy to a systematic education reform practice. 
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2. Literature Review 

2.1. Causes of Learning Difficulties among Students 

The issue of students with learning difficulties is a long-standing topic in education. Its causes show multi-
dimensional interactive characteristics. Most existing studies agree that learning difficulties result from the combined 
effect of individual internal factors and external environmental conditions (Yan et al., 2025). With the continuous 
penetration of artificial intelligence technology into education, this mechanism is being further reshaped. 

From the perspective of internal factors, the lack of learning goals, insufficient self-regulation ability, and 
weak cognitive structure form the core mechanism of learning difficulties. Vague learning goals weaken the 
directionality and sustainability of learning behaviors. Goal setting and reflection can significantly improve 
academic performance (Morisano et al., 2010). Insufficient self-regulation ability manifests as defects in planning, 
monitoring, and metacognitive regulation. It has a direct impact on the use of learning strategies and learning 
effectiveness (Panadero et al., 2017). Weak cognitive structure is reflected in insufficient prior knowledge and 
solidified misconceptions. It limits the integration and transfer of new knowledge (Simonsmeier et al., 2022). In 
digital learning environments, these problems are often further amplified. For example, online learning requires 
learners to have stronger self-regulation ability. Otherwise, they easily fall into inefficient participation under 
information overload and fragmented learning (Broadbent & Poon, 2015). Meanwhile, although artificial 
intelligence-driven personalized recommendations can make up for learners’ knowledge gaps, their adaptation 
mechanism based on existing performance may solidify low-level learning paths and limit the improvement of 
students’ cognitive level (Pelánek et al., 2024). 

From the perspective of external factors, insufficient family support, a single school teaching mode, and uneven 
distribution of social resources constitute important situational conditions for learning difficulties. Lack of family 
supervision affects students’ learning engagement by reducing learning support and educational expectations  
(Mao et al., 2020). The teaching mode in schools, characterized by unified progress and mechanical training, keeps 
some students on low-gain learning tracks for a long time by limiting cognitive challenges and differentiated support 
(Furtak et al., 2012). Differences in socioeconomic status and educational resources affect learning opportunities at a 
more macro level and may lead to the continuous widening of academic gaps (Nieuwenhuis & Hooimeijer, 2016). In 
addition, against the background of technology intervention, the digital divide has gradually shifted from “access 
differences” to “use quality differences”. Disadvantaged student groups still remain in an unfavorable position in 
obtaining and effectively using high-quality learning resources (Hadjar & Naumann, 2025). 

2.2. Theoretical Progress of Productive-Failure Instruction 

Manu Kapur proposed the productive failure (PF) theory in 2006. Its core assumption is that “experiencing 
failure in problem solving without scaffolding support can promote deep transfer of subsequent conceptual 
learning”. The development of this theory can be divided into three stages: Mechanism exploration stage (2006–
2012): Through mathematics problem-solving experiments, researchers confirmed that the PF group performed 
significantly better than the direct instruction group in conceptual understanding and transfer ability. Key design 
principles include “delayed instruction”, “diverse solution generation,” and “cognitive conflict stimulation” 
(Kapur, 2014). Interdisciplinary verification stage (2013–2020): Research expanded to STEM education, language 
learning, and maker education (Nachtigall et al., 2020). Refined design stage (2021–present): Focusing on the 
boundary conditions of PF, scholars put forward the concept of “micro-failure” and a task difficulty calibration 
model (Sinha & Kapur, 2021). 

Although PF shows the potential to promote deep learning in many studies, its applicability still faces 
important controversies. Cognitive load theory points out that without necessary scaffolding, complex problems 
may exceed beginners’ cognitive capacity and reduce learning efficiency (Kirschner et al., 2006). For example, in 
learning environments with minimal guidance, beginners perform significantly worse than learners receiving direct 
instruction in complex problem-solving tasks. The reason is that cognitive resources are overconsumed in 
ineffective search processes (Ashman et al., 2020). The constructivist perspective argues that failure experience is 
an important condition for knowledge reconstruction. Moderate cognitive conflict helps activate deep processing 
(Kapur, 2008). A study by Loibl et al. (2020) shows that moderate cognitive conflict prompts learners to re-
examine their original cognitive framework. By identifying structural differences and conceptual gaps between 
solutions, it enhances learners’ understanding of deep features of knowledge and transfer ability. This 
disagreement essentially reflects the balance between “intensity of guidance” and “space for exploration”. 

Further studies show that the effect of PF highly depends on learner characteristics and task design conditions 
(Nachtigall et al., 2020; Sinha & Kapur, 2021). In recent years, research has gradually shifted from “whether it 
works” to “under what conditions it works”. For example, learners at different age stages have different perceptions 
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and coping styles toward failure. Younger students are more likely to attribute failure to insufficient ability and 
develop avoidance behaviors. Older students are more likely to regard failure as an opportunity for strategy 
adjustment (Metcalfe, 2017). In addition, Loibl et al. (2017) found through experimental research that subsequent 
instruction can effectively promote conceptual understanding only when learners generate diverse solutions during 
the failure stage. Otherwise, failure may only bring frustration rather than learning benefits. Today, artificial 
intelligence technology can provide result-oriented prompts or even directly generate solutions based on learners’ 
immediate performance. Although this can improve task completion efficiency to a certain extent, it may reduce 
learners’ independent exploration time during the failure stage. It weakens their comparison of different solution 
paths and deep cognitive processing. Conversely, when artificial intelligence is used to record different problem-
solving paths, delay key feedback, and support peer comparison of solutions, it helps preserve cognitive conflict 
in the failure process and thus promotes subsequent conceptual construction (Ouyang & Zhang, 2024). 

2.3. Realizing Productive-Failure Classrooms for Fairness in Education 

Realizing productive failure in classroom situations depends not only on the teaching strategy itself, but also on 
the redistribution of learning opportunities and cognitive engagement oriented by fairness in education. Fairness in 
education is not an external condition for PF. It is the internal mechanism for its realization. Only by expanding 
learning opportunities at the starting point, improving cognitive engagement in the process, and ensuring development 
space in evaluation can classrooms truly provide sustainable conditions for “productive failure” to occur. 

At the learning starting point level, a fairness orientation requires lowering the threshold for learners to enter 
complex tasks through the redistribution of resources and support (Tan, 2024). For example, China’s “three types 
of classrooms” (delivery classrooms, famous teacher classrooms, and famous school online classrooms) expand 
opportunities for students in disadvantaged areas to access high-quality problem situations and diverse solutions 
through online sharing of high-quality resources (Sun et al., 2024). This provides basic conditions for the “multiple 
solution generation” on which PF depends. The key to this mechanism does not lie in resource transmission itself. 
It lies in the opportunity space it provides for students to access complex problems and try multi-path solutions. 

At the learning process level, the effective implementation of PF depends on the reconstruction of the learning 
participation structure. Studies show that with online collaboration platforms and learning management systems, 
teachers can organize inter-school collaborative learning, share generative tasks, and support multi-solution 
comparison. This helps enhance the depth of students’ cognitive engagement during the failure stage (Meyer et 
al., 2023). Meanwhile, technology-supported formative assessment can provide immediate feedback for students. 
It helps them turn failure experience into reflective learning resources, so as to prevent failure from remaining as 
“ineffective frustration”. 

At the evaluation and outcome level, fairness in education requires weakening the constraints of a single 
summative assessment on learning paths and providing institutional space for exploratory learning (Tai et al., 
2018). Relevant studies show that excessive reliance on standardized testing and stratified teaching tends to limit 
students’ opportunities to participate in high-challenge tasks and strengthen the differentiation of learning paths 
(Terrin & Triventi, 2023). In contrast, an evaluation system combining process evaluation and dynamic feedback 
is more conducive to supporting students’ continuous development in the cycle of attempt–failure–revision. 

3. Research Methodology 

This study belongs to conceptual/theoretical research. It aims to re-examine the internal logic of the transition 
of students with learning difficulties driven by productive-failure instruction from the perspective of fairness in 
education, and construct a practical framework for classroom reform on this basis. Compared with empirical 
research centered on variable testing, conceptual research emphasizes forming explanatory mechanisms and 
practical models for complex educational phenomena through systematic literature integration, theoretical 
deduction, and framework construction (Jaakkola, 2020). 

On the basis of literature analysis, the theoretical analysis part mainly adopts a combination of conceptual 
analysis and theoretical deduction. Relevant studies show that theoretical deduction can help educational research 
shift from fragmented phenomenon description to mechanistic explanation, thus enhancing the theoretical 
explanatory power and conceptual innovation of research (Allen-Platt et al., 2021). Therefore, this study does not 
regard “students with learning difficulties” as a group with fixed ability deficits. It redefines the concept of 
“students with learning difficulties” by deducing the paradigm of fairness in education, and puts forward the 
explanatory framework of “developmental differences”. Meanwhile, based on productive failure theory, cognitive 
conflict theory, formative assessment theory, and fairness in education theory, this study conducts theoretical 
deduction on the internal logic among “cognitive conflict–knowledge reconstruction–developmental fairness”. 
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The focus of this part is not to verify variable relationships. It explains why traditional “error-prevention fairness” 
leads to cognitive impoverishment of students with learning difficulties, and why productive-failure instruction 
can realize procedural fairness at the classroom level through cognitive activation, delayed instruction, and social 
negotiation mechanisms. 

In the strategic analysis part, this paper mainly adopts the inductive approach. Inductive framework 
construction in educational research helps transform scattered teaching strategies into systematic, practical models, 
thus improving the classroom explanatory power and application value of theory (Mu et al., 2022). Therefore, on 
the basis of the aforementioned theoretical analysis, combined with domestic and foreign research results on 
classroom cognitive activation, spatial organization, artificial intelligence-supported learning, and formative 
assessment, this study summarizes and integrates the key implementation elements in productive-failure 
classrooms. It further proposes the “four-dimensional classroom transformation model”, which systematically 
reconstructs productive-failure classrooms from four dimensions: space, time, technology, and evaluation. Among 
them, the spatial dimension emphasizes the reconstruction of classroom power relations. The temporal dimension 
emphasizes stepped failure teaching design. The technical dimension emphasizes precise support for cognitive 
exploration by generative artificial intelligence. The evaluation dimension emphasizes the establishment of a 
value-added fairness assessment system. This model not only responds to the long-standing problem in PF research 
of “effective in theory but difficult to implement in classrooms”, but also expands the practical path of fairness in 
education from resource compensation to cognitive empowerment. 

In the practical analysis part, this paper adopts a combination of “theoretical deduction–practical derivation” 
to systematically analyze the implementation path of productive-failure instruction in educational practice. Some 
studies point out that the important value of educational theory research lies not only in explaining educational 
phenomena, but also in providing operable institutional paths and practical solutions for education reform 
(Hanushek, 2003). Therefore, based on the aforementioned theoretical framework and classroom transformation 
model, this study further carries out practical derivation from the aspects of teacher education curriculum reform, 
school quality evaluation mechanism reconstruction, and education policy support. It elevates productive-failure 
instruction from a partial classroom strategy to a practical path of fairness in education with institutional value. 

In summary, through the research path combining literature analysis, theoretical deduction, and induction, 
this study gradually forms a three-in-one research framework of “theoretical mechanism–classroom model–
practical path”. It is expected to provide explanatory and practical theoretical support for research on the transition 
of students with learning difficulties in the context of fairness in education. 

4. Theoretical Analysis of the Transition of Students with Learning Difficulties Driven by Productive-
Failure Instruction 

4.1. Strategic Guidance: The Policy Coordination of the Transition of Students with Learning Difficulties in the 
Context of Building a Leading Country in Education 

4.1.1. Decoding the View of Fairness in Education 

The contemporary framework of fairness in education takes “education for all” as its core orientation. People 
no longer narrowly equate fairness with the allocation of enrollment opportunities and educational resources. 
Instead, fairness focuses simultaneously on the process quality and outcome quality of teaching. For students with 
learning difficulties, the view of fairness in education should evolve from coverage-oriented opportunity fairness 
to “quality justice”. This quality justice centers on the three-in-one process quality of classroom interaction, 
cognitive activation, and formative assessment. Evidence-based designs such as productive failure serve as 
actionable approaches to translate fairness into effective learning gains (Sinha & Kapur, 2021). 

First, high-quality classroom interaction (including teacher-student emotional support, expectation 
communication, and constructive interaction) is the basic channel to promote the participation of disadvantaged 
students, maintain learning motivation, and ensure their access to teaching support. A large body of meta-analytic 
evidence shows that emotional support and positive teacher-student relationships significantly improve student 
engagement and academic achievement. The impact is particularly important for low-achieving students (Roorda 
et al., 2011). 

Second, cognitive activation refers to deliberately stimulating students’ cognitive processing through task design 
(for example, triggering conceptual conflicts through complex problems, promoting generative thinking, and multi-
solution exploration). It is the key mechanism to realize deep learning and knowledge transfer (Lazonder & Harmsen, 
2016). Productive failure is built on the cognitive activation logic of “first letting students experience cognitive 
conflict in problem solving in generative tasks, then giving integrated guidance”. Multiple studies show that it has a 
robust positive effect on students’ conceptual mastery and transfer (Kapur, 2008; Sinha & Kapur, 2021). 
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Finally, formative assessment and high-quality feedback serve as a mechanistic tool that turns classroom 
interaction and cognitive activation into sustained learning gains. A large number of reviews and meta-analyses 
show that explanatory, actionable feedback and continuous formative assessment can significantly improve 
learning outcomes, and help narrow gaps between students (Black & Wiliam, 1998; Hattie & Timperley, 2007). 

4.1.2. Semantic Reconstruction of the Connotation of Students with Learning Difficulties 

The terminological shift from “underachievers” to “developmental differences” reflects three paradigm shifts 
in the concept of fairness in education. The “compensatory fairness” in the 1980s emphasized resource inclination 
(Borman et al., 2001). Practices in this stage focused on “who receives extra resources” rather than differentiated 
support in classroom processes. The “procedural fairness” in the early 2000s focused on teaching intervention. It 
emphasized the importance of classroom interaction quality, teacher-student relationships, formative assessment, 
and teaching appropriateness in promoting the learning of disadvantaged students (Florian & Black-Hawkins, 
2011). This paradigm shifted “compensation” from transfusion-style aid at the institutional level to scaffolded 
teaching and dynamic monitoring at the classroom level. It significantly reduced the stigmatization effect of 
“moralized interpretation” on students with learning difficulties. The “developmental fairness” in the new era 
focuses on activating individual potential. It emphasizes activating the learning potential of every student, rather 
than only focusing on the equal distribution of resources or processes (Gracia-Calandín & Tamarit-López, 2021). 
This semantic reconstruction breaks the traditional prejudice that regards academic difficulties as moral defects. It 
reinterprets the formation mechanism of individual differences among students through the theory of multiple 
intelligences. 

In the process of education modernization, one of the root causes for the systematic neglect of students with 
learning difficulties is the quantitative and utilitarian tilt of the education evaluation system. It squeezes the essence 
of education by “measurable indicators” (Polesel et al., 2014). When standardized assessment and test-based 
accountability systems become the main driving force of teaching, teachers and schools tend to prioritize time and 
resources into assessed subjects and quantifiable indicators. As a result, learning activities involving practical 
innovation, art, or cross-domain skills are marginalized. Students with such abilities are judged as “substandard” 
or “problem students” because they fall outside the evaluation dimensions. This structural dilemma requires 
education policies to build a differentiated value recognition mechanism, rather than staying at the mechanical 
allocation of material resources (Sirin, 2005). 

4.2. Paradigm Breakthrough: Theoretical Innovation of Productive-Failure Instruction 

4.2.1. Localized Integration of Western “Productive Failure” Theory 

Kapur (2015) proposed the productive failure theory. This theory shares deep cultural connections with 
traditional Chinese education. The Book of Learning puts forward a classic teaching principle: guide students 
instead of pulling them forward, encourage them instead of holding them back. This principle aligns with the 
“disequilibrium and reconstruction” mechanism in cognitive conflict theory, even though they come from different 
times and cultural backgrounds. This cultural connection shows itself in three aspects. First, the Confucian idea of 
“gaining wisdom through hardships and acting with diligence” lays a cultural foundation for the value of frustration 
education. It gives positive meaning to failure experiences. Second, the dialectical thinking of Taoism, “reversal 
is the movement of the Dao,” matches the cognitive value-added logic behind failure-focused instructional design. 
Third, the Chan Buddhism concept of “sudden enlightenment” emphasizes individual differences in the threshold 
of cognitive breakthroughs. It provides traditional wisdom support for differentiated failure-based teaching design. 

To realize the localized transformation of productive-failure instruction theory, educators must address three 
cultural challenges. The first is how to turn the sense of shame around failure in collectivist traditions into learning 
motivation (Mesquita & Karasawa, 2004). The second is how to reshape teacher-student interactions in generative 
learning within the framework of teacher authority (Tweed & Lehman, 2002). The third is how to reconstruct 
procedural evaluation mechanisms in an exam-oriented culture (Dee & Jacob, 2011). 

First, the socialization of failure shame in collectivist cultures makes students avoid risks in public trial-and-
error situations. They become less willing to participate or show their mistakes. This weakens the cognitive 
exploration motivation required for generative tasks (Fang et al., 2023). For productive failure learning to take 
root effectively in Chinese classrooms, education authorities need to reduce students’ sense of failure shame 
through emotionally and culturally sensitive interventions. 

Second, teacher authority and hierarchical teacher–student relations, rooted in Confucian traditions, create 
cultural and practical barriers to students’ generative exploration (Sum & Kwon, 2020). In teacher-centered 
classrooms, teachers find it hard to shift classroom control to student-led exploration spaces. Teachers also hold 
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professional expectations of maintaining classroom order and avoiding “loss of face”. These expectations limit 
their willingness to adopt teaching strategies that allow public failure. Therefore, the localization of productive 
failure is not just about introducing new teaching tasks. It also requires the reshaping of teacher roles and the 
advancement of teacher professional development. 

Finally, the widespread high-stakes testing culture fixes teaching goals and resource allocation on measurable 
indicators. It squeezes the space for procedural learning and formative assessment. Schools and teachers thus prefer 
to “teach testable question types” instead of supporting fault-tolerant cognitive exploration (Dee & Jacob, 2011). 
Research by Polesel et al. (2014) shows that high-pressure testing leads to curriculum narrowing. It tilts teaching 
toward testable content and changes the priorities of school resources and teaching practices. This creates 
institutional barriers to fairness in education and teaching innovation. Therefore, we need to reform evaluation and 
examination mechanisms. This will leave institutional space for formative assessment and bearable failure. 

4.2.2. Value Shift of Productive-Failure Instruction 

Traditional “error-prevention fairness” provides superficial equality by reducing cognitive difficulty. But it 
easily leads to “cognitive impoverishment” of students with learning difficulties. Productive-failure instruction 
can promote three shifts in fairness in education: The focus of teaching shifts from remediating learning outcomes 
to optimizing cognitive processes (Sinha & Kapur, 2021). Support methods shift from external resource supply to 
stimulating students’ self-regulation and intrinsic motivation (Zimmerman, 2002). Training objectives shift from 
guaranteeing the right to acquire knowledge to building transferable learning abilities (Lazonder & Harmsen, 
2016). The theoretical basis for this shift lies in the following: moderate frustration experience and delayed 
instruction can activate students’ reflective learning, promote their knowledge reorganization and transfer, and 
thus turn “allowing failure” into long-term learning gains (Hattie & Timperley, 2007). 

The fairness value of productive-failure instruction design is reflected in its dynamic compensation 
mechanism: First, by creating cognitive conflict within the zone of proximal development, productive-failure 
instruction helps students with learning difficulties expose their cognitive misunderstandings in problem solving 
(Nachtigall et al., 2020). Second, by building a dialogue mechanism of a learning community, productive-failure 
instruction breaks the discourse hegemony of top students and reconstructs the power structure of knowledge 
production in the classroom (Mitra & Serriere, 2012). Third, productive-failure instruction guides individuals to 
achieve cognitive self-regulation through tools such as reflection journals and realizes substantive fairness in 
differentiated development (Zhang et al., 2022). Productive-failure instruction elevates fairness in education from 
resource redistribution to the dimension of “thinking rights”. It provides an operable mechanism for realizing 
procedural justice in classrooms. 

5. Strategic Analysis of the Transition of Students with Learning Difficulties Driven by Productive-Failure 
Instruction 

Based on the previous literature review and theoretical analysis, we can find that the formation of learning 
difficulties is not caused by a single ability defect. It results from the interaction of multiple factors such as 
cognitive structure, self-regulation, classroom participation, resource acquisition, and evaluation mechanism. 
Meanwhile, research on productive failure also shows that its learning gains do not come from “failure” itself. 
They depend on whether learners can complete knowledge reconstruction in moderate cognitive conflict, 
continuous exploration, and subsequent integrated support (Kapur, 2014). However, the implementation of PF in 
real classrooms is still restricted by traditional teaching structures: Fixed classroom space easily solidifies students’ 
participation identities (Vaughn, 2021). Unified teaching rhythm compresses exploration time (Kozanitis & 
Nenciovici, 2023). Standardized evaluation inhibits trial-and-error behavior (Simon et al., 2024). Improper 
intervention of technical tools may prematurely terminate the cognitive exploration process (Bastani et al., 2024). 

Therefore, regarding PF only as a teaching method can hardly truly respond to the deep-seated needs of the 
transition of students with learning difficulties and fairness in education. Against this background, based on the 
aforementioned research on fairness in education, cognitive activation, formative assessment, and artificial 
intelligence-supported learning, this study further constructs the “four-dimensional classroom transformation 
model”. It systematically reconstructs productive-failure classrooms from four dimensions: space, time, 
technology, and evaluation, as shown in Figure 1. The four dimensions are not isolated from each other. They 
together form the classroom implementation framework for the transition of students with learning difficulties 
driven by productive-failure instruction. They promote fairness in education to further shift from resource 
compensation to cognitive empowerment and procedural justice. 
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5.1. Spatial Dimension: Reconstructing Classroom Space to Eliminate the “Back Row Phenomenon” 

Classroom space is a visual projection of the educational power structure. Seating arrangement, sight 
distribution, and teachers’ spatial attention jointly determine which students can gain the right to speak and 
cognitive support (Smidekova et al., 2020). A large number of reviews and empirical studies show that teachers 
tend to place students with distracted attention or low behavioral compliance in the back row of the classroom. 
This causes this area to gradually evolve into a marginal zone of teaching participation (Dong et al., 2021). This 
spatial differentiation not only intensifies the identity solidification effect of students but also forms structural 
obstacles to cognitive development by limiting interaction opportunities (Wannarka & Ruhl, 2008). Building a 
dynamic learning community requires breaking through traditional spatial barriers and realizing a deep 
reconstruction of teaching relations. Specific measures can be implemented from the following three aspects: 

Spatial deconstruction and reorganization: Adopt U-shaped, round-table, or project-island layouts to 
eliminate the hierarchical difference between front and back rows. For example, the inter-school learning 
community practice of Pudong Institute of Educational Development shows that through random grouping and 
role rotation, students transform from “passive recipients” to “knowledge co-constructors” (Nehyba et al., 2023). 

Balanced allocation of cognitive resources: Build virtual learning spaces with platforms such as Moodle, and 
turn marginal students in physical space into “opinion contribution nodes” in online discussions (Ho et al., 2023). 
This forms a virtual-real integrated cognitive network. Students can increase their speaking opportunities and peer 
feedback without being restricted by seating positions. 

Reconstruction of power relations: Teachers should transform from “space dominators” into collaborative 
facilitators. They can break the link between seating position and discourse power by patrolling the classroom and 
using differentiated questioning strategies. For instance, they can prioritize students in the back row to share their 
problem-solving ideas. 

5.2. Temporal Dimension: Application of the Stepwise Productive-Failure Instruction Design Model 

Based on the productive failure theory of Kapur (2008), building a stepped teaching design model requires 
precise control of the timing of cognitive conflict delivery and support intensity. Teaching design can be carried 
out in three stages: 

First, in the pre-failure stage, teachers should create cognitive conflict situations and deliver cognitive conflicts 
precisely. By deliberately creating cognitive conflicts and complex problems within learners’ zone of proximal 
development, productive-failure instruction helps students with learning difficulties expose and become aware of 
their cognitive misunderstandings. This provides diagnostic information for subsequent guiding instruction and 
promotes deep knowledge reorganization (Henningsen & Stein, 1997). For example, in mathematics concept 
teaching, teachers can create students’ cognitive tension through preconception exposure strategies. In the teaching 
of “fraction size comparison”, teachers can first present an intuitive diagram of “1/3 > 1/4”, and guide students to 
debate the contradiction between empirical cognition and mathematical principles of “the larger the denominator, the 
smaller the fraction when numerators are the same”. This design forces students with learning difficulties to face 
knowledge gaps directly and lays the foundation for subsequent conceptual reconstruction. 

Second, in the controlled failure stage, teachers should provide externalized thinking and progressive 
scaffolding while maintaining the complexity of the problem itself (van de Pol et al., 2010). For example, set up 
stepped task groups in mathematics problem solving. The first-level task retains the complexity of the original 
problem, but provides 3D modeling tools to assist spatial imagination. The second-level task requires students to 
analyze wrong solutions against standard answers through data comparison scaffolding. 

Finally, in the knowledge reconstruction stage, social negotiation and formative feedback should be 
completed to turn individual failure into shared cognitive resources (Hattie & Timperley, 2007). For example, hold 
discussion meetings on failed physics experiment schemes. Students can reconstruct their own cognitive structure 
by learning from others’ experiences. This process turns individual failure experience into group cognitive 
resources, and forms a virtuous cycle of “failure–attribution–iteration”. 

5.3. Technical Dimension: GAI Empowering Precise Support for Productive Failure 

The development of generative artificial intelligence (GAI) has gradually turned productive-failure 
instruction from a partial teaching strategy that relies on teacher experience into an intelligent learning support 
system with dynamic adjustment and continuous tracking functions. Traditional digital tools focus on “improving 
accuracy”. PF-oriented GAI focuses more on preserving learners’ exploration process during the failure stage. It 
creates personalized failure situations, provides cognitive scaffolding and adaptive assessment, and turns failure 
into a real resource for cognitive reconstruction. 
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For the personalized creation of failure situations, GAI can identify learners’ preconception 
misunderstandings based on their historical homework, error records, and classroom behavior data. It then 
dynamically generates cognitive conflict tasks. For example, in physics learning, the AI system can generate 
differentiated experimental situations for students who confuse sliding friction and rolling friction (Kieser et al., 
2024). In mathematics learning, it can automatically generate counterexample tasks for cognitive biases in fraction 
size rules (Ross & Andreas, 2024). This dynamic task generation based on learning weaknesses allows students to 
experience “bearable failure” in problem situations highly related to their own cognitive structure. It increases the 
possibility of subsequent knowledge reconstruction. 

For the cognitive scaffolding link in the failure stage, GAI can maintain students’ exploration depth through 
Socratic questioning, instead of providing answers directly. When students get stuck in complex problems, the AI 
system does not give standard solutions immediately. It guides them to re-examine their existing ideas through 
continuous enlightening questions. Lee et al. (2024) point out that a generative AI tutor based on Socratic 
questioning can guide learners to identify conceptual conflicts and revise reasoning paths independently through 
continuous reflective questions. This maintains cognitive engagement in complex problem solving. Compared 
with direct error correction systems, AI support based on heuristic questioning better promotes the development 
of learning transfer and complex problem-solving abilities (Shabrina et al., 2024; Zhang et al., 2025). This 
interaction mode of “delayed answers–strengthened reflection” helps preserve the cognitive conflict process on 
which PF depends. It also helps learners develop metacognitive monitoring ability. 

For the adaptive assessment of failure experience, GAI can continuously track the learning process through 
multimodal learning analytics. It breaks the limitation of traditional evaluation that only focuses on right or wrong 
answers. For example, in language classrooms, the system can comprehensively analyze students’ text expression, 
voice discussions, and revision trajectories. It identifies weak links in their argumentation structure and language 
organization (Schneider, 2024). In programming classrooms, the system can judge students’ problem-solving 
strategies and persistence by recording code modification processes, debugging frequencies, and error correction 
paths (Xu et al., 2023). Some studies have combined facial expression recognition, eye movement trajectories, and 
behavior log data to conduct a comprehensive analysis of learners’ emotional fluctuations, cognitive load, and 
learning engagement. This helps more accurately distinguish two different learning states: “high engagement but 
temporary failure” and “low participation and low understanding” (Zawacki-Richter et al., 2019). This feedback 
mechanism shifts from “error identification” to “growth support”. It turns failure experience into a real cognitive 
resource for the development of learning ability. On this basis, the AI system can generate development-oriented 
feedback reports instead of simple scores. For example, in writing instruction, when the system finds a lack of 
logical connection between students’ arguments, it not only reminds them of “chaotic structure”. It further 
generates a visual framework of “claim–evidence–connection”, and recommends corresponding revision paths and 
sample texts (Ranalli et al., 2017). 

5.4. Evaluation Dimension: Constructing a Value-Added Fairness Assessment System 

Value-added assessment takes students’ original learning foundation as a reference. It focuses on measuring 
their growth rate in a specific learning cycle, rather than making horizontal comparisons only based on absolute scores 
under unified standards. For example, one student improves from 60 to 75 points, and another improves from 90 to 
95 points. In traditional evaluation, the latter may still be regarded as “better”. But value-added assessment pays more 
attention to the significant improvement of the former in learning ability and cognitive structure (Morris et al., 2021). 
For productive-failure instruction, this evaluation method can more truly reflect students’ development process in the 
“attempt–failure–revision” cycle. It prevents students with learning difficulties from being fixed in evaluation due to 
their long-term low starting point. Therefore, building a “three-in-one” value-added fairness assessment system 
within the framework of productive-failure instruction requires a fundamental breakthrough from the traditional 
result-oriented evaluation model. It should turn into an evaluation index system that covers three dimensions of 
opportunity, process, and outcome, and follows a value-added orientation. 

Designing opportunity fairness indicators: Traditional practices often only focus on the average distribution 
of physical resources, such as equipment, textbooks, and teacher allocation. Value-added assessment breaks 
through this narrow focus on static resource allocation. It turns to evaluate the actual ability of students with 
learning difficulties to obtain and use “cognitive opportunities” (OECD, 2012). For example, traditional evaluation 
may only record whether students participate in classroom discussions. The value-added opportunity fairness 
indicator evaluates the frequency and quality of students with learning difficulties participating in high-order 
thinking activities through multi-dimensional dynamic monitoring. Such activities include putting forward 
hypotheses, participating in reasoning, and conducting self-explanation. 
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Designing process fairness indicators: Value-added assessment breaks through the traditional limitation of 
only focusing on unified teaching processes. It turns to focus on the real-time cognitive and emotional state changes 
of students with learning difficulties during the learning process (Roorda et al., 2011). Previous evaluations tended 
to focus on “whether formative assessment is carried out”. Now we should consider “to what extent formative 
assessment promotes the improvement of metacognition and strategy use of students with learning difficulties”. 
That is, we turn process quality into value-added indicators of students’ learning ability. 

Designing outcome fairness indicators: Value-added assessment completely abandons the traditional practice 
of only taking absolute scores and unified standards as the measurement basis. It adopts the value-added model 
and focuses on the progress range and growth trajectory of students with learning difficulties relative to their own 
starting point. Traditional evaluation usually compares students’ achievements through standardized test scores. 
The value-added outcome fairness indicator tracks the growth of students with learning difficulties in multiple 
dimensions, such as conceptual understanding, strategy application, and academic resilience. For example, the 
research of Pounder (2018) emphasizes that outcome evaluation of productive-failure instruction should calculate 
the ability gain value of students with learning difficulties after experiencing a failure learning cycle. This can 
objectively reflect their real progress. This evaluation not only reduces prejudice based on horizontal comparison, 
but also identifies the subtle progress of students with learning difficulties that is not easy to detect. It provides 
fairer developmental feedback. 

 

Figure 1. Four-dimensional Classroom Transformation Model. 

6. Practical Analysis of the Transition of Students with Learning Difficulties Driven by Productive-Failure 
Instruction 

6.1. Value Transmission from the Micro to Macro Level 

At the micro level, meaningful failure situations can reconstruct the cognitive schemas of students with 
learning difficulties and cultivate their resilience and self-efficacy. Social cognitive theory points out that 
individuals form beliefs about their own abilities through mastery experience and reflective interpretation of 
failure. They then show higher persistence and coping strategies when facing challenges (Bandura, 1977). 
Evidence from developmental psychology further shows that resilience is not an innate talent. People can shape it 
through systematic learning experiences and supportive environments (Masten, 2001). In educational practice, 
classroom design based on productive failure deliberately exposes students to controllable cognitive conflicts and 
then provides integrated guidance. Multiple studies have confirmed that this design can improve conceptual 
understanding and transfer ability. It also enhances learners’ ability to cope with complex tasks (Kapur, 2008; 
Sinha & Kapur, 2021). Therefore, the core of the transformation path from “frustration tolerance” to “innovative 
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breakthrough” lies in designing failure as a learnable and reflective experience. This can cultivate cognitive 
resilience for unknown problems. 

At the macro level, international assessments and policy analyses have begun to include “academic 
resilience/proportion of resilient students” into the indicator system for measuring fairness in education and system 
compensation effectiveness (Jin et al., 2022). PISA-related studies take the proportion of students who “achieve 
high achievements despite disadvantaged socioeconomic backgrounds” as an operational indicator of academic 
resilience. They believe this ratio directly reflects the institutional capacity of a country or region in reshaping the 
development trajectory of disadvantaged students (Agasisti et al., 2018). Accordingly, China can include 
classroom-level transition rate of students with learning difficulties, classroom participation balance, and higher-
order thinking development index into a micro-meso-macro coupled monitoring framework. It can realize a policy 
closed loop through the three-level linkage of “school effectiveness–regional balance–national strategy”. Elevating 
individual gains from classroom interventions (such as PF) to systematic evaluation through value-added and long-
term tracking indicators can not only confirm the immediate effect of classroom reform, but also provide operable 
fairness indicators and evaluation paths for realizing fairness in education (McCaffrey et al., 2004). 

6.2. Adding an “Implementation Capacity for Fairness in Education” Module to Teacher Education Curricula 

The current teacher training system has an imbalance in ability structure. It overemphasizes teaching skill 
training, but ignores the practical wisdom of fairness in education. We suggest adding a compulsory module of 
“implementation capacity for fairness in education” in pre-service teacher training and in-service teacher training. 
The module focuses on three core abilities: First, differential diagnosis ability. We train teachers to accurately 
identify the cognitive styles and learning obstacles of students with learning difficulties (van de Pol et al., 2010). 
Second, culturally responsive ability. We guide teachers to turn the life experiences of students with learning 
difficulties into teaching resources. For example, they can reconstruct mathematical problem situations through 
folk culture cases (Villegas & Lucas, 2002). Third, failure of design ability. We train teachers to scientifically plan 
the threshold of cognitive conflict and design moderate challenges on the premise of protecting the learning 
motivation of students with learning difficulties (Desimone, 2009). This kind of ability training needs to break 
through the traditional lecture mode. It adopts a practical path of “clinical diagnosis + situation simulation”. For 
example, we can develop a case library of urban-rural differences and require teachers to design layered 
intervention schemes for different types of learning difficulties. This can reshape teachers’ action power for 
fairness in education. 

6.3. Establishing a Linkage Mechanism Between Transition Effectiveness of Students with Learning Difficulties 
and School Quality Evaluation 

The invisible exclusion of students with learning difficulties in the current education evaluation system makes 
schools more inclined to “cultivate top students” rather than “improve bottom students”. We need to reconstruct 
school quality evaluation standards and build a “three-dimensional dynamic evaluation model.” The basic 
dimension examines the academic qualification rate of students with learning difficulties. It focuses on 
guaranteeing the bottom-line fairness of education (Au, 2007). The development dimension tracks the progress of 
students with learning difficulties. It uses value-added evaluation to calculate their relative progress value (Koedel 
& Rockoff, 2015). The innovation dimension introduces resilience assessment. It observes the persistence and 
strategic flexibility of students with learning difficulties in coping with challenges through situational tasks. 
Evaluation results should be deeply linked to the allocation of educational resources. For example, schools with a 
continuously improved transition rate of students with learning difficulties can get targeted support in teacher 
staffing and teaching research funds. Meanwhile, “pseudo high-quality schools” that simply eliminate students 
with learning difficulties will receive yellow card warnings (Dee & Jacob, 2011). At the same time, we should 
also pay attention to the negative effects of this linkage. For example, schools may over-concentrate teaching 
resources on examination subjects. This will lead to curriculum narrowing and the tendency of exam-oriented 
teaching (Dee et al., 2013). Some schools may also maintain performance indicators by reducing the participation 
of low-achieving students or implicit streaming. This will further aggravate educational inequality (Jennings & 
Lauen, 2016). In addition, continuous performance pressure may also lead schools to form a short-term 
performance orientation. It will reduce teachers’ teaching autonomy and space for educational innovation (Klein, 
2020). Therefore, although the combination of evaluation results and resource inclination can strengthen schools’ 
motivation for improvement to a certain extent, it may also induce educational alienation and new fairness risks 
without reasonable supervision and multi-dimensional evaluation mechanisms. 



Liu et al.   J. Educ. Technol. Innov. 2026, 8(3), 35–51 

https://doi.org/10.61414/bsq6e774  46 

6.4. Optimizing the Design of Productive-Failure Instruction 

The promotion of productive-failure instruction needs to solve the double dilemma of “daring not to use 
failure” and “abusing failure” in practice. We need to optimize the existing standardized teaching design. The 
optimization can be carried out in three directions: First, in terms of task design, we should follow the layered 
design logic of “high challenge–accessible”. That is, we maintain the cognitive complexity of tasks and reduce the 
entry threshold for students with learning difficulties through progressive scaffolding. The research of Roll et al. 
(2011) points out that progressive scaffolding and layered support for learning tasks can effectively relieve 
cognitive load in complex tasks. It allows students with learning difficulties to maintain continuous participation 
in high-challenge tasks. Second, in terms of intervention tools, we provide a standard paradigm of cognitive 
scaffolding, such as the “four-step guidance method” (exposing misconceptions–comparing conflicts–
reconstructing connections–transfer verification). This paradigm helps teachers grasp the intervention timing more 
accurately. It avoids the interruption of students’ exploration process caused by premature error correction, and 
improves the quality of cognitive construction in complex problem learning (van de Pol et al., 2019). Third, in 
terms of evaluation feedback, we should emphasize the continuous recording of “process evidence chain”, rather 
than only focusing on the final result (Hattie & Timperley, 2007). Teachers can track students’ cognitive changes 
in the “attempt–failure–revision” process through learning logs, mind maps, scheme iteration records, or classroom 
dialogue texts. For example, Novak and Treagust (2022) find in science inquiry classrooms that students’ 
continuous revision of the causes of experimental phenomena in multiple rounds of explanation iteration 
significantly promotes their scientific reasoning ability and knowledge transfer level. The evaluation goal in PF 
classrooms is not to reduce errors. It is to identify how students use errors to promote knowledge reconstruction 
and strategy optimization. 
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