


From Addiction to Application: Harnessing Technology to Enhance Math Learning
Abstract
Digital technology has become a defining feature of contemporary learners’ cognitive, social, and academic ecosystems. Yet, the same design features that make apps “sticky”—variable rewards, notifications, social validation cues, and infinite feeds—also contribute to digital distraction, multitasking, and in some cases problematic use patterns that resemble behavioral addiction. Mathematics learning, which often requires sustained attention, working-memory resources, and productive struggle, is especially vulnerable to the costs of fragmented attention. At the same time, extensive research shows that well-designed learning technologies can significantly improve mathematics achievement through adaptive practice, timely feedback, interactive representations, intelligent tutoring systems, and thoughtfully structured gamification. This review synthesizes evidence from research on digital distraction and problematic technology use alongside research on technology-enhanced mathematics learning. It argues for a shift from a prohibition-oriented stance (“technology as threat”) to an educational design stance (“technology as scaffold”) that aligns engagement with learning goals and learner well-being. The article integrates cognitive, motivational, and persuasive-design perspectives to propose an “ethical engagement” approach: leveraging motivational affordances without reproducing exploitative attention-capture loops. Implications are discussed for instructional design, classroom orchestration, equity, and future research, with attention to measurement and causal inference challenges in digital learning environments.
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1. Introduction
Educational technology has been proposed as a way to address these challenges in mathematics education. The technologies not only aid in conceptual understanding but also foster active learning and inquiry, which are key to developing advanced thinking skills in mathematics (St Omer et al., 2025).  Digital technologies shape how learners access information, communicate, and allocate attention. In schools and homes, mathematics learning increasingly occurs alongside smartphones, tablets, learning platforms, and social media ecosystems that compete for cognitive resources. This coexistence produces a tension: technology can be both a powerful instructional amplifier and a persistent distractor. The phrase “from addiction to application” captures this tension and the opportunity within it. The practical question for educators and researchers is not whether technology should exist in learning spaces, but how its affordances can be redirected from attention capture to learning support. The concept of personalized learning through technology represents a significant shift in traditional education paradigms. By harnessing the capabilities of adaptive learning platforms, educators can tailor mathematical instruction to suit the unique requirements of each student. Technology allows students to experiment with mathematical models, simulations, and scenarios that simulate real-world situations. For instance, they can explore the behavior of mathematical functions in economics, physics, or engineering contexts, seeing how mathematical concepts apply in practical settings. This connection to real-world applications makes mathematics more relevant and encourages students to see its value beyond the confines of the classroom (Viberg et al., 2023; Zhu et al., 2024).
The concern about technology “addiction” is not simply moral panic; it is grounded in empirical evidence showing that multitasking and frequent switching among tasks undermine learning processes, particularly those dependent on working memory and sustained attention. Laboratory and classroom studies demonstrate that learners who divide attention between instruction and unrelated digital activity show reduced comprehension and retention, and that these costs can spill over to nearby peers (Sana et al., 2013). Communication and educational research further indicates that mobile phone use during learning contexts can impair recall and test performance, especially when usage is frequent and interruptive (Kuznekoff & Titsworth, 2013). Survey-based studies connect higher cell phone use to lower academic performance, though causality is complex and entangled with self-regulation and study habits (Lepp et al., 2014). These findings matter for mathematics because math learning often depends on cumulative reasoning, error monitoring, and the ability to sustain effort across steps rather than merely recognizing information.
At the same time, the empirical base supporting technology-enhanced learning in mathematics is substantial. Meta-analyses indicate that educational technology applications, when aligned with pedagogy and implemented with fidelity, can improve K–12 mathematics achievement (Cheung & Slavin, 2013; Li & Ma, 2010). Intelligent tutoring systems and related adaptive platforms often yield meaningful learning gains by providing individualized feedback, mastery-based progression, and targeted practice (Kulik & Fletcher, 2016; VanLehn, 2011). Gamified learning environments can improve learning outcomes under certain conditions, especially when game elements support competence feedback and clear goals rather than merely adding superficial rewards (Bai et al., 2020; Sailer & Homner, 2020). Moreover, research on manipulatives shows that concrete representations can support math learning when instruction helps learners connect concrete actions to abstract concepts (Carbonneau et al., 2013). Emerging modalities such as augmented reality (AR) may expand representational and embodied learning opportunities, although usability and cognitive load remain critical constraints (Akçayır & Akçayır, 2017; Radu, 2014).
The field therefore, faces a design and governance challenge: how to build and implement mathematics learning technologies that sustain motivation without exploiting vulnerabilities in attention and reward systems. Persuasive design frameworks, originally developed to explain how systems shape user behavior, can be repurposed toward educational ends—provided that learner autonomy and well-being remain central (Oinas-Kukkonen & Harjumaa, 2009). This review argues that the goal is not to make learning tools maximally “addictive,” but to create ethically engaging learning environments that cultivate persistence, self-regulation, and conceptual understanding.
1.1 Technology, attention, and the mathematics learning problem
Mathematics learning involves conceptual understanding, procedural fluency, and strategic competence, all of which depend on cognitive resources that are limited and easily disrupted. Switching attention between a math task and a message thread is not cognitively neutral; it introduces resumption costs and fragments the construction of mental models. Evidence from media multitasking research shows that heavy multitaskers can perform worse on measures of cognitive control and filtering irrelevant information (Ophir et al., 2009). For learners working through multi-step problems, such filtering is not a minor skill; it is central to maintaining intermediate results, tracking constraints, and evaluating solution paths.
In naturalistic settings, students frequently shift from academic tasks to digital distractions. Observational work suggests learners may remain on task only briefly before switching to technology-based distractors, and that such switching relates to study strategies and task-switching preferences (Rosen et al., 2013). The implication for mathematics is that “time-on-task” is not merely time spent seated with materials; it is time spent in coherent cognitive engagement. Technology can reduce such engagement when it functions primarily as an interruption, but it can increase engagement when it functions as a scaffold.
1.2 From “ban the phone” to “design the ecosystem”
Institutional responses often focus on restriction—device bans, app blocking, or surveillance. While boundaries can reduce interruptions, bans alone do not build learners’ capacity for self-regulation, nor do they leverage technology’s instructional potential. Recent educational research highlights resilience to digital distractions as a meaningful construct linked to motivation, self-efficacy, and study approaches (Hatlevik & Bjarnø, 2021). This suggests that a more sustainable solution involves both environmental design and learner skill development: building contexts that reduce unnecessary triggers while teaching strategies for attention management.
1.3 Technology as an instructional amplifier in mathematics
The strongest argument for educational technology is not novelty but evidence. Across decades of research, digital tools have demonstrated value for mathematics learning when they provide adaptive feedback, interactive representations, and structured practice. The effectiveness of these tools is not guaranteed; it depends on alignment with learning goals, appropriate sequencing, integration into instruction, and safeguards against distraction. The challenge is therefore to design for learning and well-being simultaneously.
1.4 Scope and objectives 
This review synthesizes peer-reviewed research from 2006–2025, supplemented by classic foundational work, to address three objectives: (a) summarize evidence on how digital distraction and problematic technology use influence learning-relevant processes with particular implications for mathematics learning; (b) review evidence for technology-enhanced mathematics learning approaches, including intelligent tutoring systems, gamification, manipulatives, and augmented reality; and (c) propose a conceptually grounded framework for “ethical engagement” in math learning technology—leveraging persuasive and motivational affordances while minimizing exploitative attention-capture dynamics and supporting learner autonomy and self-regulation.

2. Methods for literature selection
A structured search was conducted across Web of Science, Scopus, ERIC, PsycINFO, and Google Scholar to identify peer-reviewed journal literature published between January 2006 and December 2025, with classic pre-2006 studies included when foundational to theory or method. Search strings combined technology-use terms with learning and mathematics terms. Representative queries included: (“mathematics” OR “math achievement” OR “mathematics learning”) AND (“educational technology” OR “computer-assisted instruction” OR “intelligent tutoring system” OR “adaptive learning” OR “gamification” OR “digital game-based learning” OR “augmented reality”); and (“digital distraction” OR “media multitasking” OR “smartphone use” OR “mobile phone” OR “problematic use” OR “technology addiction” OR “fear of missing out”) AND (“learning” OR “academic performance” OR “classroom”). Studies were included if they were peer-reviewed journal articles reporting empirical results, systematic reviews, or meta-analyses relevant to technology’s impact on learning processes or mathematics outcomes. Exclusion criteria included non-peer-reviewed opinion pieces, dissertations without journal publication, studies lacking clear methodology, and articles focused on technology use unrelated to learning contexts. Priority was given to meta-analyses, randomized or quasi-experimental studies, and well-cited observational studies with validated measurement approaches.

3. Conceptual foundations: why technology distracts and why it can teach
Understanding how technology can simultaneously undermine and enhance mathematics learning requires an integrated conceptual account. The same digital affordances that enable individualized feedback, interactive representation, and motivational supports also enable interruption, habitual checking, and reward-driven engagement that competes with sustained thinking. This section clarifies the foundations of the “from addiction to application” framing by synthesizing four complementary lenses: (a) habit and reinforcement processes that can produce compulsive or high-frequency use patterns; (b) motivational processes that determine whether engagement supports mastery or merely compliance; (c) cognitive resource constraints that make distraction costly, especially in mathematics; and (d) persuasive design principles that explain how systems shape behavior and can be redirected toward ethical educational ends.
3.1 Habit loops, reinforcement, and problematic use
A central reason digital systems can become difficult to disengage from is that they are engineered around reinforcement dynamics: cues trigger actions, actions produce rewards, and rewards strengthen future behavior. Over time, such loops can become habitual even when the rewards are small or unpredictable. In some cases, this may contribute to “problematic” or disordered mobile phone use, characterized less by the mere frequency of use and more by difficulty controlling use and interference with daily functioning. A comprehensive model of problematic mobile phone use cautions against oversimplified labelling and emphasizes heterogeneity in pathways and outcomes, while still recognizing that some patterns resemble behavioral addiction processes (Billieux et al., 2015). For learning contexts, this is crucial because the educational risk is not technology itself, but the emergence of cue-driven checking routines that fragment attention during tasks requiring continuity, such as multi-step mathematics problem solving.
Measurement frameworks also matter because they determine how the field operationalizes “addiction-like” use. The Smartphone Addiction Scale short version provides one validated approach, capturing features such as withdrawal-like discomfort, tolerance-like escalation, and functional impairment (Kwon et al., 2013). Even if educators do not adopt clinical language, this measurement work helps clarify which usage patterns are most educationally relevant: those that are experienced as hard to control and that intrude on planned work. In mathematics learning, where errors often require deliberate diagnosis rather than rapid response, habitual checking can create a pattern of repeatedly abandoning cognitive struggle before productive insight occurs.
3.2 Motivation and autonomy: engagement without coercion
While habit processes explain why technology can pull attention away, motivational theory explains why learners choose to persist—or disengage—when mathematics becomes challenging. Self-determination theory posits that motivation and well-being are supported when learners experience autonomy, competence, and relatedness; when these needs are thwarted, engagement may become controlled, fragile, or avoidance-driven (Ryan & Deci, 2000). This is directly relevant to educational technology because many digital designs increase engagement through external pressures (streaks, leaderboards, constant nudges) that can feel controlling. Such designs may produce short-run compliance but may not support internalized, mastery-oriented motivation—particularly in mathematics, where long-term growth depends on a learner’s willingness to invest effort and tolerate temporary confusion.
Ethical engagement design, therefore, requires distinguishing between engagement that supports autonomy and engagement that pressures attention through social comparison or fear of falling behind. Tools that support autonomy offer meaningful choices in representations, problem sequences, or hint usage, while still structuring progress so that learners do not become lost. Competence support emerges through feedback that is informative—explaining what went wrong and how to improve—rather than merely evaluative. Relatedness can be supported through collaboration and constructive peer interaction, but it becomes coercive when social features create constant monitoring or status anxiety. In mathematics learning environments, autonomy-supportive motivation is especially valuable because it sustains persistence through “productive struggle,” whereas controlled motivation often collapses when tasks become demanding.
3.3 Cognitive resource limits and cognitive load
The cognitive foundation for why distraction harms learning is that attention and working memory are limited. Mathematics learning often imposes high intrinsic cognitive load because learners must coordinate multiple elements—symbols, representations, constraints, intermediate values—and keep track of procedural steps while monitoring conceptual meaning. Cognitive load theory formalizes the idea that learning suffers when total load exceeds working-memory capacity, particularly for novices, and that instructional design should minimize extraneous load so cognitive resources are available for schema construction (Sweller, 1988). Digital environments can unintentionally increase extraneous load through cluttered interfaces, irrelevant animations, complex navigation, or frequent alerts that force learners to re-orient. Even minor interruptions can require learners to reconstruct their mental state, re-derive intermediate results, and re-establish the logical thread of a solution.
Conversely, digital systems can reduce extraneous cognitive load through clean representations, segmented tasks, worked-example supports, and timely hints that reduce unproductive search. For mathematics, this implies a design principle: technology should not merely add interactivity; it should reduce unnecessary cognitive burden and guide attention to mathematically relevant structure. Importantly, what is “extraneous” depends on learner expertise. A hint that is supportive for a novice may be redundant or even annoying for an advanced learner. This is one reason adaptive systems can be powerful: they can calibrate scaffolding, reducing cognitive load when needed and fading supports as competence grows.
3.4 Persuasive systems as educational systems
Persuasive systems design provides a systematic framework for understanding how technologies steer behavior through particular feature categories such as reduction (simplifying tasks), tunneling (guiding users through a process), tailoring, reminders, social support, and reward mechanisms (Oinas-Kukkonen & Harjumaa, 2009). In consumer contexts, these features often serve retention and engagement metrics; in education, the same features can be repurposed toward learning goals, provided the persuasive intent is aligned with learner benefit and does not undermine autonomy. This framework is particularly useful for the “addiction to application” pivot because it clarifies that attention capture is not accidental—it is often designed. The ethical move is to make the design purpose explicit and to orient persuasive features toward mastery rather than compulsion.
In mathematics learning environments, persuasive features can serve constructive ends. Reduction can lower entry barriers to complex tasks by simplifying interfaces and supporting stepwise reasoning. Tunneling can provide structured learning progressions that reduce disorientation and ensure prerequisite concepts are established. Self-monitoring can help learners track mastery and identify which error patterns persist. Reminders can support spaced practice schedules rather than compulsive checking. Social support can encourage collaborative explanation and help-seeking rather than comparison-based anxiety. However, these same features can be misused. For example, reminders can become intrusive nudges that fragment attention, and rewards can become controlling incentives that shift focus from understanding to point accumulation. The persuasive systems lens thus helps educators and designers specify not only which features exist, but what behavioral pathway they are promoting and whether that pathway is educationally defensible.
3.5 Integrating the lenses for mathematics learning
When these foundations are integrated, a coherent picture emerges. Habit and reinforcement dynamics explain why learners may feel pulled toward devices even during planned study (Billieux et al., 2015; Kwon et al., 2013). Motivation theory explains why the same learner might persist in one digital environment and disengage from another, depending on whether autonomy and competence are supported (Ryan & Deci, 2000). Cognitive load theory explains why interruptions and poorly designed interfaces can be disproportionately harmful in mathematics, where sustained attention supports multi-step reasoning (Sweller, 1988). Persuasive systems design explains how digital environments can either amplify these risks or redirect them toward structured mastery, depending on the design intent and feature configuration (Oinas-Kukkonen & Harjumaa, 2009).
This integrated framework implies a design and instructional agenda. Educational technologies should minimize extraneous cognitive load, align motivational supports with autonomy and competence, and use persuasive design features to scaffold mastery-oriented behaviors. In parallel, educational systems should recognize that problematic use patterns and distraction are not merely individual failings; they are predictable outcomes of reinforcement-driven environments. The task for mathematics education, then, is to build learning technologies and classroom ecosystems that protect attention, cultivate self-regulation, and transform engagement into genuine mathematical understanding.

4. Evidence on digital distraction, multitasking, and learning-relevant outcomes
The empirical literature on digital distraction converges on a consistent proposition: learning is vulnerable to interruption because attention and working memory are limited resources, and switching between tasks carries measurable cognitive costs. In mathematics learning contexts, these costs are especially consequential because mathematical reasoning often requires maintaining intermediate representations, tracking multi-step constraints, and monitoring errors over sustained time. Although technology can support learning when structured as a scaffold, it can also undermine learning when it functions primarily as an interruption channel or a trigger for habitual checking. The research reviewed in this section spans controlled experiments, classroom-based studies, and large-scale correlational analyses. Collectively, it suggests that the educational risk is not simply “screen time,” but patterns of fragmented attention, media multitasking, and contextually inappropriate device use.
4.1 Multitasking and classroom learning
One of the clearest demonstrations of multitasking costs in educational contexts comes from experimental classroom research showing that off-task laptop use reduces learning for the multitasker and can also reduce learning for nearby peers who are visually exposed to the distraction (Sana et al., 2013). The peer effect is particularly important because it indicates that distraction is not only an individual self-control issue; it is also an environmental externality in shared learning spaces. For mathematics instruction, where classroom demonstrations often involve building conceptual bridges across representations and steps, the loss of continuity caused by intermittent attention can degrade comprehension even if students believe they are “keeping up.” The Sana et al. (2013) findings also imply that classroom policies that address device-based multitasking can plausibly improve collective learning conditions, not merely individual performance.
Complementing these findings are studies linking academic multitasking behaviors to performance outcomes. For example, multitasking with digital communication while doing academic work has been associated with lower academic performance, suggesting that frequent task switching may displace deep processing and reduce the quality of study behaviors (Junco & Cotten, 2012). While correlational, this evidence aligns with cognitive theories that predict reduced encoding and weaker consolidation when learners repeatedly interrupt learning episodes. In mathematics, such fragmentation may particularly disrupt conceptual learning because understanding often emerges from sustained comparison and reflection, rather than from isolated exposure to answers.
4.2 Mobile phone usage and learning performance
A second strand of evidence focuses on mobile phones during lectures and learning sessions. Experimental work shows that mobile phone use during instruction can impair learning outcomes, including recall, and can reduce the effectiveness of note-taking or attention to key instructional points (Kuznekoff & Titsworth, 2013). This finding matters for mathematics learning because the instructional value of a lesson often lies in how ideas are connected—how definitions motivate procedures, how examples illustrate structure, and how errors are diagnosed. Brief device checks can interrupt precisely the moments when these connections are formed.
Large-scale correlational evidence further links higher cell phone use to lower academic performance (Lepp et al., 2014). Although such associations cannot establish causality, they raise plausible mechanisms relevant to mathematics learning: displacement of study time, reduced sustained attention, and possibly sleep-related impacts that reduce cognitive readiness for demanding tasks. In practice, the Lepp et al. (2014) findings caution educators against assuming that device presence is neutral during study, especially for students who already struggle with self-regulation and time management.
4.3 Task switching during studying and study-strategy mediation
A key question is not only whether students get distracted, but how distraction unfolds during authentic studying. Naturalistic evidence indicates that students often remain on-task for relatively short periods before switching to technology-mediated distractors, and that individual differences in study strategies relate to the likelihood and frequency of switching (Rosen et al., 2013). This matters because it reframes distraction as partially strategy-mediated: students who approach studying with clearer goals, structured routines, and stronger metacognitive habits may be better able to resist digital interruptions. For mathematics learning, where practice is often repetitive and difficulty can rise quickly, structured strategies—such as setting specific problem goals, monitoring error types, and scheduling breaks—may be particularly protective against the urge to switch away from discomfort.
The strategy-mediated perspective also suggests a practical bridge to intervention design. If distraction is partly driven by habit and weak study routines, then reducing distraction may require both environmental supports and explicit skill-building. This view aligns with educational research that conceptualizes resilience to digital distractions as a measurable capacity related to self-efficacy, motivation, and approaches to studying (Hatlevik & Bjarnø, 2021). Importantly, the Hatlevik and Bjarnø (2021) evidence implies that learners’ ability to persist without succumbing to distractions is not solely a matter of willpower; it is intertwined with beliefs about competence and with study behaviors that can be shaped through instruction and supportive learning environments.
4.4 Well-being, FoMO, and the “small effects” debate
Discussions of digital distraction often intersect with broader debates about digital technology and well-being. Large-scale analyses indicate that associations between digital technology use and adolescent well-being can be statistically significant yet small in magnitude and sensitive to analytic choices (Orben & Przybylski, 2019). This evidence cautions against simplistic narratives that portray technology use as uniformly harmful and instead encourages attention to mechanisms and context. For learning outcomes, the relevant question becomes: which patterns of technology use are most likely to disrupt learning processes, and for whom?
One mechanism that plausibly intensifies distraction is fear of missing out (FoMO), a motivational and emotional pattern associated with heightened sensitivity to social connection cues and increased checking behavior. FoMO has been linked to behavioral and affective correlates that can encourage persistent monitoring of social channels (Przybylski et al., 2013). In mathematics learning contexts, FoMO may be particularly disruptive because it competes with the sustained concentration needed for multi-step reasoning. The implication is not that social connection needs should be ignored, but that learning environments and tools should reduce the salience of interruption cues during cognitively demanding work and help learners recognise and manage checking impulses.
4.5 Media multitasking and cognitive control
A complementary line of research addresses the cognitive correlates of media multitasking more broadly. Evidence suggests that heavy media multitaskers can perform worse on measures related to cognitive control and the ability to filter irrelevant information (Ophir et al., 2009). For mathematics learning, filtering irrelevant information is not a peripheral skill: it supports selecting relevant constraints, ignoring distractor features in word problems, and maintaining focus on the structure of a solution path. The Ophir et al. (2009) findings are often interpreted cautiously because they do not imply that multitasking causes poor cognitive control in a simple unidirectional way; nonetheless, the association is consistent with educational concerns that habitual task switching may correspond to weaker control over attention allocation during learning.
4.6 Integrating the evidence for mathematics learning contexts
Taken together, this literature suggests that distraction operates through multiple pathways that can converge in mathematics learning. Device-based multitasking during instruction can directly impair learning and can also degrade the learning environment for peers (Sana et al., 2013). Mobile phone use can interrupt encoding and reduce recall (Kuznekoff & Titsworth, 2013), while broader patterns of heavy phone use correlate with lower academic performance (Lepp et al., 2014). Study-session evidence indicates that distraction is frequent and that study strategies are protective (Rosen et al., 2013), consistent with the concept of resilience to distractions as an educationally relevant capability (Hatlevik & Bjarnø, 2021). At the same time, the well-being literature warns that effects of technology use are often small and context-dependent, implying that the educational focus should be on specific behaviors and mechanisms rather than generalized “screen time” judgments (Orben & Przybylski, 2019). Motivational mechanisms such as FoMO can further intensify checking tendencies during study (Przybylski et al., 2013), and cognitive-control research suggests potential links between multitasking patterns and filtering ability (Ophir et al., 2009).
For mathematics educators and designers, the actionable interpretation is that digital distraction is not an inevitable consequence of technology but an interaction between device affordances, habit loops, classroom norms, and learner self-regulation. This creates room for targeted solutions: building attention-protective learning routines, designing tools that minimize interruption triggers, and supporting learners in developing strategies that sustain coherent engagement during mathematically demanding work.

5. Evidence on technology-enhanced mathematics learning
The research based on technology-enhanced mathematics learning is now extensive enough to support a clear conclusion: digital tools can improve mathematics achievement, but their effectiveness is conditional on design quality, instructional alignment, and implementation context. Across decades of innovation, the most consistently successful technologies are those that change the learning process in ways that are difficult to reproduce reliably at scale without technology—particularly through adaptive practice, rapid formative feedback, interactive representations, and structured pathways that help learners persist with appropriately challenging content. At the same time, the field has learned that “digitizing” mathematics practice without improving pedagogy can yield weak or inconsistent results. Accordingly, evidence in this area is best interpreted as guidance about which instructional functions technology performs well and under what conditions those functions translate into conceptual understanding, procedural fluency, and transfer.
5.1 Educational technology and mathematics achievement: synthesis evidence
Meta-analytic syntheses provide the strongest aggregate signal that educational technology can improve K–12 mathematics outcomes, while also documenting notable variation across studies. Cheung and Slavin (2013) reported that educational technology applications, on average, enhance mathematics achievement in classroom settings, but that the magnitude of benefit depends on how tools are used and integrated. Li and Ma (2010) similarly found positive overall effects of computer technology on students’ mathematics learning, while emphasizing heterogeneity across technologies, grade levels, and study designs. Taken together, these syntheses suggest that “technology” is not an intervention category that works uniformly; rather, particular functions—such as immediate feedback, guided practice, and interactive visualization—appear to be the active ingredients. The variability observed in meta-analyses also signals the importance of alignment: tools tend to be more effective when their feedback and task sequences match curricular goals and when classroom routines ensure that students engage with the intended mathematical thinking rather than merely completing digital tasks.
A practical implication is that impact is often mediated by the degree to which technology supports learning-relevant behaviors: sustained practice on target skills, reflection on errors, and strategic adaptation. When platforms primarily increase time spent on tasks without improving feedback or conceptual support, achievement gains are less likely to be robust. Conversely, when platforms structure practice so that students repeatedly encounter misconceptions and receive targeted feedback, improvements become more plausible, especially for foundational skills that benefit from distributed practice and mastery-based progression (Cheung & Slavin, 2013; Li & Ma, 2010).
5.2 Intelligent tutoring systems and adaptive practice
Among technology-enhanced approaches, intelligent tutoring systems (ITS) and closely related adaptive learning tools have some of the most consistently positive evidence. A central reason is that these systems can individualize pacing and feedback, effectively approximating some functions of one-to-one tutoring at scale. VanLehn (2011) compared human tutoring, ITS, and other tutoring systems, highlighting that well-designed systems can be highly effective, particularly when they provide step-level guidance and respond to student errors with context-sensitive hints. Kulik and Fletcher’s (2016) meta-analytic review further supports the effectiveness of ITS, reporting positive overall effects across studies and reinforcing the idea that adaptivity and feedback quality are crucial.
For mathematics learning specifically, these tools address an enduring instructional challenge: students require large amounts of practice, but practice alone is insufficient when learners repeatedly apply flawed strategies or hold persistent misconceptions. ITS can intervene at the moment misconceptions appear by diagnosing errors, prompting conceptual checks, and providing hints that nudge learners toward correct reasoning paths (Kulik & Fletcher, 2016; VanLehn, 2011). This real-time responsiveness can reduce unproductive trial-and-error and encourage students to articulate and test strategies. In many systems, adaptivity also prevents boredom and discouragement by keeping tasks within an appropriate difficulty range, supporting persistence without resorting to purely extrinsic motivators.
Evidence suggests that these benefits extend beyond K–12. A meta-analysis focused on college students found ITS effectiveness in higher education contexts as well, which is especially relevant for introductory mathematics and quantitative reasoning courses where prior knowledge varies widely and students often need individualized practice trajectories (Steenbergen-Hu & Cooper, 2014). Taken together, these findings imply that adaptive tutoring approaches are not merely “more engaging” math practice; they are learning environments in which feedback timing and diagnostic specificity can reshape how students learn from errors.
5.3 Gamification and game-based mathematics learning
Gamification and game-based learning have attracted interest because they promise to sustain effort and reduce avoidance in a subject that many students find intimidating. Meta-analytic evidence indicates that gamification can improve learning outcomes, but the effects are not uniform; they depend on design features, context, and how game elements are coupled to learning processes (Bai et al., 2020; Sailer & Homner, 2020). For mathematics, this caveat is particularly important because engagement can be generated in ways that do not strengthen mathematical understanding. Systems that reward speed, streaks, or superficial completion may increase activity while reducing reflection, thereby weakening the very learning mechanisms mathematics requires.
Research therefore, points to a more nuanced claim: gamification is most likely to support mathematics learning when it makes competence development visible, encourages persistence through appropriately challenging tasks, and reinforces strategy use rather than merely rewarding outcomes. The diversity of gamification structures matters. In classroom-oriented research with young learners, different forms of gamification—competitive, collaborative, and adaptive—have been shown to produce different patterns of engagement and learning, underscoring that “gamification” is not a single treatment but a design space with distinct motivational and pedagogical consequences (Jagušt et al., 2018). In mathematics learning environments, adaptive and competence-focused mechanics can be especially valuable because they reduce the risk that students disengage when early attempts fail. This suggests that gamified math tools should be evaluated not only on engagement metrics but on whether engagement translates into improved strategy selection, error diagnosis, and transfer to non-routine problems (Bai et al., 2020; Sailer & Homner, 2020).
5.4 Manipulatives, representation, and bridging to abstraction
Another enduring theme in mathematics education is the role of representation—how learners connect concrete experiences, visual models, and symbolic expressions. Meta-analytic evidence supports the efficacy of teaching mathematics with concrete manipulatives, indicating positive effects on learning while also implying that the quality of instructional linkage between manipulatives and abstract ideas is decisive (Carbonneau et al., 2013). This finding has direct relevance to digital innovation because many math technologies function as virtual manipulatives or dynamic representations. The lesson from the manipulative literature is not simply “hands-on helps,” but that manipulatives help when learners are guided to map actions and visual patterns onto formal mathematical relationships (Carbonneau et al., 2013). Without that mapping, learners may focus on surface interactions and fail to internalize the intended structure.
In technology-enhanced environments, this mapping can be supported through prompts that require explanation, feedback that highlights invariant relationships, and sequences that gradually connect concrete or visual reasoning to symbolic generalization. When digital tools are designed to make structure salient—showing how changing one quantity affects another, or how equivalent representations encode the same relationship—they can accelerate conceptual insight while maintaining opportunities for exploratory learning. The implication of the evidence base is that representation-rich tools should be assessed by how well they support the transition from “doing” with representations to “thinking” with abstractions, rather than by interactivity alone (Carbonneau et al., 2013).
5.5 Augmented reality and embodied mathematics learning
Augmented reality (AR) extends representational possibilities by overlaying digital objects onto physical space, potentially supporting geometry, measurement, spatial reasoning, and embodied interaction. However, the empirical literature emphasizes both promise and constraint. A systematic review found that AR in education can yield motivational and achievement benefits, while also identifying common challenges such as usability problems, technical limitations, and design complexity (Akçayır & Akçayır, 2017). A meta-review and cross-media analysis similarly highlighted that AR effects vary and should be interpreted in relation to content domain and interaction design, implying that AR is most valuable when it adds representational power that other media cannot provide as effectively (Radu, 2014).
For mathematics, these findings suggest that AR should be targeted strategically rather than used as a general engagement layer. AR is most defensible when it externalizes spatial relationships in ways that help learners perceive invariants and constraints, or when it supports embodied experiences that clarify geometric or measurement concepts. Yet the same novelty that increases interest can also introduce friction and distraction if interfaces are unstable or if learners spend cognitive resources managing the medium rather than reasoning mathematically (Akçayır & Akçayır, 2017; Radu, 2014). The evidence thus supports a careful design stance: AR can enhance learning when it improves representational clarity and fosters meaningful mathematical interactions, but it can underperform when novelty increases extraneous complexity.
5.6 Integrating the evidence: what “works” across tool types
Across these technology categories, the evidence points to a coherent pattern. Tools are most effective when they (a) provide timely and diagnostic feedback that helps learners learn from errors, as in ITS and adaptive systems (Kulik & Fletcher, 2016; VanLehn, 2011; Steenbergen-Hu & Cooper, 2014); (b) sustain effort through motivational structures that emphasize competence development rather than superficial rewards (Bai et al., 2020; Sailer & Homner, 2020; Jagušt et al., 2018); and (c) strengthen conceptual understanding through representations that bridge concrete, visual, and symbolic reasoning (Carbonneau et al., 2013), including newer modalities where they add unique representational value (Akçayır & Akçayır, 2017; Radu, 2014). Meta-analytic syntheses at the general level reinforce that educational technology can raise achievement, but the mechanism is not technology per se; it is the learning design embedded in the tool and the instructional system around it (Cheung & Slavin, 2013; Li & Ma, 2010). This integrated view provides a practical foundation for the later argument of the paper: engagement must be designed to serve learning goals, and implementation must ensure that the tool’s pedagogical affordances are realized rather than diluted.
6. From “engagement” to “ethical engagement”: designing math technologies that teach without exploiting attention
Calls for “more engaging” mathematics technology often assume that engagement is an unqualified good. Yet, the attention-capture mechanisms that maximize time-on-device in consumer platforms can conflict with the cognitive and motivational conditions needed for durable mathematics learning. Ethical engagement reframes the design target: rather than optimizing for clicks, streaks, or compulsive return, learning technologies should optimize for mastery-oriented persistence, conceptual clarity, and learners’ long-run capacity to self-regulate. This shift is especially important in mathematics, where progress depends on sustained concentration, error analysis, and the willingness to remain with difficulty long enough for structure to become visible.
6.1  Realigning persuasive design toward mastery goals
Persuasive systems design offers a useful vocabulary for describing how systems steer behavior through features such as guided pathways, tailoring, reminders, reduction of friction, and rewards (Oinas-Kukkonen & Harjumaa, 2009). The ethical question is not whether systems influence behavior—they inevitably do—but whether the influence serves the learner’s goals transparently and proportionately. In mathematics learning tools, persuasive features can be repurposed toward mastery by guiding learners through coherent sequences of concepts, encouraging reflection after errors, and supporting deliberate practice routines. For example, “tunneling” can become a well-designed learning progression with timely conceptual prompts, and “self-monitoring” can become a mastery dashboard that emphasizes growth and strategy use rather than social comparison. Ethical engagement requires that these mechanisms remain legible to learners: the system should make clear what it is prompting and why, preserving learners’ sense of control.
6.2 Autonomy-supportive motivation rather than compulsion
An ethical engagement stance is grounded in motivation theory that emphasizes autonomy and competence as drivers of internalized learning regulation (Ryan & Deci, 2000). Many engagement tactics that produce high retention in consumer apps operate by narrowing autonomy—through constant nudges, scarcity cues, or social pressure. By contrast, mathematics learning technologies can preserve autonomy while still structuring commitment. Autonomy support can be built through meaningful choices (selecting representations, choosing problem pathways, deciding when to request hints), while competence support can be built through clear feedback that helps learners understand what to improve. Gamified elements can be aligned with these principles when they convey informational feedback about competence rather than functioning as controlling incentives. This distinction matters because mathematics persistence often depends on learners interpreting difficulty as “I can improve with effort and strategy,” not “I must keep clicking to maintain rewards.”
6.3 Feedback and rewards: designing reinforcement that teaches
Reward structures are not inherently harmful; they become problematic when they create dependency, encourage superficial completion, or trigger habitual checking. Evidence syntheses indicate that gamification can improve learning outcomes, but effects are variable and design-dependent, suggesting that rewards must be tightly coupled to learning processes (Bai et al., 2020; Sailer & Homner, 2020). In mathematics, ethical engagement implies that points, badges, or levels should signal meaningful progress, such as strategy mastery, error reduction in a specific concept cluster, or successful transfer to novel problems, rather than rewarding speed or volume alone. Feedback should prioritize explanatory guidance: why an approach failed, what misconception might be driving the error, and how to try a different strategy. When rewards are mapped onto these learning-relevant signals, they can sustain effort without shifting students into a purely extrinsic, “collect the points” mode that undermines conceptual depth.
6.4 Attention scaffolds and “distraction-aware” learning sessions
Because learners commonly study in interruption-rich environments, ethical engagement must include protective design against fragmentation. Research on task switching during studying suggests that learners often drift off task rapidly and that study strategies are associated with longer on-task engagement, implying that systems can meaningfully support self-regulation routines (Rosen et al., 2013). Complementarily, work on resilience to digital distractions underscores that motivational and self-efficacy factors relate to students’ ability to resist interruptions during independent learning, reinforcing the role of skill development alongside environmental control (Hatlevik & Bjarnø, 2021). Practically, math learning tools can incorporate focus modes that suppress nonessential prompts during problem-solving, schedule reflective pauses at concept boundaries, and encourage structured breaks rather than impulsive switching. The ethical aim is not constant engagement but coherent engagement: protecting uninterrupted windows for multi-step reasoning and metacognitive monitoring.
6.5 Cognitive load as a moral and instructional constraint
Ethical engagement also requires respect for learners’ limited cognitive resources. Cognitive load theory warns that poorly designed materials can overload working memory and reduce learning, especially for novices (Sweller, 1988). Many “engagement” add-ons—dense animations, excessive sound effects, cluttered interfaces, or rapid-fire interactions—risk increasing extraneous load in mathematics tasks that are already mentally demanding. A cognitively ethical design prioritizes clean visual hierarchy, stable representations, and scaffolds that reduce unnecessary search. It also implements gradual release: more guidance early, then fading supports as learners build schemas. In this way, the system’s engagement comes from clarity and meaningful challenge, not from sensory stimulation that competes with mathematical thinking.
6.6 Personalization that optimizes for learning, not retention
Adaptive learning can be one of the strongest pathways from engagement to achievement because it can keep learners in an appropriate zone of challenge while providing targeted feedback. Evidence syntheses show that intelligent tutoring systems can produce meaningful learning gains, in part due to individualized guidance and adaptive pacing (Kulik & Fletcher, 2016; VanLehn, 2011). However, personalization has an ethical risk: if the system’s objective function drifts toward maximizing time-on-platform, it may promote behaviors that resemble consumer engagement optimization rather than mastery progression. Ethical engagement requires that personalization be anchored to learning indicators—concept mastery, error patterns, hint dependency, and transfer performance—rather than to simplistic engagement metrics. It also calls for transparency about what is being adapted and why, so learners understand the logic of their pathway and can participate in their own learning regulation.
6.7 Emerging modalities and the novelty–load tradeoff
Emerging modalities such as augmented reality can increase interest and provide spatialized representations that may be useful for certain mathematical ideas, yet reviews highlight common challenges, including usability issues and technical friction (Akçayır & Akçayır, 2017). From an ethical engagement perspective, novelty should never be treated as a substitute for instructional value. If AR features add extraneous cognitive load, interrupt flow with technical delays, or encourage interaction without conceptual mapping, then the “engagement” they generate may be costly rather than beneficial. Ethical engagement, therefore, demands disciplined media selection: adopting new modalities only when they add representational power or embodied insight that is difficult to achieve otherwise, and designing them with cognitive load constraints in mind (Sweller, 1988).


7. Classroom and system implementation: turning tools into learning environments
Technology-enhanced mathematics learning succeeds or fails largely at the level of implementation. A recurring conclusion across synthesis work is that “technology” is not a single intervention but an ecosystem of tools, routines, instructional moves, and norms that shapes how learners allocate attention, interpret feedback, and persist through challenge. Meta-analytic findings showing positive average effects of educational technology on mathematics achievement also report substantial variability, implying that classroom integration and institutional conditions are decisive moderators of outcomes (Cheung & Slavin, 2013; Li & Ma, 2010). In practice, turning tools into learning environments requires deliberate orchestration: teachers need actionable visibility into student thinking, students need structured opportunities to translate feedback into improved strategies, and schools need policies that reduce friction and distraction without eliminating autonomy.
7.1 Teacher orchestration and blended integration
Blended integration works best when educators treat digital tools as complements to, not substitutes for, high-quality instruction. Large-scale syntheses indicate that educational technology can enhance mathematics achievement, but they also imply that its benefits are contingent on alignment with curricular goals, the quality of feedback loops, and the coherence of implementation across lessons (Cheung & Slavin, 2013; Li & Ma, 2010). In mathematics, where conceptual explanations and discourse matter, a productive division of labor often emerges: technology can deliver adaptive practice, immediate formative feedback, and data about error patterns, while teachers emphasize conceptual framing, mathematical language, justification, and transfer. This orchestration is not merely logistical; it is pedagogical. When teachers actively interpret platform data—such as recurring misconception signatures—and respond with targeted mini-lessons or strategy discussions, technology becomes a diagnostic instrument embedded in instruction rather than an isolated practice station.
Implementation quality also depends on pacing and the sequencing of representations. Tools that accelerate practice too quickly or introduce complex interfaces too early can undermine learning by overwhelming novices. Designing and selecting platforms with appropriate scaffolding and gradual release is essential, particularly because mathematics learning often involves managing multiple constraints and intermediate steps. Teacher orchestration, therefore, includes deciding when to constrain choice (for novices) and when to expand it (for developing learners), ensuring that autonomy supports learning rather than enabling avoidance.
7.2 Structuring attention: norms, policies, and self-regulation instruction
A central implementation challenge is that the same device can host both learning tools and distraction pathways. Experimental classroom evidence shows that multitasking on laptops can hinder learning for the multitasker and for nearby peers who are exposed to the distraction (Sana et al., 2013). Complementary evidence demonstrates that mobile phone use during lectures can reduce learning and recall, suggesting that even brief digital interruptions can disrupt encoding and comprehension (Kuznekoff & Titsworth, 2013). These findings underscore the need for classroom-level attention structures that are explicit, predictable, and instructionally justified—especially in mathematics, where problem-solving coherence is easily broken by task switching.
However, effective implementation moves beyond restriction toward building learners’ capacity to manage distractions. Observational research indicates that students often switch tasks quickly during studying and that study strategies are linked to longer on-task behavior, implying that attention is partly a skill set that can be taught and supported (Rosen et al., 2013). Recent work operationalizing “resilience to digital distractions” further suggests that self-efficacy, motivation, and approaches to studying relate to students’ ability to resist digital interruptions during independent work (Hatlevik & Bjarnø, 2021). In mathematics classrooms, these insights support a dual strategy: establish norms that minimize external triggers during core instruction and problem-solving phases, while explicitly teaching self-regulation routines such as planning study intervals, using structured breaks, and recognizing cues that prompt habitual checking. When students understand why sustained attention matters for multi-step reasoning, and when they practice concrete strategies to protect that attention, the classroom culture becomes a protective layer around learning rather than a battleground over devices.
7.3 Targeting misconceptions: feedback quality as the core mechanism
Across technology-enhanced learning approaches, feedback quality is a primary driver of learning gains. Intelligent tutoring systems and related adaptive tools have demonstrated meaningful effectiveness in supporting learning, largely because they can individualize practice, diagnose errors, and deliver timely hints that address misconceptions (Kulik & Fletcher, 2016; VanLehn, 2011). In mathematics, where students frequently reach correct answers through flawed reasoning or persist in stable misconceptions, such diagnostic feedback is particularly valuable. Yet, implementation determines whether feedback becomes learning. If students click through hints without reflection, or if teachers treat system scores as endpoints rather than signals for instruction, the learning mechanism weakens.
From a cognitive perspective, feedback and interface design should reduce extraneous cognitive load and focus attention on the mathematical structure of errors. Cognitive load theory predicts that unnecessary search, cluttered displays, or poorly timed guidance can overwhelm working memory and impair learning, especially for novices (Sweller, 1988). Effective classroom implementation therefore, includes guiding students to pause after errors, articulate what went wrong, and compare solution strategies. Teacher moves—such as brief conferences using system logs, targeted re-teaching, or whole-class discussions anchored in anonymized error examples—help convert feedback into conceptual change rather than mere correction.
7.4 Motivation without harm: designing competitive features carefully
Motivational design is another implementation hinge. Gamification and game-like structures can increase engagement and sometimes improve learning outcomes, but synthesis evidence suggests heterogeneous effects that depend on design choices, context, and learner characteristics (Bai et al., 2020; Sailer & Homner, 2020). Mathematics learning environments must therefore distinguish between engagement that deepens practice and engagement that merely accelerates completion. Evidence from classroom implementations shows that competitive, collaborative, and adaptive gamification can lead to different experiences and outcomes in young learners’ mathematics learning, reinforcing the point that “gamification” is not a unitary treatment (Jagušt et al., 2018). In practice, systems that emphasize adaptive challenge and competence feedback can sustain persistence without pushing students toward anxiety-inducing social comparison. When competitive elements are used, implementation should protect autonomy and dignity by prioritizing private progress indicators, optional participation, and norms that frame performance as growth rather than status.
At the system level, schools should evaluate platforms not only for learning gains but also for how they shape attention and motivation over time. Implementation fidelity includes ensuring that reward structures align with mastery goals, that classroom routines prevent constant interruption, and that teachers are supported with professional learning that interprets platform data and integrates it into instruction. In this way, technology becomes a learning environment—structured, supportive, and ethically engaging—rather than a high-friction mix of practice tools and distraction triggers.

8. Future research directions
The research base is strong enough to inform practice, yet significant gaps remain—especially regarding measurement, causality, and long-term outcomes in real classrooms.
A priority is improving the measurement of “technology exposure” during learning. Self-report screen time and device use often lack precision, while log data may capture only in-app behavior and not concurrent distractions. Future work should combine objective measures of interruptions, time-on-task, and context with learning outcomes to better isolate mechanisms. Research should also move beyond short-term post-tests toward transfer, retention, and mathematical reasoning quality, which better reflect educational goals.
Causal inference remains a challenge. Experimental studies demonstrate that multitasking harms learning (Sana et al., 2013) and that phone use during lecture reduces learning (Kuznekoff & Titsworth, 2013), but large-scale academic-performance associations (Lepp et al., 2014) may be confounded by traits such as self-regulation and study habits. Multi-method designs—combining randomized classroom trials, longitudinal tracking, and process measures—can clarify who benefits from which technologies and under what conditions.
Another research need concerns ethical personalization. Adaptive systems can enhance learning by adjusting challenge and feedback (Kulik & Fletcher, 2016; VanLehn, 2011), but researchers should audit whether personalization objectives inadvertently prioritize engagement metrics that mimic consumer attention capture. Similarly, AR research should continue to specify when AR adds unique representational value versus when it adds extraneous load, given that usability and technical issues are frequent barriers (Akçayır & Akçayır, 2017).
Finally, research should deepen participatory design approaches involving teachers and students. The “from addiction to application” framing implies that learners are not passive recipients but co-managers of attention in digital environments. Designing tools that explicitly cultivate self-regulation, metacognition, and autonomy may offer a durable pathway to long-term mathematical learning benefits.

9. Conclusions
[bookmark: _GoBack]Technology is neither the villain nor the savior of mathematics education. The same mechanisms that make digital platforms habit-forming—immediate feedback, rewards, personalization, and social cues—can either fragment attention or sustain productive learning. Evidence shows that distraction and multitasking undermine learning processes central to mathematics, yet a robust body of research also demonstrates that well-designed educational technologies can meaningfully improve mathematics achievement through adaptive feedback, individualized pacing, interactive representations, and carefully structured motivational supports. The central challenge is alignment: aligning engagement with mastery goals, aligning persuasive design with learner autonomy, and aligning classroom norms with attention protection. A shift from “addiction-aware restriction” to “ethical engagement design” offers a balanced pathway that protects learner well-being while leveraging technology’s proven capacity to support mathematics learning at scale.

10. Limitations
This review synthesizes a wide literature but necessarily simplifies complex constructs such as “addiction,” “distraction,” and “engagement,” which vary across measurement approaches and cultural contexts. The included evidence base spans experimental, correlational, and synthesis studies; consequently, causal claims are stronger for laboratory and controlled classroom findings than for large-scale associations. The technology landscape also evolves rapidly, and interventions labeled similarly (for example, “gamification” or “adaptive learning”) can differ substantially in design, making generalization imperfect. Finally, although the review emphasizes mathematics learning, some cited distraction research is domain-general; domain-specific mechanisms in mathematics warrant more direct empirical examination in future work.
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