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Abstract
Adolescents increasingly encounter news through algorithmically ranked feeds on video, messaging and social platforms rather than through mastheads, bulletins, or adult intermediaries. Ranking systems select and order what a young reader sees, yet the selection criteria are largely invisible, the sources are mixed, and fluent presentation is no guarantee of accuracy or independence. Meaningful news literacy in this environment therefore extends well beyond knowing that misinformation exists. It includes understanding that feeds are personalised, being able to establish who produced a claim and why, verifying consequential claims against independent evidence, calibrating trust to evidence rather than to presentation, recognising privacy and targeting risks, and behaving responsibly before resharing. This paper develops an academically grounded protocol for investigating these capacities among students in Classes IX and X in India. The proposed cross-sectional, multi-site survey uses a mixed-format instrument that combines objective knowledge items, self-reported competence, behavioural-frequency measures, scenario-based source-evaluation tasks, and a headline veracity discernment task. The conceptual model treats algorithmic news literacy as six related constructs: algorithmic and personalisation awareness, applied platform competence, source evaluation and verification, misinformation susceptibility, risk and ethical awareness, and responsible sharing behaviour. Device access, platform repertoire, language of news use, school context, and prior media-literacy instruction are treated as contextual predictors, while news trust and self-rated confidence are examined as calibration variables rather than as straightforward indicators of literacy. The protocol specifies a realistic independent-student sampling strategy, pilot testing, translation procedures, content and construct validation, reliability analysis, ethical safeguards for minors consistent with Indian data-protection expectations, and an analysis plan that accounts for school clustering and multiple comparisons. It also supplies participant materials, a complete draft questionnaire, and a variable-coding framework. No empirical findings are reported because primary data have not yet been collected. The study is designed to produce transparent, reproducible evidence about how Indian adolescents meet news, how they judge it, and what school-based instruction could strengthen safe, critical, and responsible participation.
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1. Introduction
For most adolescents with internet access, news no longer arrives as a discrete object. It arrives inside a feed. Short video, messaging forwards, aggregator cards, creator commentary, and platform notifications deliver political, health, and civic information alongside entertainment, and the order in which those items appear is decided by ranking systems optimised for engagement rather than for accuracy or civic value. Cross-national audience research documents an accelerating shift toward social and video platforms as the main route to news, with the shift most pronounced among the youngest respondents [1]. In India, the same surveys describe a mobile-first, platform-dominated environment in which social networks, video platforms, messaging applications, and increasingly artificial-intelligence assistants sit between the reader and the reporting [1,2]. The relevant analytic idea is not a single channel but a curated flow: an individual's news diet is assembled jointly by the person, by the people they are connected to, by strategic communicators, and by algorithmic selection [3].
This matters educationally because the selection layer is largely invisible to the reader. Users often do not realise that a feed is filtered at all, and when they do, their mental models of how filtering works are partial, inconsistent, and assembled from personal experience rather than instruction [4,5]. Young people build workable folk theories of ranking through expectancy violations, and those theories shift each time an interface changes [6]. A reader who does not know that content is being selected for them cannot reason accurately about what is missing from the feed, about why a particular claim reached them, or about whose interests the presentation might serve. Terminology also matters here: the field distinguishes false content shared without intent to deceive, false content deliberately created to harm, and accurate content weaponised out of context, and these categories call for different educational responses [7].
The second difficulty is evaluative rather than architectural. Large assessments of secondary-school students show that adolescents frequently accept online material on the strength of surface features, such as the professionalism of a page, the presence of citations, or the vividness of an image, without establishing who stands behind a claim [8,9]. Professional fact-checkers behave differently: rather than reading down a page, they leave it quickly to investigate the source elsewhere, a practice described as lateral reading [10]. This difference is instructive because it is teachable, concrete, and directly relevant to feed-based news, where the immediate context supplies almost no information about provenance.
The third difficulty concerns circulation. False and misleading claims can travel further and faster than corrected information, particularly when they are novel and emotionally charged [11]. In India, encrypted messaging adds a specific dynamic: content circulates within trusted family and neighbourhood groups where the forwarding relationship itself functions as an endorsement, where visual formats such as image macros carry much of the misleading content, and where consequences have at times been severe [12,13]. Adolescents are not passive in this system. They are members of family and class groups, they forward, and their resharing decisions are part of the circulation problem and part of its solution.
Whether education helps is an empirical question rather than an assumption. A large preregistered study conducted around elections in the United States and India found that a short, scalable digital media-literacy intervention improved discernment between mainstream and false headlines, although the effect was smaller and less durable in the Indian sample [14]. A field experiment in India found that an hour-long in-person media literacy module did not improve identification of misinformation on average, and that partisanship moderated responses [15]. Taken together, these results argue against confident claims that literacy instruction straightforwardly solves misinformation, and in favour of careful description of what specific competencies students actually have before interventions are designed for them.
Indian policy provides a clear rationale for such description. The National Education Policy 2020 and the National Curriculum Framework for School Education 2023 both foreground critical thinking, digital literacy, ethical reasoning, and responsible participation in a technology-rich society [16,17]. The Central Board of Secondary Education's Artificial Intelligence subject for Classes IX and X introduces data literacy, bias, and the social consequences of automated systems, which are the conceptual foundations of algorithmic awareness, although the subject is optional and its uptake is uneven [18,19]. The regulatory environment has also moved. The Digital Personal Data Protection Act 2023 defines everyone under eighteen as a child, and the Digital Personal Data Protection Rules notified in November 2025 operationalise verifiable parental consent while restricting tracking, behavioural monitoring, and targeted advertising directed at children [20,21]. Intermediary and digital-media rules place further obligations on platforms regarding unlawful and misleading content [22]. International guidance on media and information literacy similarly treats evaluation, ethics, and participation as core school competencies rather than optional enrichment [23]. Policy ambition, however, is not evidence of student capability.
The Indian secondary-school population is highly heterogeneous. Device ownership, connectivity, English-language proficiency, exposure to formal instruction, and adult guidance differ sharply across regions and school types, and national survey evidence documents uneven digital access and skill among rural youth aged fourteen to eighteen [24]. This heterogeneity makes sweeping national claims inappropriate for a modest independent-student project, and it makes carefully bounded, multi-site evidence valuable provided the limits of the sampling frame are stated plainly rather than glossed.
The present paper therefore develops a complete research protocol for a study of algorithmic news literacy among Indian students in Classes IX and X. It preserves a narrow empirical focus, namely news exposure and access, personalisation awareness, source evaluation and verification, misinformation susceptibility, trust calibration, risk perception, and responsible sharing, while grounding these observations in a multidimensional literacy model. The design deliberately separates what students say they can do from what they know and from how they respond to short, concrete tasks. It also treats verification as an active practice: establishing who produced a claim, checking it against reliable independent sources, opening rather than counting citations, checking whether an image is being reused out of context, and recognising when uncertainty requires restraint.
The contribution is threefold. Conceptually, the paper integrates algorithm-awareness research, civic online reasoning, misinformation-susceptibility measurement, and child-centred risk principles into a framework suitable for secondary-school research in India. Methodologically, it supplies an original survey instrument, a validation pathway, an ethical protocol, and a prespecified analysis plan that an independent student researcher can implement with school and adult oversight. Substantively, the future study is positioned to identify gaps between exposure and judgement, for example heavy feed-based news use paired with weak provenance checking, without presuming that such gaps exist before data are collected. This protocol approach protects research integrity: it advances the paper as far as current evidence permits and stops before reporting participants or findings that do not yet exist.
2. Literature Review
2.1 The algorithmic news environment and adolescent audiences
Debate about algorithmic curation has moved a long way from its early framing. The filter-bubble thesis proposed that personalised selection would enclose readers within self-confirming information environments [25]. Large-scale platform and browsing studies complicated that picture: algorithmic ranking on social platforms was found to reduce exposure to cross-cutting content less than individual choice did [26], web-browsing data showed that social and search referrals were associated with both greater ideological distance and greater exposure to opposing views [27], and a more recent set of platform experiments found like-minded sources to be prevalent without being straightforwardly polarising [28]. Audit work nonetheless confirms that ranking materially changes what a user actually sees relative to a chronological baseline [29]. The defensible summary for educational purposes is narrower than the popular one: personalisation is real, consequential, and opaque, but its effects are contingent, and instruction that teaches adolescents to believe they are trapped in a bubble would misstate the evidence as badly as instruction that ignores ranking altogether.
This has a direct measurement implication. A survey should not ask students whether they are in a filter bubble. It should ask whether they know that selection is occurring, what signals feed that selection, who benefits from it, and what a reader can do about it. Those are answerable, age-appropriate, and instructionally actionable questions.
2.2 Algorithm awareness and algorithmic literacy
A substantial body of user-centred research examines what people actually understand about ranking. Users develop an algorithmic imaginary, a set of intuitions about how systems behave that is shaped by everyday encounters and that in turn shapes their behaviour [30]. Studies of young people's engagement with algorithmic news selection find that sense-making is context-specific and triggered by expectancy violations or explicit personalisation cues, and, importantly, that experiential insight does not automatically translate into the vocabulary needed to articulate it, nor does knowledge automatically produce intervention in one's own feed [31]. Survey work with students has found that a substantial proportion do not recognise that their news feeds are filtered at all [32].
Measurement in this area has matured. Research on algorithm skills argues for behavioural and knowledge-based measures rather than self-assessment alone [33,34], and studies of algorithmic knowledge gaps show that understanding is distributed unevenly by education and socioeconomic position, so that awareness itself becomes a dimension of digital inequality [35]. Two validated instruments are particularly relevant. Dogruel and colleagues developed a platform-neutral algorithm literacy scale distinguishing awareness of algorithm use from knowledge about how algorithms operate, validated with item-response methods and shown to predict how users handle algorithmic curation in test scenarios [36]. Zarouali and colleagues developed the algorithmic media content awareness scale, which captures awareness of content filtering, automated decision-making, human-algorithm interplay, and ethical considerations [37]. Integrative reviews of this literature note that algorithm literacy is conceptualised inconsistently, that most evidence comes from adults in high-income Western settings, and that adolescent and Global South samples remain under-represented [38,39].
Two consequences follow for the present protocol. First, existing scales provide strong conceptual precedents but cannot be assumed to function identically among fourteen- to sixteen-year-olds studying in Indian schools in English or Hindi; original, age-appropriate items are required, and they require validation. Second, awareness must be measured as knowledge, not as confidence, because familiarity with an interface is easily mistaken for understanding of the system behind it.
2.3 Source evaluation, civic online reasoning, and verification
Research on how students judge digital information is unusually consistent. A national assessment of United States high-school students reported widespread difficulty with basic provenance tasks, including failure to consider whether a site's funders had an interest in its claims and acceptance of decontextualised video as strong evidence [8]. Earlier task-based work reached similar conclusions across grade levels [9]. The explanatory account is not that adolescents are careless but that they apply heuristics that once worked reasonably well: professional design, apparent expertise, volume of references, and social endorsement all operate as credibility cues even when they are trivially easy to fabricate [40,41]. Comparable difficulties have been documented among adolescents outside the United States, indicating that the pattern is not confined to one national context [42].
The corresponding instructional response is well specified. Lateral reading, in which the reader leaves the page to establish who is behind it before evaluating what it says, distinguishes expert from novice evaluation [10], and classroom interventions built on that principle have improved students' evaluation performance [43]. For a feed-based news environment the same logic extends to specific, checkable actions: identifying the original publisher behind a reshared card, opening a cited link rather than counting citations, checking whether an image has been reused from an earlier event, checking dates, and comparing the claim against an independent source before accepting or forwarding it. Because these are discrete behaviours, they can be measured both as reported frequency and as scenario performance, which is the approach adopted here.
2.4 Misinformation susceptibility, trust, and overconfidence
Susceptibility to false news is better explained by insufficient analytic engagement than by motivated reasoning alone: people who reason more reflectively discern true from false headlines more accurately irrespective of whether the headline is politically congenial [44]. Reviews of the field describe a set of cognitive, social, and affective drivers, including familiarity, source cues, repetition, and emotional arousal, and note that corrections work but rarely erase the original influence entirely [45,46,47]. Measurement has become more rigorous. The Misinformation Susceptibility Test provides a psychometrically validated approach in which respondents judge a balanced set of true and false headlines, and, critically, distinguishes overall discernment from directional response bias, so that indiscriminate scepticism is not mistaken for skill [48]. That distinction is essential for adolescent research, where a student who rejects everything scores well on false items and badly on true ones.
Confidence deserves separate treatment. Overconfidence in one's own news judgement is associated with greater susceptibility to false news and with a reduced likelihood of checking [49], and third-person perception, in which people judge others to be more affected by fake news than themselves, is well documented [50]. Preventive approaches, including inoculation and short game-based prebunking, have shown improvements in the ability to recognise manipulation techniques [51,52,53], while meta-analytic evidence indicates that fact-checking has real but conditional effects [54]. For the present study the implication is that trust and confidence are calibration variables rather than outcomes to be maximised. The desirable profile is conditional trust that rises with verifiable evidence and falls when provenance is unclear or when consequences of error are serious.
2.5 News literacy education and its documented limits
Media literacy education is widely endorsed and unevenly evidenced. Reviews describe a field with strong normative commitments, heterogeneous programme designs, and comparatively little rigorous outcome evaluation [55]. Empirical work distinguishing literacy types has found that information literacy, understood as the capacity to locate and evaluate sources, predicts accurate identification of false news, whereas broader media literacy and news literacy measures do not consistently do so [56]. Studies of news literacy and social-media behaviour report that literacy relates to scepticism and verification intentions in nuanced ways, and that brief, well-designed messages can shift them [57,58]. Instruction in political reasoning has been shown to improve judgement of online evidence [59]. There is also a well-known caution that literacy instruction which teaches generalised distrust can be counterproductive, producing readers who dismiss credible institutional reporting as readily as fabricated content [60].
Together with the Indian intervention studies described earlier [14,15], this literature supports a modest and precise framing. The goal of measurement here is not to demonstrate that literacy instruction works. It is to describe, accurately and with appropriate uncertainty, which specific competencies students in a bounded sample already hold, so that any subsequent intervention can be targeted rather than generic.
2.6 The Indian context
India-specific evidence establishes the setting without answering the research question. Audience research describes a mobile-first, platform-dominated market with comparatively low institutional trust, extensive reliance on distributed discovery, and widespread public concern about false information; these surveys, however, sample English-speaking online populations and should not be read as representative of all Indian adolescents [1,2,61]. Political-communication research documents organised information operations and polarised circulation dynamics [62]. Research on encrypted messaging identifies image-based misinformation as a dominant format in Indian political groups and documents the social conditions under which such material is believed and forwarded [12,13].
Educational and child-rights frameworks supply the normative anchor. UNESCO's national education report for India situates opportunity alongside governance challenges [63], its global media and information literacy curriculum treats evaluation and ethics as teachable competencies [23], and its guidance on digital platform governance emphasises institutional as well as individual responsibility [64]. Child-centred policy guidance places safety, privacy, fairness, and children's agency at the centre of digital governance [65,66], which aligns directly with the Indian data-protection rules restricting behavioural tracking and targeted advertising directed at under-eighteens [20,21]. Comparative assessment evidence indicates that whether students are explicitly taught to detect bias and evaluate sources varies substantially across education systems and is associated with performance [67]. A survey of individual students should therefore not interpret weak competence as a personal deficit alone; it may reflect unequal opportunity, absent instruction, unclear school rules, or language barriers.
2.7 Synthesis and study rationale
The targeted literature review located limited peer-reviewed evidence that jointly measures news exposure, objective personalisation awareness, source-evaluation performance, misinformation discernment, trust calibration, and responsible sharing specifically among Indian students in Classes IX and X. This is a bounded gap statement rather than a claim that no relevant Indian study exists; the field is developing quickly and indexing is uneven, so the review must be updated immediately before journal submission.
Six decisions follow from the literature. First, algorithmic news literacy is multidimensional and must not be reduced to platform use or to self-reported confidence. Second, objective and scenario-based items are required alongside self-report. Third, source evaluation and verification form a distinct practical capability that links understanding to action. Fourth, misinformation susceptibility must be measured in a way that separates discernment from indiscriminate scepticism. Fifth, trust and confidence should be analysed as calibration variables rather than maximised. Sixth, behaviour is shaped by opportunity and institutional context, so interpretation must account for access, language, prior instruction, and school rules. These decisions inform the framework, instrument, and hypotheses presented below.
3. Conceptual Framework
The proposed framework defines algorithmic news literacy as a set of interrelated capacities that enable a secondary-school student to recognise how news reaches them, to interpret and act on platform selection at an age-appropriate level, to establish the provenance and quality of claims, to judge veracity without collapsing into indiscriminate distrust, to recognise privacy and targeting risks, and to behave responsibly when deciding whether to accept, ignore, correct, or forward. It is a research model rather than a claim that a single latent trait explains every behaviour. The dimensions are examined separately first; a higher-order composite will be considered only if theoretical coherence and empirical structure support it.
Table 1. Proposed constructs and measurement approach
	Construct
	Operational meaning
	Primary evidence

	Algorithmic and personalisation awareness
	Age-appropriate knowledge that feeds are selected and ranked, what signals drive selection, why two students see different content, and how engagement optimisation relates to what is shown.
	Objective multiple-choice items

	Applied platform competence
	Perceived ability to trace a post back to its original publisher, use platform controls and settings, search for corroboration, and choose appropriate sources for a specific information need.
	Agreement-scale items

	Source evaluation and verification
	Routine and demonstrated ability to establish provenance, open and inspect links, check dates and image reuse, and compare claims against independent evidence before accepting them.
	Frequency items and scenarios

	Misinformation susceptibility
	Accuracy in distinguishing plausible true from plausible false news headlines, reported separately from directional bias toward acceptance or rejection.
	Balanced headline judgement task

	Risk and ethical awareness
	Recognition of privacy and data-collection risk, targeted persuasion, manipulated and synthetic media, harm from forwarding, and the civic consequences of unverified circulation.
	Knowledge and agreement items

	Responsible sharing behaviour
	Reported practices that pause before forwarding, verify before sharing, correct or retract, avoid amplifying harmful content, and seek adult or teacher help when stakes are high.
	Behavioural-frequency and intention items

	Trust calibration and confidence
	Conditional confidence in news content that varies with source, evidence, and consequence, together with self-rated judgement ability compared against measured discernment.
	Task-sensitive trust items; confidence-accuracy comparison


Note. Construct labels are study-specific and informed by prior algorithm-awareness, civic online reasoning, misinformation-measurement, media and information literacy, and child-centred risk frameworks. Operational definitions will be revised after expert review and cognitive interviewing.
Fig 1. Proposed conceptual framework
Note. Original conceptual diagram developed for this study and supplied as a separate figure file (Fig1). Arrows represent hypothesised directional associations, not established causal effects.
Figure 1 positions contextual conditions as antecedents of opportunity and exposure rather than as components of literacy. Algorithmic and personalisation awareness, applied platform competence, and risk and ethical awareness may each support source evaluation and responsible behaviour. Source evaluation and verification provide the central pathway from knowledge to action, because they determine whether a claim is accepted, ignored, investigated, corrected, or forwarded. Misinformation susceptibility is positioned as an outcome of that evaluative pathway and, together with trust and confidence, as a calibration indicator: it shows whether judgement tracks evidence. Because the planned design is cross-sectional, arrows express theoretical direction only; causal claims will not be made from observed associations.
4. Aim, Objectives, Research Questions, and Hypotheses
4.1 Aim
To investigate the news exposure, access, personalisation awareness, applied platform competence, source evaluation and verification practices, misinformation susceptibility, trust calibration, risk perception, and responsible sharing behaviour of Indian secondary-school students in Classes IX and X within a transparently bounded multi-site sample.
4.2 Objectives
1. Describe news exposure, platform repertoire, frequency and purposes of news use, language of news use, and sources of guidance about news.
1. Measure algorithmic and personalisation awareness, applied platform competence, source evaluation and verification, misinformation susceptibility, risk and ethical awareness, and responsible sharing behaviour using mixed item formats.
1. Examine the relationship between frequency of platform-based news use and the quality of source evaluation, rather than assuming that frequent exposure indicates stronger literacy.
1. Assess whether news trust and self-rated confidence are calibrated to evidence and consequence, and whether confidence exceeds measured discernment.
1. Compare results by class, school type, location, language, device access, platform repertoire, and prior media-literacy instruction while reporting effect sizes and uncertainty.
1. Identify school-based supports that students report needing for safe, critical, and civically useful engagement with news.
4.3 Research questions
1. RQ1. What are the levels and patterns of news exposure, platform repertoire, frequency and purposes of news use, and prior media-literacy instruction in the participating Classes IX–X sample?
1. RQ2. What are the distributions of algorithmic and personalisation awareness, applied platform competence, source evaluation and verification, misinformation susceptibility, risk and ethical awareness, responsible sharing behaviour, and trust calibration?
1. RQ3. How are frequency of news use, applied competence, personalisation awareness, and source-evaluation performance related?
1. RQ4. How are source-evaluation performance, trust calibration, and self-rated confidence related to misinformation discernment and to directional response bias?
1. RQ5. How are risk and ethical awareness, trust calibration, and responsible sharing behaviour related?
1. RQ6. Do literacy dimensions differ by class, school type, location, language, device access, platform repertoire, or prior media-literacy instruction?
1. RQ7. Which contextual and literacy variables independently predict source-evaluation performance and responsible sharing behaviour after prespecified covariates and school clustering are considered?
1. RQ8. What benefits, concerns, and desired forms of school support do students describe in optional open-ended responses?
4.4 Hypotheses
1. H1. Higher algorithmic and personalisation awareness will be positively associated with stronger source-evaluation and verification performance.
1. H2. Stronger source-evaluation and verification performance will be positively associated with misinformation discernment, measured as accuracy across balanced true and false headlines rather than as rejection of false headlines alone.
1. H3. Higher risk and ethical awareness will be positively associated with more responsible sharing behaviour.
1. H4. Students reporting prior formal media-literacy or news-literacy instruction will show higher personalisation awareness and source-evaluation performance than students reporting none, after adjustment for grade, access, and school context.
1. H5. Greater frequency of platform-based news use will be positively associated with applied platform competence; its association with source-evaluation performance will be tested without prespecifying a positive direction.
1. H6. The gap between self-rated judgement ability and measured discernment will be negatively associated with verification frequency, so that students whose confidence exceeds their measured accuracy will report checking less often.
1. H7. Source-evaluation performance will mediate part of the association between personalisation awareness and responsible sharing behaviour, if sample size, temporal caution, and model fit permit an exploratory indirect-effect analysis.
Trust calibration is treated as an exploratory moderator because a simple linear hypothesis would be misleading. Both indiscriminate trust and indiscriminate distrust may reflect poor calibration, and the headline task is scored so that a uniformly sceptical response pattern is visible as bias rather than rewarded as skill. The primary analysis will therefore examine task-sensitive trust patterns and, if justified, quadratic or category-based relationships specified before the analysis is run.
5. Methodology
5.1 Design and reporting status
The study is designed as a cross-sectional, multi-site, school-based survey with quantitative and optional qualitative components. It is a protocol at the time of writing. No school has been described as recruited, no participant has been counted, and no response has been analysed. The cross-sectional design is appropriate for estimating distributions and associations within a bounded sample, but it cannot establish temporal order or causality. Future reporting should follow relevant observational-study and survey-reporting guidance [68,69] and should distinguish prespecified from exploratory analyses throughout.
The intended unit of observation is the individual student, with students nested within schools. The design is not nationally representative. Its value depends on transparent documentation of the recruitment frame, participation rates, school characteristics, and missingness. Any eventual article must name the states or territories and the number and type of participating schools only after permission and disclosure-risk review.
5.2 Setting and target population
The target population is students enrolled in Classes IX and X in participating Indian secondary schools. These grades are selected because students are old enough to hold personal or shared devices, to participate in messaging groups, and to encounter civic and political information independently, while still being within compulsory school structures where adult permission and safeguarding are central. Eligible schools may include government, government-aided, and private unaided institutions and, where feasible, urban, semi-urban, and rural settings. The feasible sampling frame will depend on schools that provide institutional permission and a supervised route to students.
Students do not need to follow news regularly to participate. Low engagement is substantively important because it may reflect lack of access, restriction, disinterest, avoidance, or deliberate choice, and news avoidance is itself a documented feature of contemporary audiences. The questionnaire uses a short, brand-neutral definition with examples and avoids requiring familiarity with any specific commercial platform. Students who report little or no news use bypass detailed exposure items and complete knowledge, scenario, headline-judgement, risk, and intention items that do not require extensive personal experience.
5.3 Sampling and sample size
A stratified purposive cluster-sampling approach is realistic for an independent student researcher. The researcher should first seek adult-supervised contact with approximately eight to twelve schools that vary, where feasible, by management type and location. Within participating schools, intact Classes IX and X sections may be invited rather than asking teachers to select individual students. Inviting whole eligible sections reduces discretionary selection but does not eliminate school-level self-selection. The resulting sample must be described as a participating-school sample, not as a sample of all Indian secondary-school students.
A provisional target of approximately six hundred completed surveys is proposed, aiming for reasonable balance by class and diversity across schools. This is not a claimed enrolment figure. Before fieldwork, a formal power analysis should be documented using the smallest effect of practical interest and the planned primary model [70]. For orientation, detecting a small correlation of about |r| = .15 with two-sided alpha .05 and 80% power requires roughly 347 independent observations; the design effect introduced by school clustering, together with nonresponse, incomplete surveys, and planned subgroup analyses, justifies substantial inflation above that figure. If fewer schools participate or the achieved sample is materially smaller, the analysis should be simplified and uncertainty emphasised rather than compensated for with stronger claims.
Inclusion criteria are enrolment in Class IX or X at a participating school, comprehension of an approved survey language, required guardian permission, student assent, and voluntary participation. Prespecified exclusion criteria are absent required consent or assent, duplicate records identified without retaining direct identifiers, surveys missing most substantive items, impossible completion patterns based on pilot-derived timing, and failure of a plainly worded attention check. Exclusions must be reported with counts and reasons; they must not be chosen after viewing group differences.
5.4 Instrument development
The questionnaire in Appendix A is an original, study-specific instrument informed by published algorithm-awareness scales, civic online reasoning assessments, misinformation-susceptibility measurement, news literacy research, UNESCO media and information literacy guidance, child-centred risk principles, and the Indian regulatory and curricular context [23,36,37,48,56,65]. It does not reproduce proprietary scale items verbatim. Original wording allows alignment with Classes IX and X and with the study's specific constructs, but it also means that validity and reliability must be established before substantive score interpretation [71,72].
The instrument contains eligibility and assent items; background and access questions; news exposure and use items; ten objective algorithmic and personalisation awareness questions; five applied-competence items; seven source-evaluation frequency items; three source-evaluation scenarios; a balanced eight-headline veracity-judgement task with an accompanying self-rated ability item; eight risk and ethical-awareness items; six responsible-sharing items; five trust-calibration items; and three optional open-ended prompts. Behaviour items use a five-point Never-to-Always scale; perceived competence and awareness items use a five-point Strongly-disagree-to-Strongly-agree scale; headline items use a four-point accuracy judgement with an explicit uncertainty option. Consistent anchors reduce cognitive switching. Estimated administration time is 20–25 minutes, to be confirmed during pilot testing.
The headline task requires particular care. Items must be balanced between true and false content, must be plausible rather than absurd, must avoid partisan targeting of any Indian political formation, and must be scored so that overall discernment is reported separately from any tendency to accept or reject indiscriminately [48]. True items should be drawn from verifiable, dated reporting by established outlets and rewritten in neutral language; false items should be constructed by the research team to illustrate recognisable manipulation techniques rather than copied from circulating content, so that the instrument does not itself propagate specific falsehoods. Every item must be reviewed by the expert panel for accuracy, topicality, and potential distress before piloting, and the veracity of each true item must be re-checked immediately before fieldwork.
Figures 2 and 3 make the instrument architecture transparent. They summarise the number and allocation of drafted questionnaire items; they do not contain participant responses, pilot estimates, or study findings.
Fig 2. Draft questionnaire item allocation by section
Note. Counts are derived directly from Appendix A (78 drafted items across 11 sections) and supplied as a separate figure file (Fig2). This is instrument-design information, not participant data.
Fig 3. Composition of core and related construct items
Note. The chart shows the allocation of 52 drafted items across seven construct domains and is supplied as a separate figure file (Fig3). Percentages describe questionnaire composition only and do not represent student responses.
The English version should be translated into Hindi if participating schools require it, and the translation should follow an established cross-cultural adaptation process: forward translation by a fluent bilingual educator, review by a second bilingual reviewer, reconciliation, and back-translation of high-stakes or conceptually difficult items [73]. Cognitive interviews should test whether phrases such as 'independent source', 'original publisher', 'personalised feed', 'forwarded many times', and 'school rules' are understood as intended [74]. Headline items require particular scrutiny during translation because plausibility is language- and context-dependent. Other languages should be added only when competent translation and review are available; automatic translation alone is insufficient for a research instrument.
Table 2. Questionnaire blueprint
	Questionnaire section
	Content
	Planned analytic use

	Background and access
	Grade, age band, gender, school context, language, device and connectivity, prior media-literacy instruction, school rules
	Description and covariate definition

	News exposure and use
	Attention to news, platform repertoire, frequency, purposes, group forwarding, guidance sources
	Exposure profile; skip logic for low-engagement respondents

	Algorithmic and personalisation awareness
	Ten objective items
	Item difficulty; prespecified awareness score if coherent

	Applied platform competence
	Five agreement items
	Candidate reflective scale

	Source evaluation and verification
	Seven frequency items and three scenarios
	Behaviour profile plus performance score

	Misinformation susceptibility
	Eight balanced headline judgements plus self-rated ability
	Discernment and bias indices; confidence-accuracy gap

	Risk and ethical awareness
	Eight knowledge and agreement items
	Profile; subscale only if structure supports it

	Responsible sharing behaviour
	Six frequency and intention items
	Candidate reflective scale

	News trust calibration
	Five task-sensitive items
	Item profile; non-linear exploratory analysis

	Open responses
	Benefit, concern, requested school support
	Inductive coding with deductive framework map


Note. Final item retention and scale composition depend on expert review, cognitive testing, pilot performance, and the main-sample measurement model.
5.5 Pilot testing, validity, and reliability
Instrument development will proceed through three gates. First, a panel of approximately three to five reviewers, ideally including a secondary-school teacher of social science or language, a journalism or fact-checking practitioner, a measurement-informed researcher, and a child-safeguarding or ethics adviser, will judge relevance, clarity, age appropriateness, factual accuracy of headline items, and construct coverage. Item-level content-validity indices may be calculated if reviewers use a four-point relevance scale [75], but numerical indices will supplement, not replace, documented comments and revision decisions.
Second, cognitive interviews with about six to ten students from the target grades but outside the main sample will use think-aloud and probing techniques [74]. Students will explain what they believe each item asks, how they chose a response, and whether any term is confusing or uncomfortable. This stage is crucial because an apparently simple item can be interpreted as a test of political loyalty, general knowledge, or moral character rather than the intended construct. Headline items in particular must be checked for unintended cueing, since a false item that looks obviously fabricated to an adult may read as ordinary to a student, or the reverse. Interview notes will be de-identified and used to revise wording and response options.
Third, a pilot survey with approximately thirty to fifty students from schools or sections not included in the main analysis will assess completion time, missingness, floor and ceiling effects, distractor and headline-item performance, response distributions, and preliminary internal consistency. This pilot range is practical for usability testing but too small for definitive factor analysis. Items will not be deleted solely to increase a reliability coefficient. Revision will consider content importance, comprehension, item-total behaviour, and redundancy.
In the main sample, measurement evidence will be examined before hypothesis testing, following contemporary validity theory in which validity is a property of score interpretation rather than of an instrument [71,72]. For candidate reflective scales, dimensionality will be assessed using exploratory or confirmatory factor analysis depending on sample size and the strength of prior specification, with ordinal estimators preferred for Likert items. McDonald's omega will be the primary internal-consistency estimate, with alpha reported for comparison and with the known limitations of alpha for ordinal, multidimensional data acknowledged [76,77]. Objective and headline items will be reported individually and may be evaluated with item-response or Rasch methods if assumptions and sample size are adequate. Known-groups or convergent evidence may be explored through prior instruction and related constructs, but no single correlation will be labelled proof of validity.
5.6 Recruitment and data-collection procedure
1. Obtain adult research mentorship, school-level permission, and an ethics or safeguarding determination appropriate to the institution and jurisdiction before contacting students.
1. Provide schools with the protocol, survey, participant information sheet, guardian permission form, student assent form, data-management plan, and a plain-language explanation that participation will not affect grades.
1. Distribute guardian materials through the school using the approved consent model. Do not use assumed consent unless explicitly permitted by the responsible authority, and document how the model was chosen.
1. Administer the survey in a supervised setting or an approved secure online environment. Teachers should not hover over individual responses, and the student researcher should not collect names, roll numbers, personal emails, phone numbers, social-media handles, or account identifiers.
1. Present information and assent before the survey. Students may decline or skip any nonessential question without penalty. A low-engagement route must remain available for students who do not follow news.
1. Export the data to an access-restricted, encrypted location; remove platform metadata not needed for analysis; create a processing copy with indirect identifiers minimised; and maintain a reproducible cleaning log.
1. Report the number of schools approached, schools participating, students eligible, permissions returned, assents provided, completed surveys, and exclusions, subject to disclosure-risk limits.
Fig 4. Planned research workflow and evidence gate
Note. Original workflow diagram developed for this protocol and supplied as a separate figure file (Fig4).
5.7 Ethical safeguards and data management
Participants are minors, so school permission, guardian permission where required, student assent, voluntariness, privacy, and minimisation of risk are non-negotiable. This manuscript does not claim ethics approval. Data collection must not start until a responsible adult mentor and the participating institutions determine the appropriate ethics or institutional-review route and approve the materials, consistent with national research-ethics guidance and with established principles for ethical research involving children [78,79]. If an institutional review board or ethics committee is unavailable, this absence does not justify informal recruitment; the researcher should work through the school's authorised safeguarding and research processes and document the decision pathway.
Indian data-protection expectations are directly relevant because every participant is legally a child. The Digital Personal Data Protection Act 2023 and the Rules notified in November 2025 require verifiable parental consent for processing children's personal data and restrict tracking, behavioural monitoring, and targeted advertising directed at children [20,21]. The most defensible response for a student-led project is to avoid processing personal data wherever possible: the survey should collect no direct identifiers, no account information, and no free-text field that invites them. Where a school requires a hosted survey platform, the platform's data-collection settings must be reviewed and unnecessary metadata capture disabled before administration, and the review must be documented.
The survey is designed to avoid direct identifiers. Age is collected in bands, location is coded broadly, and school identity should be replaced by a study code in the analytic file. Combination-based disclosure risk must still be considered: a rare combination of school, grade, language, and demographic characteristics can identify a student even without a name. Small cells should be suppressed or combined in public tables. Open-ended responses must be checked for names and other identifying details before quotation. Direct quotations should be used only with approval and should be lightly de-identified without changing meaning.
The data-management plan should specify where data are stored, who has access, how transfers occur, how long raw and processed data are retained, and when they are securely deleted. A practical plan is to restrict access to the student researcher and named adult mentor; store data in encrypted, password-protected institutional or family-approved storage; keep consent records separate from anonymous survey data; retain de-identified analysis data only for the period needed for assessment or publication; and delete identifiable administrative records according to school or ethics requirements. Exact dates must be inserted before recruitment.
The questionnaire asks about practices, not confessions. It does not ask students to paste message threads, reveal account details, identify who sent them a particular forward, name teachers, or describe punishable incidents. Political items are excluded: the study measures how students evaluate claims, not what they believe about parties, leaders, communities, or contested events, and headline items are screened to avoid communal, electoral, and other sensitive framing. Wording emphasises that there are no grade consequences and that honest responses, including low news engagement, are useful. If a student discloses distress or asks for help about harmful content during administration, the researcher should follow the school's existing safeguarding route rather than attempting to investigate or counsel the student independently.
5.8 Variable scoring and data-quality rules
Scoring decisions will be finalised after pilot revision and frozen in a dated analysis protocol before the main outcome models are run. Objective items will be coded 1 for the keyed response and 0 otherwise; 'not sure' will be treated as incorrect for knowledge scoring but retained as a distinct response in item-level tables. Likert items will retain their ordered 1–5 values. Negatively worded items, if retained after cognitive testing, will be reverse-coded so that higher values consistently indicate stronger awareness, evaluation, or responsibility. Appendix E provides the preliminary codebook.
The headline task will be scored following the logic of validated veracity-discernment measures [48]. Three indices will be reported: discernment, defined as the difference between accuracy on true items and errors on false items; real-news detection; and false-news detection. A directional bias index will be reported alongside them so that a respondent who rejects every headline is not credited with skill. A confidence-accuracy gap will be computed as the standardised difference between self-rated judgement ability and measured discernment, and reported descriptively before any inferential use.
Scale scores will be calculated only when a respondent answers a prespecified proportion of items, provisionally at least 80%. If that threshold is met, the mean of completed items can preserve the original response metric; otherwise the scale score will be missing. Scenario items will be scored separately and combined only if they measure a coherent evaluation construct. A single global algorithmic news literacy score will not be reported by default. It will be considered only if higher-order structure and interpretability are supported; dimension profiles are likely to be more educationally useful.
Quality checks include range checks, internal skip-logic checks, duplicate review using non-identifying technical patterns approved in advance, completion-time flags derived from the pilot, and a single transparent attention check. A flagged survey is not automatically invalid. Exclusion requires a prespecified combination of evidence, and sensitivity analyses will compare results with and without borderline cases. Outliers in legitimate responses will not be removed merely because they affect results.
5.9 Data-analysis plan
Analysis will begin with a reproducible flow diagram and a table comparing available characteristics of included and excluded surveys. Descriptive statistics will report counts, percentages, means and standard deviations when distributions justify them, and medians and interquartile ranges otherwise. All estimates will include confidence intervals where meaningful. Exposure categories, headline items, and risk items will be shown individually to avoid concealing important patterns within a total score.
Psychometric analysis precedes substantive group comparisons. Objective-item and headline-item difficulty and discrimination will be examined. Candidate Likert scales will be assessed for dimensionality and internal consistency. If a scale is revised after examining the main sample, the change will be labelled exploratory and cross-validation or sensitivity analysis will be considered. Measurement invariance across class or language will be tested only if subgroup sizes and model quality are sufficient [80]; otherwise group comparisons will be framed cautiously at the item or observed-score level.
Bivariate analyses will use chi-square tests for categorical variables, t tests or analysis of variance for approximately continuous scores when assumptions are reasonable, and nonparametric alternatives when they are not. Effect sizes such as Cramér's V, standardised mean differences, rank-biserial correlations, or eta squared will accompany p values. Spearman or Pearson correlations will be chosen based on measurement and distribution. Multiple testing within families of subgroup comparisons will be controlled using the Benjamini–Hochberg false-discovery-rate procedure [81], while primary hypotheses will remain clearly distinguished from exploratory analyses.
For source-evaluation performance, misinformation discernment, and responsible sharing behaviour, hierarchical regression models will enter contextual variables first (grade, school type, location, language, device access, prior instruction), followed by exposure and literacy variables. Generalised or ordinal models will be used if outcome distributions require them. Because students are nested within schools, cluster-robust standard errors or multilevel models will be used when the number and distribution of schools permit [82]; with too few clusters, the limitation will be stated and school fixed effects or conservative descriptive comparisons considered [83]. Complex mediation or moderation will not be attempted if the achieved sample is inadequate.
Missing data will be described by item and subgroup. If missingness is minimal, complete-case analysis may be acceptable for a given model. If it is substantial and plausibly compatible with missing at random, multiple imputation may be used for covariates and scale items, with the imputation model documented [84]. Outcomes will not be imputed without strong justification. Sensitivity analyses will compare complete-case and imputed estimates. Statistical software, package versions, code, scoring rules, and deviations from the plan will be archived with the project where permissions allow.
Optional open-ended responses will undergo a concise qualitative content analysis [85]. An initial deductive frame will include civic benefit, accuracy and verification, personalisation and platform design, privacy and data use, manipulated or synthetic media, sharing and social pressure, access, and requested school support. New categories may be added inductively. A second coder should independently code a subset if feasible; disagreements will be discussed and the codebook revised. Counts will describe code prevalence, but short student comments will not be treated as representative narratives. Quotations, if approved, will be de-identified and used sparingly.
Table 3. Prespecified analysis matrix
	Question
	Variables
	Primary analysis
	Safeguard

	RQ1
	Exposure, access, platforms, purposes, instruction
	Frequencies, cross-tabulations, confidence intervals
	None; descriptive

	RQ2
	Dimension items and validated scores
	Item distributions; scale summaries; psychometrics
	Scale construction precedes comparison

	RQ3 / H1 / H5
	Awareness, competence, use, source evaluation
	Correlations; hierarchical regression; scenario analysis
	Grade, access, school context, instruction

	RQ4 / H2 / H6
	Evaluation, trust, confidence, discernment, bias
	Correlations; regression on discernment and on bias separately
	Bias index reported alongside discernment

	RQ5 / H3
	Risk awareness, trust, responsible sharing
	Correlations; linear or ordinal regression; non-linear trust tests
	Context and exposure covariates

	RQ6 / H4
	Subgroup variables and literacy outcomes
	Chi-square; t or ANOVA or nonparametric tests; adjusted models
	FDR correction; clustering

	RQ7 / H7
	Predictors and exploratory pathway
	Multilevel or cluster-robust models; indirect effect only if supported
	No causal language

	RQ8
	Optional open text
	Content coding and cautious frequency summaries
	De-identification; coder audit


Note. Exact model forms will be frozen after pilot revision but before the main outcomes are inspected.
6. Results
6.1 Participant flow and sample characteristics
Future report: identify the school-recruitment frame, schools approached and participating, eligible students, guardian permissions, assents, returned surveys, exclusions with reasons, and final analytic samples. Describe grade, age band, gender response, school type, location category, primary survey language, device access, platform repertoire, and prior media-literacy instruction. Suppress small cells that create disclosure risk.
Table 4. Participant flow and analytic sample — reporting shell
	Flow element
	n
	Reporting note

	Schools approached
	—
	Pending documented recruitment log

	Schools participating
	—
	Pending school permission

	Eligible students invited
	—
	Pending class lists or approved counts

	Guardian permissions returned
	—
	Pending consent process

	Student assents provided
	—
	Pending assent process

	Surveys submitted
	—
	Pending data collection

	Surveys excluded
	—
	Report each prespecified reason

	Final analytic sample
	—
	Pending cleaning and eligibility checks


Note. An em dash indicates that no genuine value is currently available; it is not zero.
6.2 Descriptive findings
Future report: present attention to news, platform repertoire, frequency and purposes of news use, group forwarding, and prior instruction, followed by item-level and validated dimension summaries. Report low engagement and news avoidance as meaningful categories rather than as missing data. Use denominators that reflect skip patterns and missing responses. Where percentages are compared, provide confidence intervals and raw counts.
Table 5. Core descriptive indicators — reporting shell
	Indicator
	Planned statistic
	Estimate
	95% CI

	Follows news at least weekly
	n/N (%)
	—
	—

	Uses a social or video platform as a main news route
	n/N (%)
	—
	—

	Receives news through a messaging group
	n/N (%)
	—
	—

	Reports prior media-literacy instruction
	n/N (%)
	—
	—

	Algorithmic and personalisation awareness
	Mean (SD) or median [IQR]
	—
	—

	Applied platform competence
	Mean (SD) or median [IQR]
	—
	—

	Source-evaluation performance
	Mean (SD) or median [IQR]
	—
	—

	Misinformation discernment
	Mean (SD) or median [IQR]
	—
	—

	Directional response bias
	Mean (SD) or median [IQR]
	—
	—

	Risk and ethical awareness
	Item profile or justified score
	—
	—

	Responsible sharing behaviour
	Mean (SD) or median [IQR]
	—
	—


Note. Scale rows may be retained only after the planned measurement evaluation. All estimates are pending genuine data.
6.3 Psychometric and hypothesis-testing results
Future report: document item retention, factor structure, omega and alpha where appropriate, objective-item and headline-item performance, and any deviations from the scoring plan. Then report each hypothesis with effect estimates, uncertainty, model diagnostics, adjusted and unadjusted results, and a clear distinction between prespecified and exploratory analysis. Avoid interpreting statistical significance as educational importance.
Participant-data figures reserved for later insertion:
1. Graph A: distribution of validated literacy-dimension scores, with sample size and uncertainty.
1. Graph B: source-evaluation frequency by news-use frequency group, using observed denominators.
1. Graph C: misinformation discernment and directional bias plotted separately, with confidence intervals.
1. Graph D: adjusted associations with source-evaluation performance, reported as coefficients or marginal effects with 95% confidence intervals.
1. Graph E: subgroup comparisons only where cell sizes, measurement comparability, and disclosure safeguards are adequate.
7. Discussion Framework
Because no primary data are available, this section does not offer findings. It specifies how future results should be interpreted.
The first principle is to compare dimensions rather than label students globally as literate or illiterate. A profile of heavy feed-based news exposure, high perceived competence, low objective personalisation awareness, and inconsistent provenance checking would indicate an interface-fluency gap of the kind documented in adult and young-adult samples [31,32]. A profile of low exposure but strong scenario judgement could indicate limited access or deliberate avoidance rather than weak literacy. Interpretation should therefore begin with patterns across measures and their uncertainty.
The second principle is to distinguish association from cause. If prior instruction is associated with stronger source evaluation, the result would be consistent with educational benefit, but students who attend participating schools or elect particular subjects may differ in other ways. If frequent users show stronger applied competence, practice may contribute, but confident students may also consume more news. Cross-sectional mediation would be treated as a model of covariance, not proof of a developmental mechanism. Longitudinal or experimental research would be required for causal claims, and the mixed results of existing Indian intervention trials underline how easily short-term effects are overstated [14,15].
The third principle is calibration. A high trust score should not automatically be celebrated, and a low score should not automatically be interpreted as critical thinking. Reporting discernment without reporting directional bias would allow blanket scepticism to masquerade as skill, which is precisely the failure mode that validated veracity measures are designed to expose [48]. The most defensible evidence would show that students increase scrutiny when claims are consequential, unfamiliar, or unsourced, while retaining efficient acceptance of well-sourced routine reporting. Similarly, a confidence-accuracy gap should be interpreted as a risk indicator rather than as a character judgement, consistent with evidence linking overconfidence to reduced checking [49].
The fourth principle is contextual fairness. Differences by school type, location, language, or device access should not be framed as inherent deficits. They may reflect infrastructure, curricular exposure, adult guidance, institutional rules, or the language and examples used in the instrument, and algorithmic understanding is itself patterned by educational and socioeconomic position [35]. Measurement limitations must be considered before subgroup ranking. Small differences should be reported with effect sizes and confidence intervals, and labels that stigmatise schools or communities should be avoided.
The fifth principle is triangulation with prior scholarship. Results should be compared with algorithm-awareness research, civic online reasoning assessments, misinformation-susceptibility studies, and Indian policy documents. Agreement with previous research would strengthen plausibility but would not erase local sampling limitations. Disagreement could reflect age, curriculum, language, timing, platform change, or measurement. The literature search should be updated near submission because platform features, audience behaviour, and regulation in this area change rapidly.
Finally, future discussion should address negative, null, and mixed results. If an expected association is not observed, the explanation should not be invented after the fact. Plausible alternatives such as restricted range, insufficient power, measurement error, confounding, or a genuinely weak association should be evaluated against diagnostics and reported as uncertainty. The paper's contribution is credible evidence, not confirmation of every hypothesis.
8. Educational and Policy Implications
The framework implies that school news education should move beyond one-time warnings about fake news and beyond generalised appeals to be careful online. A compact curriculum can teach a repeatable workflow: notice that a feed is selected rather than neutral; identify who produced a claim and who published it first; decide whether the claim matters enough to check; check it laterally against an independent source; examine dates, images, and quoted evidence; decide whether to accept, set aside, or correct; and decide whether forwarding would help or harm. This workflow connects conceptual understanding to observable behaviour and can be practised across subjects rather than confined to a single lesson.
Verification instruction should be explicit and concrete. Students can be given short feed items containing a mixture of accurate, misleading, and unsupported claims and asked to mark what they would check, where they would look, and what evidence would change their judgement. Teachers can model lateral reading, opening sources rather than counting them, checking whether an image belongs to the event it is attached to, and comparing a claim against textbooks or primary documents [10,43]. Assessment should reward the verification trail and the revision decision, not only the final polished answer.
Instruction should also avoid a well-documented failure mode. Teaching adolescents to distrust everything produces readers who dismiss credible reporting as readily as fabrication [60], and evidence suggests that the literacy component most closely associated with accurate identification of false content is the ability to locate and evaluate sources rather than generalised media scepticism [56]. Programmes should therefore be built around source-finding skills and calibrated judgement, and should be evaluated rather than assumed to work [55].
School policies should distinguish clearly between permitted use, expected verification, and harmful amplification, in age-appropriate language. Blanket bans on phones or platforms may remove the school's ability to teach the very behaviours students need outside it, while unrestricted use without guidance leaves adolescents to learn ranking from experience alone. Clear examples are more useful than vague statements: checking before forwarding to a family group is expected; passing on an unverified claim about a named person or community is not; personal data should not be entered into unfamiliar sites; and students should be told how to raise concerns about harmful content without being presumed to have done something wrong.
Teacher capacity and infrastructure are essential. Students cannot be expected to evaluate a feed in a vacuum when educators lack time, examples, or access to worked cases. Professional learning should include how ranking systems work at a conceptual level, how manipulated and synthetic media are produced and detected, privacy and data collection, assessment design, and practical verification routines. Schools also need equitable arrangements for students without personal devices, so that verification exercises do not become another axis of advantage.
At policy level, the study can inform curriculum implementation by identifying which competencies are weak within participating contexts, but it cannot rank states or represent India nationally. Findings should be used to generate locally testable interventions, such as a short lateral-reading module or a privacy-and-forwarding lesson, followed by pre-post evaluation. The regulatory shift restricting behavioural tracking and targeted advertising directed at under-eighteens creates an additional reason for schools to teach students what personalisation is and what rights they now hold in relation to it [20,21], and coordination among boards, schools, teachers, families, platforms, researchers, and child-safety authorities remains necessary because literacy, governance, and access are inseparable [64,65].
9. Limitations of the Proposed Study
1. The purposive participating-school sample will limit population inference and may over-represent schools already interested in technology, journalism, or research.
1. Cross-sectional data cannot establish causal direction among instruction, exposure, awareness, evaluation, trust, and sharing behaviour.
1. Self-reported behaviours may be influenced by recall and social desirability, although objective, scenario, and headline items reduce reliance on self-report alone.
1. An original instrument requires validation; scores cannot be treated as established measures until content, response-process, structural, reliability, and relationship evidence are evaluated.
1. The headline task samples a small number of items from an enormous and shifting content space; performance on eight headlines is an indicator, not a comprehensive measure of a student's judgement.
1. Deliberate exclusion of partisan and communal content protects participants but also means the study cannot speak to politically motivated reasoning, which other research identifies as an important moderator.
1. Language translation and differing school terminology may affect item interpretation. Measurement equivalence must not be assumed.
1. Rapid changes in platforms, interfaces, ranking systems, regulation, and public awareness may shorten the useful life of specific examples and comparison benchmarks.
1. School clustering and a modest number of sites may reduce statistical precision and constrain multilevel or subgroup analysis.
1. Students with limited access can answer knowledge, scenario, and headline items but cannot report experienced platform use, creating intentional skip-pattern differences that require careful denominators.
1. Optional open-ended responses can enrich interpretation but will not provide the depth of interviews or classroom observation.
10. Future Research
A logical next stage is a pre-post evaluation of a short school-based module built around lateral reading, personalisation awareness, and responsible forwarding. Randomised or carefully matched designs could test whether instruction improves scenario performance, discernment, and actual source-checking rather than confidence alone, and delayed follow-up would show whether routines persist. Given that existing Indian intervention evidence is mixed, replication with adolescent samples and locally developed materials would be a substantive contribution in its own right.
Broader research should include more states, school boards, languages, and students with different accessibility needs. Probability-based or carefully weighted sampling would be needed for stronger population estimates. Longitudinal studies could examine how literacy changes as students gain independent device access and enter civic life. Studies that combine survey measures with consented, privacy-preserving behavioural traces, such as anonymised task logs from a verification exercise, could test whether reported checking corresponds to observed checking without turning research into surveillance.
Future measurement research should test whether the proposed dimensions form distinct but related scales and whether item functioning is comparable across language, class, and school context. Trust calibration deserves dedicated study because it may be non-linear and task dependent. The rapid spread of synthetic audio, video, and AI-generated summaries adds a further measurement frontier: instruments will need items about provenance of generated media, and those items will date quickly unless they are written at the level of principles rather than products.
11. Conclusion
Algorithmic news literacy among secondary-school students cannot be inferred from platform access, from time spent on feeds, or from the confidence with which students say they can spot fake news. It requires age-appropriate understanding of how content is selected and ranked, competence in tracing claims back to their sources, active verification of consequential claims, discernment that distinguishes true from false without collapsing into blanket distrust, recognition of privacy and targeting risks, and restraint and responsibility in forwarding. Indian policy, curricular, and regulatory developments make these competencies increasingly relevant, but they do not substitute for empirical evidence about students' actual knowledge and practices.
This paper provides a complete and ethically bounded protocol for producing that evidence among Classes IX and X students. Its mixed-format questionnaire, conceptual model, validation pathway, sampling strategy, safeguards for minors, and prespecified analysis plan are designed to make future findings interpretable and reproducible. The boundary is equally important: no participant characteristics, statistics, results, quotations, or empirical graphs are reported before genuine data collection. The next valid step is not to write a persuasive Results section; it is to obtain appropriate adult and institutional oversight, pilot the instrument, recruit transparently, and analyse real responses according to the documented plan.
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