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Abstract: Humanlike news interfaces can make generative artificial intelligence appear socially 

familiar while leaving the origin of a news report uncertain. This article develops a conditional 

process model of audience recognition of AI authorship, drawing on the Modality, Agency, 

Interactivity, and Navigability model. It distinguishes recognition of production origin from 

perceived credibility, social presence, and identification with a presenter. Truthful authorship 

disclosure is specified as the predictor, anthropomorphic presentation as a randomized moderator, 

and source scrutiny and social presence as parallel mediators. A prospective factorial experiment 

crosses disclosure with presentation style and includes both AI-drafted and human-written news. 

The proposed analysis separates AI-attribution judgments from classification accuracy and 

examines false-positive judgments for human-written reports. It uses crossed participant–stimulus 

models for randomized treatment effects and participant means for explanatory conditional indirect 

associations. Competing predictions are retained where existing evidence does not justify a 

directional hypothesis: a disclosure may encourage source scrutiny or make further scrutiny 

unnecessary, while humanlike presentation may either compete with or heighten attention to 

provenance cues. The article provides operational definitions, a stimulus protocol, draft measures, 

and an analysis plan; it reports no new participant data or completed mediation test. Its contribution 

is a testable account of how interface design may condition the relationship between disclosure and 

recognition without treating social engagement as evidence of mistaken authorship attribution. 

Keywords: generative AI news; anthropomorphic presentation; MAIN model; source recognition; 

moderated parallel mediation 

 

1. Introduction 

Knowing who or what produced a news report is increasingly separate from judging 

whether its content is credible. An audience member can recognize AI involvement and 

still consider a report accurate, or accept a report as human-written while distrusting its 

claims. Early research on automated journalism already demonstrated that perceived 

credibility, readability, and production origin are distinct dimensions of audience 

evaluation [1,2]. Generative systems make this distinction especially consequential 

because their outputs can contain the conversational and narrative features that readers 

associate with human authorship. 

Interface design adds a further source of uncertainty. A report may be introduced by 

a humanlike avatar, carry an explicit AI label, and appear within a professionally edited 

news service. These cues concern different actors and production stages. The avatar 

represents a presenter; the label can identify a drafting system; the news organization 
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assumes editorial responsibility. Treating all three as one source obscures the question 

audiences are being asked to answer. Experiments on machine attribution show that 

authorship labels and their placement can change news evaluations, but these effects do 

not establish whether readers correctly identify the underlying production process [3,4]. 

The MAIN model explains how technological affordances associated with modality, 

agency, interactivity, and navigability can activate heuristics used in evaluating mediated 

information [5]. Its agency dimension is particularly useful for examining competing cues 

about human and machine contribution. Nevertheless, the model was not formulated as 

a validated scale of AI detection ability. Extending it to authorship recognition requires 

an explicit account of the judgment target, independent evidence of actual authorship, 

and measures that distinguish recognition from trust. The broader human–AI interaction 

framework likewise places perceived machine agency within a relationship among 

technological features, user perceptions, and responses [6]. 

Anthropomorphic presentation is a plausible boundary condition rather than an 

inherently beneficial or harmful design choice. Humanlike cues can encourage social 

responses without creating a literal belief that an interface is human. Conversely, readers 

can use seemingly human linguistic features as unreliable evidence of human authorship. 

Research on AI-generated self-presentations demonstrates this problem, although its 

findings cannot be transferred directly to news without a domain-specific test [7]. The 

central issue is whether anthropomorphic presentation changes how audiences use 

reliable provenance information when making authorship judgments. 

This article develops a model and prospective experiment addressing that issue. The 

predictor is the presence of a truthful authorship disclosure; the moderator is a separately 

manipulated anthropomorphic presentation; and the proposed mediators are source 

scrutiny and social presence. The primary judgment concerns whether generative AI 

drafted a report. Human-written comparison reports permit assessment of mistaken AI 

attribution as well as successful recognition. This design goes beyond a general acceptance 

model by specifying an observable production process and an outcome that can be 

checked against it. 

Three research questions organize the contribution. First, does anthropomorphic 

presentation change the effect of disclosure on authorship judgments and classification 

performance? Second, are those conditional relationships consistent with parallel indirect 

associations through source scrutiny and social presence? Third, can changes in correct AI 

recognition be distinguished from a general tendency to classify all news as AI-generated? 

The article answers these questions at the level of theory and study design. Empirical 

support would require implementing the protocol and evaluating the resulting 

observations. 

2. Literature Review and Hypothesis Development 

2.1. Authorship Recognition as a Distinct Audience Outcome 

Audience recognition is defined here as identifying the production origin of the 

report's written text. It does not mean identification with a media character, attachment 

to a news organization, or acceptance of AI journalism. Identification with media 

characters concerns adopting a represented character's perspective rather than classifying 

authorship [8]. Keeping the terms separate prevents a favorable attitude or a sense of 

connection from being interpreted as correct detection. 

The source-monitoring framework provides a complementary explanation of origin 

judgments. People infer origins from features of an experience and from reflective 

evaluation; those inferences can be mistaken [9]. Applied to news interfaces, a face, 

personal name, or conversational style can become evidence about a presumed 

communicator even when it says little about who drafted the text. This application is a 

theoretical extension, not a claim that a specific source-memory experiment has already 

established an effect of AI news avatars. 
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The distinction between a source cue and the judgment it elicits is empirically 

important. Research comparing automated and human-written news has found context-

dependent differences across credibility and readability assessments [10]. More recent 

work on news bylines distinguishes the displayed attribution from the AI contribution 

readers actually perceive; humanness perceptions help explain credibility judgments in 

that setting [11]. Neither result makes credibility a substitute for authorship accuracy. A 

report can receive a high AI-attribution score for the right or wrong reason, depending on 

its documented production origin. 

Accordingly, the proposed study will collect a probability judgment and a categorical 

judgment. The first asks how likely it is that generative AI drafted the text. The second 

asks participants to classify the report as AI-drafted or human-written. Ground truth is 

defined by controlled production records. For AI-drafted reports, a higher AI probability 

indicates stronger correct attribution. For human-written reports, the same increase 

indicates stronger mistaken attribution. Accuracy and calibration must therefore be 

interpreted jointly across the two source categories. 

2.2. MAIN and Competing Agency Cues 

Within MAIN, agency cues concern the perceived source of communication, while 

modality concerns forms of presentation. Visual presentation can carry agency cues 

without changing the communication modality. An explicit AI-authorship label supplies 

information about the production agent; an anthropomorphic presenter supplies visual 

cues that may invite humanlike social interpretation. The proposed experiment varies 

those agency cues independently within a fixed visual modality, while holding navigation 

and interaction constant. It therefore examines a bounded application of MAIN rather 

than claiming to test all four affordances. 

Anthropomorphism refers to attributing human characteristics to nonhuman entities. 

Its theoretical explanation includes the availability of human knowledge, motivations to 

understand an entity, and motivations for social connection [12]. It should not be equated 

with deception or with a single visual style. Research on computer anthropomorphism 

distinguishes explicit beliefs from social responses that can occur without a conscious 

belief that a system is human [13]. This distinction is central to the present model: social 

presence may persist alongside accurate awareness of AI authorship. 

Direct news research also cautions against assuming that every favorable response is 

a credibility effect. Experiments on anthropomorphized algorithms have found changes 

in emotional involvement and liking, with effects depending on the relationship 

communicated by the interface [14]. These findings motivate attention to a social route 

but do not establish that humanlike presentation necessarily reduces recognition. 

Evidence from anthropomorphized chatbots further connects design cues with social 

presence in an adjacent communication context [15]. Transfer to news reading remains an 

empirical question. 

The model treats disclosure and anthropomorphic presentation as potentially 

competing or complementary cues. A clear label might dominate a humanlike appearance. 

Alternatively, a socially engaging presenter might draw attention away from production 

information. Cue incongruity could also attract scrutiny: an apparently human presenter 

accompanied by an AI label may prompt closer inspection. These alternatives make the 

interaction theoretically informative even if its direction differs across stimuli or 

audiences. 

2.3. Source Scrutiny and Social Presence as Parallel Mediators 

Source scrutiny is defined as attention and reflective effort directed toward evidence 

about how a report was produced. It concerns examining provenance, not deciding that 

the text is AI-generated. Social presence is the felt sense of a socially present 

communicator during exposure. It concerns the experience of mediation, not belief in the 

presenter's biological existence. These definitions keep both mediators conceptually 

separate from the authorship outcome and from the experimental assignment. 
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The scrutiny route allows disclosure to change how production information is 

processed. Its direction is not predetermined. A conspicuous label could prompt further 

checking, but an unambiguous disclosure could also answer the authorship question 

immediately and reduce the need for additional scrutiny. Measuring only time spent 

inspecting the source would therefore miss cases in which recognition is accurate and 

effortless. Self-reported scrutiny and behavioral inspection will be analyzed separately, 

with their convergence treated as evidence to be assessed rather than assumed. 

The social route allows humanlike presentation to affect the way disclosure is 

interpreted. A report may feel socially engaging even when its AI origin is understood. 

Disclosure could reduce that sense of presence by making the technological agent salient, 

or leave it intact because social responses do not require literal human attribution. The 

model consequently does not assume that every increase in social presence is 

accompanied by reduced recognition. A conditional association between presence and the 

authorship judgment is one empirical possibility among several. 

The two mediators are specified in parallel to compare their distinct conditional 

associations within one model. Their residuals will be allowed to covary. The specification 

does not claim that scrutiny and social presence are independent psychological processes 

or that neither can influence the other. A serial model would require additional temporal 

evidence and a different identification strategy. The parallel formulation provides a 

transparent starting point while preserving the possibility that one pathway is absent or 

that their directions offset each other. 

2.4. Hypotheses and Conditional Process Questions 

H1: Truthful authorship disclosure will increase correct classification of production 

origin relative to a neutral publication tag, averaged across presentation conditions. On 

AI-drafted reports, it will increase AI-attribution probability; on human-written reports, 

it will decrease that probability. 

H2: The anthropomorphic presentation condition will increase perceived social 

presence relative to the nonanthropomorphic condition, averaged across disclosure 

conditions. This is a hypothesis about the proposed interface manipulation, not an 

established effect for every humanlike design. 

RQ1: Does anthropomorphic presentation moderate the effect of disclosure on AI-

attribution judgments and classification performance? 

RQ2: Does the indirect association between disclosure and AI attribution through 

source scrutiny differ between presentation conditions? 

RQ3: Does the indirect association through social presence differ between 

presentation conditions, and do the two conditional indirect associations reinforce or 

offset each other? 

The nondirectional questions reflect unresolved theoretical alternatives. Assigning a 

positive sign to every pathway would conceal the possibility that a clear disclosure 

improves recognition while reducing effort, or that social presence coexists with accurate 

AI awareness. The statistical plan will estimate the relevant interaction and indirect-

association contrasts directly, following the distinction between moderation of a 

component path and moderation of its complete indirect association [16,17]. 

Figure 1. Conceptual path diagram linking authorship disclosure, anthropomorphic 

presentation, source scrutiny, social presence, and AI attribution judgment. 
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Figure 1. Proposed Model for AI-drafted Reports. Disclosure Is X, Anthropomorphic Presentation 

Is W, Source Scrutiny and Social Presence Are Parallel Mediators, and AI-attribution Probability Is 

Y. Solid Arrows Specify Regression Paths; Dashed Arrows Identify Moderation of the Two First-

Stage Paths. The Model Also Includes X × W in the Outcome Equation and Permits Mediator 

Residual Covariance. Main Effects of W Are Included in All Three Regression Equations. No Path 

Coefficient Is an Empirical Estimate. 

3. Methodology 

3.1. Design and Research Setting 

A prospective online experiment will recruit Mandarin-reading adults aged 18 years 

or older in mainland China. The design crosses two between-participant factors: 

authorship disclosure, present versus absent, and presentation, anthropomorphic versus 

nonanthropomorphic. Participants will be allocated with equal probability to the four 

substantive treatment cells. The measurement-order factor described below will be 

independently balanced within each cell, creating eight allocation combinations for 

recruitment and power planning. Both AI-drafted and human-written reports will appear 

in randomized order within each participant's session. Table 1 specifies the manipulations 

and the intended estimands. 

Table 1. Experimental Factors and Source Benchmarks. 

Component Operationalization Interpretation 

Disclosure X 

X = 1: truthful drafting-source label. X = 0: 

neutral publication tag in the same 

location. 

Effect of providing 

provenance information, 

with layout held constant. 

Presentation W 

W = 1: humanlike presenter icon. W = 0: 

abstract presenter icon matched for size 

and visual prominence. 

Effect of the specified visual 

presentation contrast. 

Actual source S 
AI-drafted and human-written reports, 

documented during stimulus production. 

Separates correct AI 

recognition from false AI 

attribution. 

Primary 

judgment Y 

Probability from 0 to 100 that generative 

AI drafted the report. 

Higher is more accurate only 

for AI-drafted reports. 

Secondary 

performance 

Classification accuracy, false-positive rate, 

Brier score, and calibration plots. 

Evaluates performance 

across both actual sources. 

The target construct is recognition of the text's drafting origin. All conditions will use 

the same display format and an interface presenter that is explicitly described in the 

general instructions as separate from the author. The humanlike icon will not be named 

as a journalist, assigned professional credentials, or used to imply that a real person wrote 

the report. This constraint isolates appearance from false provenance claims. A short 
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comprehension check will distinguish "who presented the report" from "who drafted the 

report" before randomization. 

3.2. Stimulus Development and Pretesting 

The initial stimulus pool will cover 24 low-sensitivity factual topics, with one AI-

drafted and one human-written report for each topic. Topics may include public transport, 

cultural events, science announcements, and community services. Each version will use 

the same verified fact sheet and a prespecified length range. Human writers will compose 

their version without generative drafting tools; AI versions will retain model and prompt 

records. Editing will be restricted to documented factual correction and formatting, with 

substantive rewriting triggering replacement of the stimulus. This defines AI-drafted 

material transparently without implying that editorial checking was absent. 

Each participant will receive eight reports drawn without replacement from eight 

different topics, balanced between drafting sources. No participant will see both source 

versions of the same topic. Across participants, versions and topics will be balanced across 

the four experimental cells. The same text will appear under both presentation styles and 

both disclosure assignments across participants. Thus, treatment effects will not be 

confounded with differences between the actual texts shown in different interface 

conditions. 

For X = 1, the label will identify the drafting source and editorial review using parallel 

wording: "Drafted with generative AI; fact-checked by an editor" or "Written by a human 

author; fact-checked by an editor." For X = 0, the matched tag will state "News report; fact-

checked by an editor." The disclosure contrast therefore adds source information to a 

constant account of editorial checking. Fonts, placement, dimensions, display duration, 

and contrast will remain identical. The final Chinese wording will be fixed before 

recruitment. 

An independent pretest will evaluate readability, factual equivalence, emotional 

intensity, icon humanlikeness, visual prominence, and the distinction between presenter 

and author. The pretest will not select items simply because they maximize the predicted 

recognition effect. Stimuli will be revised using prespecified quality criteria, then frozen. 

A manipulation can fail or introduce an unintended difference; either outcome calls for 

revision before the main experiment rather than post hoc reinterpretation of the construct. 

3.3. Recruitment and Sample Size Planning 

Recruitment will seek variation in age, education, and news use rather than relying 

exclusively on university students. Quotas can improve sample coverage but will not 

make an online panel a probability sample of the Chinese population. Compensation, 

recruitment channels, completion rates, and exclusions will be reported. No completed 

sample size is asserted in this protocol. 

The final recruitment target will be set by simulation before data collection. The 

simulation will represent participants and reports as crossed sources of variation, include 

the planned number of reports per participant, and vary plausible interaction effects, 

mediator correlations, scale reliability, and attrition. Stimulus variation matters because 

adding participants cannot necessarily compensate for a narrow stimulus pool [18]. Power 

planning will prioritize the X × W contrast and the two moderated-mediation indices; 

rules based only on the number of questionnaire items will not be used. Published 

guidance on mediated-effect power further illustrates why an adequate sample for a main 

effect may be inadequate for a path product [19]. 

3.4. Measurement and Procedure 

After consent, participants will complete eligibility checks and brief measures of 

prior generative-AI use and news use. Randomization will follow these baseline measures. 

In each report trial, the report and production tag will be removed before the authorship 

judgments and mediator items appear. The outcome is therefore immediate attribution 

after exposure to available cues, not unaided detection from an unlabeled text. During 

exposure, an identical publication-details control will reopen the same tag in both 
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disclosure conditions without adding new information. Clicks and dwell time will be 

recorded separately as inspection indicators; they will not be equated with visual attention 

or comprehension. To assess measurement reactivity, participants will also be randomly 

allocated to a fixed measurement order: mediator questions before authorship judgments 

or authorship judgments before mediator questions. Order will be included in the analysis, 

and treatment effects will be reported separately by order as a sensitivity check. Neither 

order establishes the causal direction between a measured mediator and the outcome. 

Table 2 summarizes the measures. The Appendix provides draft English items for 

translation and cognitive testing. The scrutiny items are newly proposed 

operationalizations. Social-presence wording is informed by the construct literature but is 

adapted to the news interface; it will not be described as a previously validated scale in 

its present form. Similarly, a visual manipulation check is separate from the social-

presence measure and from the source-recognition outcome. Measurement instruments 

developed for robots can inform item selection but require evaluation when transferred 

to a news interface [20]. 

Table 2. Construct Definitions and Measurement Boundaries. 

Construct Proposed measurement Boundary to preserve 

Source scrutiny 

M1 

Three items on examining and 

considering evidence of drafting origin; 

behavioral inspection recorded 

separately. 

Does not ask whether the 

report was AI-generated. 

Social presence 

M2 

Three items on the felt presence of a 

communicator and a socially engaging 

presentation. 

Does not ask whether a 

human wrote the text. 

AI attribution Y 

Unmarked 0–100 slider, requiring an 

active response; separate binary 

classification. 

Probability of AI drafting is 

not general trust or self-rated 

detection skill. 

Presentation 

check 

Humanlikeness of the interface icon, 

assessed after substantive outcomes. 

Checks W without replacing 

randomized assignment with 

a perception score. 

Secondary 

credibility 

Separate appraisal of the report's 

credibility. 

An evaluative outcome, 

excluded from the primary 

mediation model. 

Credibility will be assessed separately, using wording informed by message-

credibility measurement research [21]. It is included to test whether engagement, 

evaluation, and provenance recognition dissociate; it will not be inserted as an additional 

mediator after inspecting the results. Participants will receive a debrief explaining the 

production procedures and the distinction between factual accuracy and AI authorship. 

3.5. Ethics and Transparency 

Approval from the appropriate institutional ethics committee and informed consent 

will be obtained before recruitment. This prospective statement does not assert that 

approval or registration has already occurred. The study will use factual, low-sensitivity 

materials and disclose in consent that reports may have different production origins. 

Withholding an item-level authorship label will not involve displaying a false human 

byline. Identifiable panel information will be separated from research responses, and 

shared data will omit identifying fields. 

The hypotheses, research questions, source definitions, stimuli, exclusions, sample-

size simulation, outcome coding, and analysis code will be registered before the main 

study. Stimulus provenance and editing logs will accompany the materials, subject to 

licensing restrictions. These records are necessary to make an accuracy claim auditable 

and to prevent retrospective changes to what counts as AI-generated. 
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4. Planned Statistical Analysis 

4.1. Data Quality and Measurement Evaluation 

Exclusions will be limited to prespecified eligibility failures, duplicate participation, 

verified technical failures, and demonstrably invalid response patterns. Slow or 

inaccurate source recognition will not be an exclusion criterion. Failure to remember a 

disclosure will likewise not justify removal from the primary analysis: label uptake is part 

of the process under study. Participant flow and missingness will be reported by 

randomized condition. Primary mixed models will retain available trials under a 

conditional missing-at-random assumption. Because that assumption is unverifiable, 

sensitivity analyses will vary plausible missing outcomes and report whether condition-

dependent dropout changes the substantive conclusions. 

Before testing indirect associations, the study will examine item distributions, 

missing responses, internal consistency, and separation of the two mediator constructs. 

Confirmatory measurement models will compare the proposed two-factor structure with 

a one-factor alternative while accounting for repeated observations. Reliability estimates 

will be accompanied by uncertainty and will not substitute for construct validity [22]. 

Measurement comparability across presentation conditions will be assessed before 

interpreting group contrasts. If the mediators cannot be distinguished empirically, the 

analysis will report that limitation rather than relabeling overlapping measures as two 

validated mechanisms. 

4.2. Total Effects and Recognition Performance 

The randomized treatment analysis comes first. For AI-drafted reports, a mixed-

effects model will estimate AI-attribution probability from X, W, and X × W, with 

prespecified baseline covariates and measurement order. Participant and topic variation 

will be modeled explicitly, with the two drafting versions nested within topic in analyses 

that include both sources. H2 will be evaluated in a separate mixed-effects model of social 

presence using the same treatment factors. Parallel analyses will examine human-written 

reports and binary classification. A combined model will include actual source and its 

interactions with the treatments, allowing improvement in recognition to be distinguished 

from a shift toward indiscriminate AI suspicion. 

Classification reporting will include the proportion of AI reports correctly classified 

and the proportion of human reports incorrectly classified as AI. Overall probabilistic 

accuracy will be summarized using the Brier score, the mean squared difference between 

the reported probability, rescaled to 0–1, and the documented source indicator. This score 

reflects more than calibration alone. Calibration plots will separately compare stated AI 

probabilities with observed AI-source proportions using prespecified probability bins and 

participant-cluster uncertainty. Classification can remain unchanged while confidence 

becomes more extreme, so these outcomes will not be collapsed into one conclusion. An 

exploratory signal-detection summary may supplement these measures; extreme hit and 

false-alarm rates will require an explicit correction, and estimates based on few trials per 

person will be interpreted cautiously [23]. 

4.3. Moderated Parallel Mediation 

The primary conditional process model concerns AI-drafted reports. Because X and 

W are assigned between participants, the mechanism of interest is a between-participant 

difference in average response to sampled AI reports. Mediator–outcome associations at 

that level must be separated from within-participant associations across reports. Treating 

all repeated ratings as independent observations would inflate precision and conflate 

these processes. 

The explanatory mediation analysis will use participant means across their four AI-

drafted reports. Each participant contributes one value for each mediator and for AI-

attribution probability. The following linear equations include baseline covariates and 

measurement order in the vector C: 

𝑀1𝑖 = 𝑖1 + 𝑎11𝑋𝑖 + 𝑎21𝑊𝑖 + 𝑎31𝑋𝑖𝑊𝑖 + 𝛾1ᵀ𝐶𝑖 + 𝑒1𝑖 (1) 
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𝑀2𝑖 = 𝑖2 + 𝑎12𝑋𝑖 + 𝑎22𝑊𝑖 + 𝑎32𝑋𝑖𝑊𝑖 + 𝛾2ᵀ𝐶𝑖 + 𝑒2𝑖 (2) 

𝑌𝑖 = 𝑖𝑌 +  𝑐′𝑋𝑖 +  𝑑𝑊𝑖 +  𝑔𝑋𝑖𝑊𝑖 + 𝑏1𝑀1𝑖 + 𝑏2𝑀2𝑖 +  𝛿ᵀ𝐶𝑖 + 𝑒𝑌𝑖 (3) 

Here M1 and M2 are the participant means of source scrutiny and social presence, Y 

is the mean AI-attribution judgment, and X and W are coded 0 or 1. The mediator residuals 

may covary. The coefficients describe between-participant associations in average 

judgments over the assigned reports; they are not estimates of within-person 

psychological change. The explanatory mediation analysis will use participants with 

complete mediator and outcome records for all four AI trials. It therefore estimates 

associations among completers; condition-dependent completion or response-dependent 

missingness may introduce selection bias. Partial records will remain eligible for the 

primary randomized-effects analysis. Completion rates and a prespecified missing-data 

sensitivity analysis will be reported. 

For mediator k, the conditional indirect association at presentation level w and the 

difference between presentation conditions are: 

𝐼𝐸𝑘(𝑤)  =  (𝑎1𝑘 + 𝑎3𝑘𝑤)𝑏𝑘 (4) 

𝐼𝑀𝑀𝑘 = 𝐼𝐸𝑘(1)  − 𝐼𝐸𝑘(0)  = 𝑎3𝑘𝑏𝑘 (5) 

The two indices will be estimated in the same parallel model. This first-stage 

specification assumes that b1 and b2 do not vary with W; it does not include mediator-by-

presentation interactions. A model relaxing that assumption would require a different 

expression for the conditional indirect association. A nonzero first-stage interaction alone 

does not establish moderated mediation, because the complete index also contains the 

relevant mediator–outcome coefficient. Likewise, an indirect association that is 

statistically distinguishable from zero in one group but not another does not establish a 

between-group difference. The contrast itself must be evaluated [17]. Parallel-path 

estimation also permits a direct contrast between the two indirect associations rather than 

ranking their separate significance levels [24]. 

Uncertainty will be estimated using 5,000 bootstrap resamples of participants, 

stratified by the eight treatment-and-measurement-order allocation combinations. Each 

resampled participant will retain the complete set of their trial records, and means and 

path products will be recomputed together. The same resample will be used for both 

mediators, preserving covariance when their indirect associations are contrasted. This 

procedure supports inference conditional on the stimulus pool; it does not account for 

uncertainty from sampling a new population of reports. The crossed participant–report 

analysis of randomized total effects remains the primary evidence about the interface 

contrast, and will not be described as validating the mediation mechanism. 

The two moderated-mediation indices form one confirmatory family. Alongside 

ordinary 95% intervals, 97.5% intervals for each index will provide a Bonferroni-adjusted 

familywise assessment. The total interaction and conditional estimates will be reported 

with their magnitudes and uncertainty even when the indices are inconclusive. 

Unstandardized coefficients will be primary; standardized versions will be 

supplementary. For the 0–100 outcome, a path product is expressed in judgment-scale 

points under the fitted linear model, not as a risk difference in correct classification. 

4.4. Robustness and Causal Limits 

Robustness analyses will compare linear probability-judgment models with a 

fractional-response specification that accommodates endpoints, and compare their 

conclusions with a logistic model for binary classification. Simple linear path products 

will not be transferred to nonlinear models or interpreted as probability-scale causal 

indirect effects. Topic exclusions, measurement order, and prespecified baseline 

adjustment will be examined without selecting the specification that gives the smallest p 

value. 

Randomization identifies effects of the assigned interface conditions under the usual 

experimental assumptions. It does not randomize scrutiny or social presence. 

Unmeasured post-exposure states, measurement reactivity, and reverse relationships can 

affect mediator–outcome associations. Causal mediation requires additional identification 
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assumptions, including adequate control of mediator–outcome confounding [25]. The 

measured path products will therefore be described as model-dependent indirect 

associations. The established limitations of cross-sectional mediation also rule out treating 

a single post-exposure measurement sequence as proof of temporal mechanism [26]. 

A planned report should permit several substantive outcomes: disclosure may 

improve recognition without either mediator accounting for the change; presentation may 

increase social presence without affecting recognition; or conditional indirect associations 

may point in opposing directions. A null interaction will be evaluated using its confidence 

interval and the prespecified smallest effect of interest, rather than being described 

automatically as evidence of no moderation. These possibilities are consequences of the 

model's distinctions, not failures to obtain the preferred narrative. 

5. Discussion 

5.1. Theoretical Contribution 

The proposed framework connects MAIN's account of technological cues with an 

explicit test of production-origin recognition. It narrows the contribution to two 

independently varied interface features and two distinguishable psychological responses. 

The model does not infer detection ability from credibility ratings, and it does not 

interpret a humanlike social experience as an error by definition. Its principal theoretical 

value is specifying when those responses could diverge. 

The treatment of anthropomorphism as a moderator makes the boundary condition 

explicit. Rather than asking only whether a humanlike presenter is liked, the model asks 

whether it changes the relationship between informative disclosure and a verifiable 

judgment. If the interaction is small with precise uncertainty, an interpretation would be 

that the tested disclosure remains effective across the two styles. If it is substantial, the 

mediator analysis can identify patterns consistent with differential scrutiny or social 

experience, while leaving causal mechanism claims appropriately qualified. 

Including human-written reports also changes the meaning of success. A design that 

merely increases the frequency of AI judgments could appear effective in an all-AI 

stimulus set. The mixed-source benchmark exposes that possibility. The contribution is 

therefore about calibrated provenance judgments under interface variation, rather than 

maximizing suspicion toward automated news. 

5.2. Implications for News Presentation 

The framework suggests evaluating production transparency alongside readability 

and engagement. A disclosure should communicate which stage involved AI and should 

be tested for comprehension. Human authorship, AI drafting, presentation, and editorial 

checking are distinct roles. Combining them into an undifferentiated "AI-powered" label 

can leave readers unsure about what has actually been automated. 

Practical recommendations will depend on the empirical results. If a humanlike 

presenter increases social presence while preserving accurate source recognition, social 

engagement and transparency may be compatible in that implementation. If recognition 

worsens, designers should test changes to label wording, prominence, or separation from 

presenter identity. The appropriate response is to evaluate the cue conflict directly; the 

present protocol does not justify a general ban on anthropomorphic interfaces or a claim 

that they reliably improve news understanding. 

Accuracy findings would also need to be considered alongside false positives. 

Encouraging readers to classify human-written reports as AI-generated can misattribute 

labor and responsibility. A deployment decision should therefore examine both source 

categories, the uncertainty of the estimates, and calibration across different news topics. 

Credibility outcomes may inform that decision but cannot replace provenance 

performance. 

5.3. Limitations and Extensions 
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This article presents a theoretical model and prospective protocol, not a completed 

experiment. The proposed operationalization examines a restrained visual contrast; it 

does not capture expressive speech, realistic video anchors, conversational memory, or 

adaptive dialogue. Those features could activate additional MAIN affordances and would 

require separate manipulations. The binary source benchmark is also deliberately limited. 

Hybrid drafting arrangements with substantial human revision should be studied as a 

distinct production category rather than forced into an ambiguous AI–human dichotomy. 

An online panel and a bounded topic pool will limit generalizability. Repeated 

authorship judgments make provenance more salient than it may be during ordinary 

news use. The measurement-order comparison can diagnose some prompting effects but 

cannot reproduce every natural browsing context. Future studies could use unobtrusive 

exposure, delayed recognition, independently manipulated mediators, or field 

experiments to examine persistence and mechanisms. Such extensions should follow 

evidence about measurement quality and effect magnitude from the initial experiment. 

6. Conclusion 

Anthropomorphic presentation may alter how audiences use authorship disclosures, 

but a social response to an interface is not itself evidence of failed AI recognition. The 

proposed MAIN-based framework separates source scrutiny, social presence, and 

verifiable production-origin judgments within a moderated parallel mediation model. Its 

factorial protocol assigns disclosure and presentation independently, includes human-

written comparison reports, and distinguishes judgment shifts from recognition accuracy. 

The resulting evidence could determine whether humanlike presentation weakens, 

strengthens, or leaves unchanged the effectiveness of truthful provenance information. 

Until that evidence is collected, the model specifies testable relationships rather than 

established effects. 

Data Availability: No new participant data were collected or analyzed for this conceptual article 

and prospective protocol. The proposed hypotheses and procedures have not been reported as 

preregistered or empirically tested. 

Appendix Draft Measurement Items: These English items specify the intended constructs. Chinese 

wording will undergo translation, independent review, and cognitive testing before the main study. 

All mediator items use seven response categories from strongly disagree to strongly agree. Item 

order will be randomized within each mediator block. Source scrutiny: "I examined information 

about how this report was produced." "I considered the evidence available about the report's 

drafting source." "I paid attention to details that could establish the origin of the report." These are 

proposed study-specific items; behavioral inspection will remain a separate measure. Social 

presence: "The presentation gave me a sense of a communicator being present." "The encounter felt 

socially engaging." "The interface created a sense of personal contact." The instructions will refer to 

the presentation experience rather than to the truth of the report or the humanity of its author. AI-

attribution probability: "How likely is it that generative AI drafted the written text of this report?" 

Responses range from 0, definitely human-written, to 100, definitely AI-drafted. Participants must 

actively choose a value; the slider has no recorded default. Source classification: "Which production 

origin best describes the written text?" Response options are "AI-drafted" and "Human-written," 

with option order randomized. The probability question captures uncertainty that the forced 

classification does not. Presentation check: "How humanlike was the presenter's appearance?" 

Responses range from 1, not at all humanlike, to 7, extremely humanlike. Disclosure recall asks 

which production information was displayed and includes a "do not remember" option. Recall is a 

diagnostic measure, not an eligibility criterion. 
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