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Abstract

The rise in political deepfakes threatens news credibility and media literacy in polarized
higher education contexts; yet, Latin American students remain understudied. This study
examined the digital media literacy of Peruvian university students (n = 5854) in assessing
the credibility of political news and identifying AI-generated content. Using a quantitative,
non-experimental, cross-sectional design, PROCESS Models 4 and 5 were applied to analyze
the relationship between AI literacy and news credibility assessment ability. Awareness
of political deepfakes and political news verification strategies were examined as parallel
mediators, while the type of university was evaluated as a moderator. Previous exposure
to AI, digital media consumption, and sociodemographic characteristics were included as
control variables. AI literacy was positively associated with news credibility assessment
ability, with awareness of political deepfakes and verification strategies contributing to
this relationship. The analysis also examined institutional differences between public and
private universities. These findings support the implementation of systematic AI literacy
programs across disciplines and institutions to strengthen news credibility and democratic
resilience in politically polarized contexts.

Keywords: Digital media literacy; artificial intelligence; media literacy; AI literacy; misin-
formation; higher education; news credibility; manipulated political media

1. Introduction
The proliferation of generative artificial intelligence technologies has radically trans-

formed the global information ecosystem, giving rise to an era where the distinction be-
tween authentic and synthetic content has become increasingly complex (Sohaib & Tehseen,
2023; T. Wang et al., 2023). In this scenario, deepfakes (hyper-realistic videos, images, and
audio generated using deep learning algorithms) represent one of the most sophisticated
and potentially dangerous manifestations of this technological revolution (H. Wang et al.,
2023). Their application in the political sphere is particularly worrying, given that this
synthetic content can be used to manipulate public perceptions, exacerbate emotional polar-
ization, and erode trust in democratic institutions (Pedersen et al., 2025; Tassone et al., 2024).
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In the face of this threat, digital media literacy emerges as a necessary 21st-century skill,
particularly for university students, who are not only intensive consumers of digital media,
but also future professionals who will act as multipliers of information in their respective
fields (Bhuvaneswari et al., 2025; Sharma et al., 2025). To address this challenge, the present
study employs a quantitative, non-experimental, cross-sectional design using mediation
and moderation models to examine how AI literacy shapes deepfake identification among
Peruvian university students.

The Peruvian case has unique characteristics that make it a particularly vulnerable
scenario and, paradoxically, one that has been little studied in relation to disinformation
through deepfakes. In recent years, the country has experienced a profound political
crisis characterized by multiple changes in government, massive social mobilizations,
and marked citizen polarization, creating fertile ground for information manipulation
(Garriga et al., 2024; Sánchez-Esparza et al., 2024; Rodriguez-Saavedra et al., 2026c). In
this scenario, institutional communication (from presidential conferences to legislative
statements) coexists with a fragmented media ecosystem where traditional media, digi-
tal platforms, and social networks proliferate without reliable verification mechanisms
(Okolie, 2023; Simó-Soler, 2023), amid a broader process of digital transformation of Pe-
ruvian public institutions that has not been matched by equivalent advances in citizens’
capacity to evaluate the authenticity of the digital content those institutions produce
(Vilca Corrales et al., 2026). This fragmentation directly undermines news credibility: when
citizens cannot distinguish authentic institutional statements from synthetic audiovisual
content, trust in journalism and democratic information sources erodes progressively, a pat-
tern consistent with broader institutional trust erosion documented in the Peruvian context
(Vaccari & Chadwick, 2020; Morales Gonzales et al., 2026). Furthermore, the high penetra-
tion of mobile devices and social media among Peru’s young population, combined with
limited local fact-checking initiatives, creates a situation where potentially manipulated con-
tent can go viral before being verified (Duc Truong, 2024; Rodriguez-Saavedra et al., 2026b).
In addition, as a developing country, Peru faces specific challenges in terms of digital literacy
and unequal access to quality education in media skills (Battista, 2024). While Europe and
North America have implemented systematic media literacy programs to combat deepfakes
(Bhandari & Bhandari, 2025; Sanchez-Acedo et al., 2024), Latin America in general and Peru
in particular lack curricular frameworks that prepare university students to identify and crit-
ically evaluate AI-generated content, even as generative AI tools are already being adopted
across Peruvian public and administrative sectors (Rodriguez Saavedra et al., 2026). The
threat is not merely hypothetical in the Peruvian context. Political deepfakes targeting
public figures have circulated across Peruvian social media platforms during recent elec-
toral cycles, manipulating the perceived statements of candidates and government officials
in ways that directly distort public judgment about their credibility (Garriga et al., 2024).
This pattern mirrors evidence from other electoral contexts, where campaign-related deep-
fakes have been shown to intensify affective polarization by shaping how voters evaluate
opposing candidates (Neyazi et al., 2025). Unlike general misinformation, politically moti-
vated deepfakes exploit the perceived authenticity of audiovisual evidence, making them
particularly damaging to news credibility in societies where institutional trust is already
fragile (Seker et al., 2025; Vaccari & Chadwick, 2020). For university students who consume
political information primarily through social media, the inability to identify synthetic
audiovisual content translates directly into vulnerability to news manipulation at a critical
period of civic formation.
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Despite the growing academic output on deepfakes and digital media literacy in
Europe, Asia, and North America (Momeni, 2025; Vecchietti et al., 2025), there is a notable
lack of research addressing this issue from the perspective of university students in Latin
American countries, although emerging evidence on AI literacy and deepfake detection
competence has begun to appear in the Peruvian higher education context (Rodriguez-
Saavedra et al., 2026a). This absence is critical given that the sociocultural, political, and
technological characteristics of the region (including varying levels of digital literacy,
unequal access to educational resources, and volatile political contexts) shape specific
experiences and vulnerabilities that cannot be directly extrapolated from studies conducted
in the Global North (Hynek et al., 2025; Łabuz, 2025; Rodriguez-Saavedra et al., 2026a).
Therefore, contextualized research is needed to examine how Peruvian university students
understand, identify, and respond to AI-generated synthetic content, as well as what
critical skills they possess or lack to exercise informed and responsible digital citizenship
in an increasingly complex and potentially manipulated media ecosystem (Bender, 2024;
Celik, 2023).

Based on the above, the question guiding this study is: How does AI literacy relate to
political news credibility assessment among Peruvian university students, and does this
relationship differ between public and private universities? To answer this question, the
following specific objectives are proposed: (1) to evaluate students’ ability to distinguish
authentic political news content from AI-generated deepfakes; (2) to determine the verifica-
tion strategies applied to suspicious political content; (3) to identify the main vulnerabilities
in political news assessment; and (4) to examine whether type of university moderates the
relationship between AI literacy and news credibility assessment ability. These objectives
will generate empirical evidence on the current state of Peruvian university students’ digital
skills in the face of AI manipulation.

In this sense, this research represents the first systematic exploration of digital me-
dia literacy skills for identifying deepfakes among Peruvian university students, thus
filling a critical gap in Latin American academic literature on disinformation and media
education (Musyaffi et al., 2024). Its findings will contribute to the development of con-
textualized curricular frameworks that enable Peruvian universities to train professionals
capable of exercising critical thinking in complex digital environments, thus contributing
to the construction of a more resilient citizenry in the face of information manipulation
(Muawanah et al., 2024; Ofem et al., 2024). The study also offers relevant empirical evi-
dence for educational policy makers, allowing them to base decisions on investment in
digital literacy programs and curriculum updates in higher education, consistent with
evidence that structured integration of AI tools into teaching practice strengthens digi-
tal literacy outcomes among university students (Kazanidis & Pellas, 2024; Yang, 2024;
Zuo et al., 2025). By focusing on a developing country with specific political and media
characteristics, this research provides valuable insights for other countries in the region
facing similar challenges at the intersection of technology, journalism, and democracy
(Saklaki & Gardikiotis, 2024). In doing so, it contributes directly to the emerging debate on
how AI literacy can serve as a safeguard for news credibility and democratic resilience in
the age of political deepfakes.

Literature Review

The intersection between generative artificial intelligence, deepfakes, and digital
media literacy constitutes an emerging field of research with a marked concentration in the
Global North and a notable scarcity of studies in Latin America.
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Deepfakes are defined in this study as audiovisual content, namely videos, im-
ages, and audio recordings, generated or manipulated through deep learning algorithms
to produce synthetic representations that are indistinguishable from authentic material
(Mirsky & Lee, 2021). This definition deliberately excludes AI-generated text, which, al-
though capable of spreading misinformation, lacks the indexical properties that make
audiovisual content uniquely persuasive. The concept of indexicality, derived from semi-
otics, refers to the culturally embedded assumption that photographs and videos bear a
direct causal relationship with the reality they depict, functioning as evidence rather than
mere representation (Barthes, 1980/1981). It is precisely this indexical trust that deepfakes
exploit: when a video appears to show a public figure speaking, audiences apply the same
credibility they would grant to direct perceptual experience, making audiovisual synthetic
content qualitatively more dangerous than written misinformation. A related conceptual
question deserves acknowledgment: whether fully AI-generated audiovisuals that do not
manipulate the likeness of a real person also qualify as deepfakes remains debated in
the literature (Gronseth et al., 2025; Wu & Zhang, 2025). For the purposes of this study,
both manipulated and fully synthetic audiovisuals are treated as deepfakes when their
intent is to deceive about the authenticity of the content. The societal consequences of this
technology are particularly acute in politically polarized contexts, where synthetic content
can amplify social divisions, delegitimize political actors, and erode trust in journalism as
an institution (Obateru et al., 2025; Seker et al., 2025). Existing regulatory frameworks have
proven insufficient to address the pace of this technological evolution, creating concep-
tual and legal gaps that leave citizens, including university students, largely unprotected
(Gronseth et al., 2025; Wu & Zhang, 2025).

Digital media literacy has evolved beyond a technical skill set into a broader frame-
work of critical and ethical competencies needed to interpret AI-mediated information
environments (Khan et al., 2025). A central tension in the literature concerns whether
awareness of deepfakes alone is sufficient to protect audiences, or whether structured liter-
acy training is required to translate awareness into reliable detection behavior. Evidence
consistently supports the latter: passive warnings about deepfakes produce negligible im-
provements in identification accuracy, whereas programs that combine explicit instruction
on technical markers with guided practice and metacognitive reflection generate mean-
ingful gains (Zhao et al., 2025). This distinction matters because young people, despite
expressing widespread skepticism toward online content, tend to rely on intuitive heuristics
rather than systematic verification strategies when confronted with suspicious material
(Bircan et al., 2025). The implication is that skepticism without structured competency does
not reliably protect against deception. Restoring trust in news content therefore requires
not only that audiences possess critical competencies to evaluate authenticity, but also
that journalists and media institutions maintain transparent professional standards that
give those competencies something reliable to work with (Lin et al., 2025). Adapting these
frameworks to Latin American linguistic and cultural realities represents an additional
challenge that the existing literature, predominantly produced in English-speaking contexts,
has only begun to address (Özüdoğru & Durak, 2025).

Research on the digital competencies of university students reveals a persistent gap
between technical exposure and critical capacity that is central to understanding why AI
literacy training is necessary. Technical knowledge about AI systems does not automati-
cally translate into the ability to critically evaluate their outputs, evidencing a disconnect
between knowing how AI works and being able to detect when it is being used to deceive
(B. Wang et al., 2025). This disconnect is compounded by psychological barriers: students
with lower baseline digital skills experience technological anxiety that actively hinders the
development of critical competencies, suggesting that digital literacy itself mediates the
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relationship between technological exposure and critical development (Lao et al., 2025).
AI literacy, understood as a distinct and multidimensional construct encompassing tech-
nical understanding, critical thinking about algorithmic biases, and evaluation of ethical
implications, does not emerge spontaneously from general digital use but requires explicit
and structured instruction (Huang & Hu, 2025; Sohaib & Tehseen, 2023). Disciplinary
background further shapes how students engage with these competencies: engineering and
computer science students tend to demonstrate stronger technical understanding, whereas
students in education and humanities show greater critical capacity to evaluate the social
and pedagogical implications of synthetic content, reinforcing the case for interdisciplinary
approaches to AI literacy programs (Kaewsawad & Duda, 2025). Evidence from devel-
oping country contexts, including Indonesia, suggests that increasing risk awareness of
AI-related threats can improve students’ openness to engaging with literacy programs, a
finding relevant to Latin American contexts that share comparable levels of institutional
development and unequal digital access (Kontos et al., 2025).

The available evidence on educational interventions points toward a consistent model
of how AI literacy develops and why its direction of influence on deepfake identification is
theoretically grounded. Effective programs share four characteristics: cross-curricular
integration, a combination of technical instruction with ethical reflection, opportuni-
ties for direct experimentation, and continuous updating as detection challenges evolve
(Simó-Soler, 2023; Sharma et al., 2025). Critically, the causal direction assumed in this study,
whereby AI literacy precedes and shapes deepfake awareness rather than the reverse, is
supported by the logic of competency development: awareness of deepfakes as a risk is
an outcome that requires prior conceptual grounding in how AI systems generate syn-
thetic content, not a condition that spontaneously motivates individuals to seek technical
understanding (Bhuvaneswari et al., 2025; Okolie, 2023). Put differently, individuals first
need to understand what AI can do before they can meaningfully evaluate whether a
specific piece of content might be synthetic. Active pedagogies that involve producing
AI-mediated content, rather than passively consuming it, have demonstrated measurable
improvements in critical thinking and self-efficacy, suggesting that learning through cre-
ation builds the conceptual schemas necessary to detect manipulation (Tassone et al., 2024).
However, the mere incorporation of AI tools into curricula without intentional pedagog-
ical design that promotes critical reflection fails to produce these gains, reinforcing that
the quality of the instructional approach, not the technology itself, determines outcomes
(Pedersen et al., 2025).

Implementing AI literacy programs in developing country contexts introduces struc-
tural barriers that shape what interventions can achieve. Infrastructure gaps, unequal access
to digital devices, and heterogeneous teacher training mean universities in countries like
Peru cannot simply import frameworks designed for the Global North (Duc Truong, 2024),
while deficits from earlier educational stages force institutions to address foundational dig-
ital competencies before higher-order critical skills (Garriga et al., 2024). Low technological
self-efficacy compounds these challenges, as it actively suppresses engagement with literacy
interventions (Sánchez-Esparza et al., 2024), and AI integration can generate professional
anxiety among educators that undermines program quality without adequate institutional
support (Battista, 2024). Technically, specific audiovisual markers of synthetic content,
such as lighting inconsistencies and artifacts in facial transitions, can be incorporated into
literacy curricula (Bhandari & Bhandari, 2025), though human expert judgment remains
necessary alongside automated systems, since pedagogical integration through guided
practice determines whether students can apply this knowledge under real conditions of
uncertainty (Sanchez-Acedo et al., 2024; Vecchietti et al., 2025).
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The review reveals three significant gaps. First, there is a scarcity of studies on digital
media literacy and deepfakes in Latin American contexts. Second, research is concentrated
in the Global North, which has different infrastructures. Third, few studies examine
university students’ abilities to identify deepfakes in polarized political contexts. This
research seeks to fill these gaps through an empirical study of Peruvian university students.

A fourth gap concerns the relationship between deepfake identification and news
credibility: exposure to political deepfakes has been shown to erode trust in news me-
dia even among individuals who do not fully accept the fabricated content as true,
a phenomenon particularly consequential in politically polarized contexts like Peru
(Vaccari & Chadwick, 2020; Hancock & Bailenson, 2021). This study addresses all four
gaps through an empirical examination of Peruvian university students.

2. Methodology
This research adopted a quantitative approach with a non-experimental cross-sectional

design and explanatory scope. Mediation and moderation models were used to analyze the
relationships between AI literacy and the ability to identify deepfakes in Peruvian univer-
sity students, considering the effect of mediating and moderating variables (Łabuz, 2025;
Momeni, 2025). The two mediators (awareness of political deepfakes and verification
strategies) were modeled as acting in parallel, independently of one another, rather than in
a serial sequence.

2.1. Participants and Sample

The population consisted of undergraduate university students enrolled in Peru-
vian higher education institutions during the 2024–2025 academic period. A strati-
fied non-probability convenience sample was used, considering the type of university
(public/private), area of knowledge (social sciences, engineering, health sciences, humani-
ties), and academic cycle (initial: 1–4, intermediate: 5–7, advanced: 8–10).

As shown in Table 1, the sample consisted of 5854 participants from 15 Peruvian
universities located in Lima, Arequipa, Cusco, Trujillo, Piura, Chiclayo, Huancayo, and
Iquitos. Universities were recruited through institutional agreements with academic co-
ordinators at each institution, who facilitated access to students during scheduled class
sessions and administered the instrument as part of the research team. Participation was
entirely voluntary and anonymous, with no academic credit, grade improvement, or mone-
tary compensation offered to participants. Data collection was conducted over ten weeks
(October–December 2024), with 45% completing the questionnaire in person and 55% via
Google Forms. The average response time was 43 min. Visual stimuli were presented in
randomized order through a standardized platform.

Table 1. Sample distribution (n = 5854).

Variable Category n (%)

Type of university
Public 3215 (54.9%)

Private 2639 (45.1%)

Field of study

Social sciences and communication 1930 (33.0%)

Engineering and technology 1650 (28.2%)

Health sciences 1250 (21.4%)

Humanities and education 1024 (17.5%)

https://doi.org/10.3390/journalmedia7030145

https://doi.org/10.3390/journalmedia7030145


Journal. Media 2026, 7, 145 7 of 24

Table 1. Cont.

Variable Category n (%)

Academic cycle

Beginner (1–4) 2108 (36.0%)

Intermediate (5–7) 2265 (38.7%)

Advanced (8–10) 1481 (25.3%)

Gender

Female 3162 (54.0%)

Male 2569 (43.9%)

Other/Prefer not to say 123 (2.1%)

Age Age range: 18–29 years old M = 21.8, SD = 2.6
Note. n = sample size; % = percentage within category.

2.2. Operationalization of Variables

As shown in Table 2, the conceptual model integrated the following variables: News
credibility assessment ability (Y, dependent variable), AI literacy (X, independent variable),
Awareness of political deepfakes (M1, mediator 1), Political news verification strategies
(M2, mediator 2), Type of university (W, moderator), and control variables (previous
exposure to AI, digital media consumption, field of study, gender, and academic cycle).

Table 2. Operationalization of variables.

Category Variable Description

Dependent (Y) News credibility
assessment ability

Accuracy in identifying authentic and
AI-generated political news content.

Independent (X) AI literacy Knowledge and critical evaluation of
AI-generated content.

Mediator (M1) Awareness of political
deepfakes

Knowledge of political deepfakes and
their risks to news credibility.

Mediator (M2) Political news verification
strategies

Strategies used to verify political
audiovisual content.

Moderator (W) Type of university Public or private university affiliation.

Control (VC1) Previous exposure to AI Prior training or experience with
artificial intelligence.

Control (VC2) Digital media
consumption

Frequency of political content
consumption on digital platforms.

Control (VC3) Sociodemographics Field of study, gender, and academic
cycle.

Note. Y = dependent variable; X = independent variable; M = mediator; W = moderator; VC = control variable.

2.3. Instrument

The instrument comprised five scales and a visual identification test, reviewed through
expert judgment (Aiken’s V > 0.80). AI literacy (X) included 8 items, awareness of polit-
ical deepfakes (M1) 7 items, political news verification strategies (M2) 6 items, previous
exposure to AI (VC1) 4 items, and digital media consumption (VC2) 4 items. Type of
university (W) was classified as public or private. News credibility assessment ability
(Y) was measured using the political and news-related visual stimuli, while non-political
stimuli were retained for complementary analyses. The complete instrument is provided in
Appendix A.
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As shown in Table 3, all variables had factor loadings greater than 0.70, AVE values
greater than 0.50, and Cronbach’s alpha coefficients greater than 0.80, confirming the
convergent validity and reliability of the instrument.

Table 3. Confirmatory factor analysis of the instrument.

Variable Items Factor Loadings AVE α M SD

AI literacy 8 0.762–0.831 0.628 0.893 3.48 0.73

Awareness of political deepfakes 7 0.748–0.819 0.564 0.879 3.72 0.68

Verification strategies 6 0.733–0.801 0.553 0.857 3.31 0.76

Prior exposure to AI 4 0.724–0.783 0.578 0.832 3.41 0.77
Note. M = Mean; SD = Standard Deviation (5-point Likert scale); AVE = Average Variance Extracted;
α = Cronbach’s Alpha. All factor loadings > 0.70.

2.4. Visual Stimuli and Procedure

The complete questionnaire, comprising 45 items, is provided in Appendix A. The
first section assessed AI literacy, awareness of deepfakes, verification strategies, and prior
exposure using a 5-point Likert scale. The second section presented a visual identification
test with 20 stimuli (10 authentic and 10 deepfakes of Peruvian and international public
figures), combining manipulated content retrieved from Peruvian social media financial
fraud campaigns with synthetic content generated during instrument design in mid-2024.
Stimuli were selected for recognizability, variability in manipulation sophistication, and
representation of political and non-political contexts, and were validated by five specialists
(Aiken’s V > 0.80). A pilot test with 250 students confirmed adequate response variance
across stimuli, ruling out ceiling or floor effects. For the present study, only the political and
news-related stimuli were used to calculate the news credibility assessment ability score
(Y): correct classifications were summed and rescaled to a 0–8 range to match the metric
of the Likert-based predictor scales. All predictors were standardized prior to analysis, so
reported beta coefficients reflect standardized effects comparable in relative magnitude
across variables.

Figure 1 presents comparative examples of the stimuli used in the study, showing
authentic images alongside their AI-generated counterparts. The images with dotted
borders correspond to AI-generated content, while the images without borders correspond
to authentic content. In each pair, the visual similarity between the real and synthetic
content can be observed, illustrating the level of sophistication that makes it difficult for
users to identify deepfakes.

Figure 2 presents highly sophisticated deepfakes that circulated on Peruvian social me-
dia as part of financial scam campaigns. This content impersonated public figures through
facial manipulation with lip synchronization to promote fraudulent investment schemes.

Given that data were collected through two different modes, an additional analysis
was conducted to assess whether the collection mode was associated with identification
ability. A point-biserial correlation between collection mode (0 = online, 1 = in-person) and
identification ability scores was non-significant (r = 0.03, p = 0.21), indicating that the two
formats produced comparable results and that mode of administration did not introduce
systematic bias into deepfake identification scores.
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Figure 1. Comparison of authentic stimuli and AI-generated images. (A) shows Candidate 1;
(B) shows Candidate 2; (C) shows Candidate 3; (D) shows Candidate 4; (E) shows Candidate 5; and
(F) shows Candidate 6, each juxtaposing an authentic frame with its AI-generated counterpart. Note.
Images with dotted borders correspond to AI-generated content. Images without borders correspond
to authentic content.

Figure 2. Examples of highly sophisticated deepfakes used in the study. (A,D,E) show fabricated
government announcements; (B) shows a fraudulent investment platform; (C) shows a fake invest-
ment campaign; and (F) shows a fabricated political debate segment. Note. Faces have been blurred
to protect the identity of the individuals depicted. Content originally circulated on Peruvian social
media platforms as part of financial fraud campaigns.

2.5. Data Analysis

Data analysis was performed using RStudio v.2024.04 and jamovi v.2.5 with PROCESS
v4.2. A parallel mediation model (Model 4) evaluated the indirect effects of AI literacy on
news credibility assessment ability through awareness of political deepfakes and political
news verification strategies. A conditional model (Model 5) evaluated whether the type of
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university moderated the direct relationship between AI literacy and the outcome. Previous
exposure to AI, digital media consumption, field of study, gender, and academic cycle were
included as control variables. Statistical significance was set at α = 0.05, with 5000 bootstrap
samples for indirect effects.

3. Results
To analyze the relationships between variables, mediation and moderation models

were applied using the PROCESS module in R, allowing us to evaluate the effects of AI
literacy on the ability to identify deepfakes, considering the impact of mediating and
moderating variables. Additionally, multiple linear regression was performed to quan-
tify the influence of each predictor on the dependent variable, based on the variables
operationalized in Table 2 (n = 5854).

As shown in Figure 3, the model examines the relationship between AI literacy and
news credibility assessment ability through two parallel mediators, with type of university
as the moderator and previous exposure to AI, digital media consumption, field of study,
gender, and academic cycle as control variables.

Figure 3. Conceptual and statistical model of mediation and moderation. Note. Solid black lines
represent direct and mediation paths. Dashed lines represent the moderation of the direct effect (c’).
Values shown as β (p-value).

3.1. Relationship Between the Variables in the Model

This model establishes the direct influence of AI literacy on mediating variables,
namely awareness of deepfakes and verification strategies. The assumed causal structure,
in which AI literacy precedes deepfake awareness and verification strategies, is theoretically
grounded in the competency development literature: structured knowledge about AI sys-
tems is a prerequisite for meaningful risk awareness, as individuals must first understand
what synthetic content is and how it is produced before they can reliably recognize it or
apply systematic verification procedures (Bhuvaneswari et al., 2025; Huang & Hu, 2025).
Experimental studies support this ordering by demonstrating that literacy interventions
that build AI knowledge produce downstream improvements in both awareness and de-
tection behavior, whereas awareness alone without foundational literacy training does
not reliably improve identification performance (Zhao et al., 2025; Tassone et al., 2024).
The relationship between AI literacy and identification ability is therefore both direct and
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indirect, with part of the effect channeled through the mediating variables, a structure
consistent with moderated mediation designs applied in prior digital literacy research
(Lao et al., 2025).

In terms of moderation, the type of university conditions the direct relationship be-
tween AI literacy and news credibility assessment ability. The mediators, awareness of
political deepfakes and political news verification strategies, were estimated through a
parallel mediation model (PROCESS Model 4), while the moderating role of the type of
university was evaluated separately using PROCESS Model 5. The same set of sociodemo-
graphic and behavioral control variables was included in both models.

3.2. Statistical Indicators and Mediation Analysis of the Model

As shown in Table 4, the model results reflect a moderate to high correlation (R = 0.709)
between the variables, while the coefficient of determination R2 = 0.503 indicates that 50.3%
of the variability in Y is explained by the variables included in the model. The MSE (2.684)
indicates a low level of error in the model’s prediction. In addition, the F statistic (657.17,
p < 0.001) indicates that the model is significant as a whole. The mediation analysis in
the same table shows that both indirect effects exclude zero in their bootstrap confidence
intervals, supporting mediation. The indirect effect through awareness of political deep-
fakes (M1) was 0.124 (95% CI [0.089, 0.161]) and through verification strategies (M2) was
0.077 (95% CI [0.051, 0.106]). The total indirect effect was 0.201 (95% CI [0.156, 0.247]),
indicating that approximately 27.5% of the total effect of AI literacy on news credibility
assessment ability is channeled through the two mediators.

Table 4. Statistical indicators and mediation analysis of the model (PROCESS Model 4; Dependent
variable: News credibility assessment ability, Y).

R R2 MSE F df1 df2 p

0.709 0.503 2.684 657.17 9 5844 <0.001

Mediation Analysis: Indirect Effects (Bootstrap n = 5000)

Path Path-a Path-b Indirect effect Boot SE Boot LLCI Boot ULCI

X → M1 → Y 0.421 0.294 0.124 0.018 0.089 0.161

X → M2 → Y 0.378 0.203 0.077 0.014 0.051 0.106

Total indirect effect 0.201 0.023 0.156 0.247

Direct effect (c′) 0.531 0.020 0.492 0.570

Total effect (c) 0.732 0.028 0.677 0.787

Note. R = multiple correlation coefficient; R2 = coefficient of determination; MSE = mean squared error;
F = Fisher statistic; df1/df2 = degrees of freedom; CI = confidence interval based on 5000 bootstrap resam-
ples (indirect effects are significant when CI excludes zero). X = AI literacy; M1 = Awareness of political deepfakes;
M2 = Verification strategies; Y = News credibility assessment ability. Model estimated via PROCESS v4.2
(Model 4).

3.3. Linear Regression Analysis

As shown in Table 5, the linear regression analysis establishes the direct effects of each
predictor on news credibility assessment ability (Y). AI literacy (X) shows the strongest
direct effect (β = 0.531, p < 0.001), consistent with structured AI training being the strongest
individual correlate of detection performance. Awareness of political deepfakes (M1)
(β = 0.294, p < 0.001) and verification strategies (M2) (β = 0.203, p < 0.001) also show
significant direct associations with Y. These coefficients reflect direct path-b relationships
between each variable and the outcome, and do not constitute evidence of mediation on
their own. The mediation paths, including path-a coefficients and indirect effect indices,
are reported in the PROCESS mediation models in the following section.
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Table 5. Direct effects and control variables associated with news credibility assessment ability (Y)
(PROCESS Model 4).

Predictor Coeff SE t p LLCI ULCI

Intercept 3.550 0.021 173.120 <0.001 3.510 3.590

AI literacy (X) 0.531 0.014 39.248 <0.001 0.504 0.558

Awareness of political deepfakes (M1) 0.294 0.013 22.718 <0.001 0.269 0.319

Political news verification strategies (M2) 0.203 0.013 16.010 <0.001 0.178 0.228

Previous exposure to AI (VC1) 0.162 0.012 13.602 <0.001 0.139 0.185

Digital media consumption (VC2) −0.092 0.011 −8.037 <0.001 −0.114 −0.070

Field: Engineering (VC3) 0.141 0.025 5.554 <0.001 0.091 0.191

Male gender (VC3) 0.071 0.023 3.091 0.002 0.026 0.116

Type of university: Private (W) 0.086 0.023 3.760 <0.001 0.041 0.131

Advanced cycle (VC3) 0.062 0.026 2.354 0.019 0.010 0.114

Note. Coeff = unstandardized coefficient; SE = standard error; LLCI/ULCI = lower/upper limits of the 95%
confidence interval. X = independent variable; M = mediator; VC = control variable; W = moderator variable.

Additionally, two control variables theoretically relevant to digital literacy also show
direct associations with news credibility assessment ability in this regression model: previ-
ous exposure to AI (β = 0.162, p < 0.001) shows a positive direct association with identifica-
tion ability, while digital media consumption (β = −0.092, p < 0.001) has a negative effect,
indicating that greater exposure without critical training reduces detection ability. The re-
maining control variables also show significant direct effects: belonging to the engineering
field (β = 0.141, p < 0.001), male gender (β = 0.071, p < 0.001), and advanced cycle (β = 0.062,
p < 0.001) are associated with greater identification ability. Type of university (β = 0.086,
p < 0.001) also shows a significant direct association here, though its role as a moderator
of the AI literacy–identification relationship is examined separately in Section 3.4. All
predictors were statistically significant (p < 0.001), validating the robustness of the model.
Regression diagnostics confirmed the adequacy of the model assumptions. Variance Infla-
tion Factors (VIF) for all predictors ranged from 1.08 to 1.97, indicating no multicollinearity
concerns. Residual plots confirmed approximate homoscedasticity across the range of fitted
values. Full regression diagnostics are reported in Appendix B.

Given the large sample size (n = 5854), all predictors reached statistical significance
at p < 0.001, which is expected even for associations of modest practical magnitude and
should not, on its own, be read as evidence of practical relevance. To evaluate substantive
significance alongside statistical significance, the standardized coefficients in Table 5 can be
compared in relative terms: AI literacy (β = 0.531) has an effect roughly 3.7 times larger
than academic cycle (β = 0.062) and roughly 6 times larger than digital media consumption
(β = −0.092), indicating that, among the predictors examined, AI literacy is not only sta-
tistically significant but also the practically dominant correlate of identification ability. By
contrast, sociodemographic and institutional control variables (gender, academic cycle),
while statistically significant, show standardized coefficients below 0.10, suggesting com-
paratively modest practical relevance on their own, even though the underlying disparities
they capture may still be pedagogically and institutionally meaningful. Following the logic
of a smallest effect size of interest (SESOI), future research and applied interpretation of
these findings should treat statistical significance as a necessary but not sufficient crite-
rion, and should consider pre-registering minimum effect sizes of practical interest before
treating the control variables as targets for intervention.
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3.4. Moderation Analysis

As shown in Table 6, AI literacy was positively associated with news credibility as-
sessment ability among students from both public and private universities. The interaction
between AI literacy and type of university was statistically significant (β = 0.102, p < 0.001),
indicating that the strength of this relationship differed according to institutional affiliation.
The conditional effect was stronger among students from private universities (β = 0.588,
95% CI [0.552, 0.625]) than among students from public universities (β = 0.486, 95% CI
[0.453, 0.519]). These results suggest that institutional context moderates the relationship
between AI literacy and the ability to assess the credibility of political news.

Table 6. Conditional direct effects of AI literacy on news credibility assessment ability (Y) according
to moderating variables (PROCESS Model 5).

Effect Coeff SE t p LLCI ULCI

AI literacy (X) 0.486 0.017 28.895 <0.001 0.453 0.519

Type of university (W) 0.086 0.023 3.760 <0.001 0.041 0.131

AI literacy × Type of university 0.102 0.023 4.461 <0.001 0.057 0.147

Conditional effect: Public university 0.486 0.017 28.895 <0.001 0.453 0.519

Conditional effect: Private university 0.588 0.019 31.577 <0.001 0.552 0.625

Note. Public university was coded as 0 and private university as 1. The interaction term represents the moderating
effect of the type of university on the relationship between AI literacy and news credibility assessment ability.
X = independent variable (AI literacy); W = moderator variable (type of university); SE = standard error;
LLCI/ULCI = lower and upper limits of the 95% confidence interval. Previous exposure to AI, digital me-
dia consumption, field of study, gender, and academic cycle were included as control variables.

3.5. Graphical Interpretation by University Type

As shown in Figure 4, the association between AI literacy (X) and news credibility
assessment ability (Y) is positive for students from both public and private universities, but
the strength of this association differs by institutional type. Students from private univer-
sities show a steeper slope (β = 0.588) than students from public universities (β = 0.486),
indicating that the practical benefit of AI literacy on news credibility assessment ability is
somewhat stronger among private university students. These patterns are consistent with
the type of university acting as a moderator of this association, although the cross-sectional
design does not allow causal claims about this moderating role.

Figure 4. Effect of AI literacy on news credibility assessment ability by type of university. Note. Lines
represent conditional regression slopes of AI literacy on news credibility assessment ability for public
(β = 0.486) and private (β = 0.588) universities. Shaded bands represent 95% confidence intervals. All
paths p < 0.001.
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4. Discussion
The results provide strong empirical support for the proposed mediation-moderation

model, showing that AI literacy is the strongest individual correlate of deepfake identifica-
tion ability among Peruvian university students, both directly and through the mediating
roles of deepfake awareness and verification strategies. The model explained a substantial
portion of the variance in identification ability, which positions AI literacy as a structural
competency rather than a peripheral skill in digital media education.

The first finding indicates that AI literacy is the strongest individual correlate of
deepfake identification ability, a result that carries direct implications for how universities
design curricula in the context of political disinformation. The practical implication is
not merely that AI training helps students spot fake content, but that without it, even
digitally active students remain structurally vulnerable to manipulation regardless of
how frequently they consume online media. This aligns with the broader argument that
AI literacy functions as a threshold competency: below a certain level of foundational
understanding, exposure to digital content does not build critical discernment but instead
reinforces habitual and uncritical information processing (Celik, 2023; Łabuz, 2025). The
experimental evidence further supports this interpretation, showing that structured media
literacy interventions consistently outperform passive awareness campaigns in producing
reliable detection improvements (Hynek et al., 2025).

The mediating roles of deepfake awareness and verification strategies reveal the mech-
anism through which AI literacy translates into detection performance, and this mechanism
has important practical consequences for news credibility. Deepfake awareness mediates
the relationship more strongly than verification strategies, suggesting that conceptual
understanding of how synthetic content works is a more powerful intermediary than the
behavioral application of checking procedures. This finding challenges the assumption
that teaching verification techniques is sufficient: without the conceptual foundation that
awareness provides, verification strategies may be applied inconsistently or abandoned
when content appears credible at first glance. The implication for journalism education
is significant: young people generally express skepticism toward digital content but con-
sistently fall back on intuitive heuristics when confronted with sophisticated audiovisual
material, meaning that skepticism without structured competency does not protect against
politically motivated deepfakes (Sánchez-Esparza et al., 2024). Restoring trust in news
therefore requires building both conceptual awareness and systematic behavioral habits,
since neither alone is sufficient (Battista, 2024; Momeni, 2025).

The moderating findings reveal a structural equity problem that extends beyond
individual competency gaps. Type of university significantly moderates the relationship
between AI literacy and news credibility assessment ability, with private university students
deriving a stronger practical benefit from AI literacy (β = 0.588) than their public university
counterparts (β = 0.486). This gap is unlikely to reflect differences in the training itself;
rather, it points to unequal complementary conditions, such as institutional infrastructure,
curricular design, and extracurricular exposure to AI tools, that shape how effectively
literacy translates into detection competence. Students from public universities, who make
up the majority of this sample, are therefore left in a comparatively weaker position even
when they receive equivalent AI literacy training, suggesting that existing inequalities
in access to technology and institutional resources are being reproduced within higher
education (Gökçe & Nacaroglu, 2025; Khan et al., 2025). Beyond this moderating effect,
digital media consumption showed a negative direct association with detection ability,
indicating that high-frequency media consumers without critical training show reduced
detection capacity; exposure without structure appears to degrade discernment rather than
build it (Kaewsawad & Duda, 2025).
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The influence of sociodemographic and institutional variables on identification ability
points to a deepening AI divide within Peruvian higher education that carries consequences
for news credibility at a societal level. Engineering students demonstrate systematically
higher detection capabilities as a direct effect of the field of study, while the type of uni-
versity operates as a moderator that amplifies or dampens the returns to AI literacy itself,
reflecting differential institutional capacity to translate training into competence rather
than differences in innate ability. If left unaddressed, this structural gap means that the
students most likely to enter journalism, education, communications, and public adminis-
tration, fields where the ability to evaluate the authenticity of political audiovisual content
is most consequential, are precisely those receiving training that yields comparatively
smaller returns in detection competence when delivered under public university condi-
tions (Özüdoğru & Durak, 2025). The policy implication is direct: AI literacy programs
cannot be designed as elective or discipline-specific offerings without reproducing and
widening existing inequalities. Strengthening the institutional conditions, infrastructure,
faculty preparation, and applied practice opportunities, under which AI literacy training is
delivered at public universities is necessary to prevent a scenario in which the capacity to
identify political deepfakes becomes a privilege of private institutions rather than a shared
democratic competency (Lao et al., 2025; Zhao et al., 2025).

5. Conclusions
The findings of this study confirm that AI literacy is an effective mechanism for

improving the ability of Peruvian university students to identify deepfakes, especially
when complemented by the development of awareness about deepfakes and systematic
verification strategies. It was found that knowledge about AI and the application of
verification strategies directly influence students’ performance when faced with synthetic
content (Huang & Hu, 2025; Zhao et al., 2025).

Likewise, the results indicate that the type of university significantly moderates this
relationship, with private university students showing a greater practical benefit from AI lit-
eracy than their public university counterparts (Kazanidis & Pellas, 2024; Ofem et al., 2024).
In this sense, educational strategies need to consider an integrated approach where AI
training is combined with critical thinking and verification skills, while also addressing the
institutional gaps that shape its effectiveness.

The influence of the area of knowledge and type of university on the adoption of
digital media literacy skills is noteworthy. It was confirmed that engineering students and
students at private universities have greater access to AI training and adopt more effective
verification strategies (Yang, 2024). This highlights the need to implement AI literacy
programs across all areas of knowledge, with particular attention to public universities and
humanities and social science programs, where the risk of a widening AI divide is most
acute if targeted interventions are not implemented.

This study contributes to the debate on digital media literacy in Latin American con-
texts, emphasizing that effective training programs must integrate technical understanding
of AI, awareness of the risks of deepfakes, and training in systematic verification strategies.
The combination of these factors ensures a safer digital environment, strengthens news
credibility in politically polarized contexts, and reduces the vulnerability of Peruvian uni-
versity students to misinformation generated by artificial intelligence. For journalism and
media institutions operating in Peru, these findings point to the urgency of supporting AI
literacy initiatives that protect the integrity of public information and democratic discourse.
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Limitations

This study has four limitations. First, the cross-sectional design establishes correla-
tional associations rather than causal relationships; experimental designs with pre- and
post-intervention measurement are needed to confirm causality. Second, the identification
task may inflate false positive rates, as asking participants to classify stimuli as authentic
or AI-generated may induce suspicion regardless of actual content. Third, the mixed data
collection mode may have introduced variation in responses, since deepfakes are typically
encountered in digital rather than printed formats. Fourth, survey-based identification per-
formance may overestimate real-world detection capacity, as naturalistic conditions involve
higher information volume, time pressure, and emotional engagement than a controlled
research setting. In an era of information abundance, the sheer volume of audiovisual
content circulating across digital platforms makes systematic verification of every piece
of content informationally and cognitively unfeasible for most citizens, which limits the
practical transferability of the detection skills measured in this study.
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Appendix A. Complete Measurement Instrument
Please mark with an X (or circle) the number that best describes your situation or

degree of agreement with each statement. There are no right or wrong answers. The
information provided is strictly confidential and will be used for academic purposes only.
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1 = Strongly disagree 2 = Disagree 3 = Neither agree nor disagree 4 = Agree
5 = Strongly agree.

Appendix A.1. Self-Report Scales

Table A1. Complete Measurement Instrument (Self-Report Scales and Visual Identification Test).

No. ITEM 1 2 3 4 5

VARIABLE 1: AI LITERACY (X)

Dimension 1: Technical Understanding

01 I understand how artificial intelligence systems process and
generate information.

02 I can distinguish between content produced by humans and
content generated by AI systems.

03 I have sufficient technical knowledge to identify when an
image or video may have been manipulated using AI.

Dimension 2: Critical Thinking about AI

04 I am aware of the potential biases embedded in AI-generated
outputs.

05 I can critically evaluate the reliability of information
produced by AI tools.

06 I can explain to others how deepfake generation
technology works.

Dimension 3: Ethical Evaluation

07 I understand the ethical implications of using AI-generated
content in public communication.

08 I regularly update my knowledge about new developments
in artificial intelligence.

VARIABLE 2: AWARENESS OF POLITICAL DEEPFAKES (M1)

Dimension 1: Conceptual Knowledge

09 I know what deepfakes are and how they are produced.

10 I am aware that deepfakes can be used to manipulate public
opinion and political discourse.

11 I perceive deepfakes as a significant threat to the credibility
of news and journalism.

Dimension 2: Risk Perception

12 I believe that AI-generated audiovisual content poses risks to
democratic processes.

13 I trust digital media content less because of the existence of
deepfake technology.

Dimension 3: Trust in Media

14 I am concerned about my own ability to detect deepfakes in
my daily media consumption.

15 I believe that most people around me are vulnerable to being
deceived by deepfakes.

VARIABLE 3: VERIFICATION STRATEGIES (M2)

Dimension 1: Source Verification
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Table A1. Cont.

No. ITEM 1 2 3 4 5

16 When I encounter suspicious content online, I verify it using
trusted news sources before sharing it.

17 I use reverse image search tools to check whether a photo has
been manipulated.

Dimension 2: Technical Analysis

18 I consult fact-checking platforms when I am unsure about
the authenticity of digital content.

19 I analyze visual details such as lighting, shadows, and facial
features to detect potential manipulations.

Dimension 3: Consultation with Experts

20 I seek expert opinion or specialized tools when I suspect a
video or image may be AI-generated.

21 I apply systematic verification procedures before accepting
audiovisual content as authentic.

VARIABLE 4: PRIOR EXPOSURE TO AI (VC1)

Dimension 1: Formal and Informal Training

22 I have received formal academic training on artificial
intelligence or machine learning.

23 I have participated in workshops, courses, or seminars
related to AI tools or digital media literacy.

24 I have independently studied topics related to AI through
online platforms or self-directed learning.

25 I have prior experience using AI-based tools for content
creation, analysis, or detection.

VARIABLE 5: DIGITAL MEDIA CONSUMPTION (VC2)

Items 26–27: 1 = Less than 1 h/day; 2 = 1–2 h; 3 = 3–4 h; 4 = 5–6 h; 5 = More than 6 h/day

26 On average, how many hours per day do you consume
content on social media platforms?

27 On average, how many hours per day do you consume news
or informational content through digital platforms?

Items 28–29: 1 = Never; 2 = Rarely; 3 = Sometimes; 4 = Often; 5 = Always

28 How frequently do you share digital content (images, videos,
articles) without verifying its authenticity?

29 How frequently do you encounter content that you suspect
may be AI-generated or manipulated?

SOCIODEMOGRAPHIC AND INSTITUTIONAL INFORMATION

30 30 Field of study (VC3): (1) Social sciences and communication (2) Engineering and technology (3) Health
sciences (4) Humanities and education

31 Gender (VC3): (1) Female (2) Male (3) Other/Prefer not to say

32 Type of university (W): (1) Public (2) Private

33 Academic cycle (VC3): (1) Beginner (cycles 1–4) (2) Intermediate (cycles 5–7) (3) Advanced (cycles 8–10)

34 Age (VC3): _______
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Appendix A.2. Visual Identification Test: 20 Stimuli

Adapted from Huang and Hu (2025)
Instructions: You will be shown 20 images one at a time. For each image, read the question below, mark your response
with an X, and briefly explain the reason for your decision.
Question: Is the image you just saw authentic, or was it generated/manipulated by artificial intelligence?
Stimulus 1
[ ] The content is authentic
[ ] The content was generated or manipulated by AI
Reason for your answer:
_______________________________________________________________________________________________
Stimulus 2
[ ] The content is authentic
[ ] The content was generated or manipulated by AI
Reason for your answer:
_______________________________________________________________________________________________
Stimulus 3
[ ] The content is authentic
[ ] The content was generated or manipulated by AI
Reason for your answer:
_______________________________________________________________________________________________
Stimulus 4
[ ] The content is authentic
[ ] The content was generated or manipulated by AI
Reason for your answer:
_______________________________________________________________________________________________
Stimulus 5
[ ] The content is authentic
[ ] The content was generated or manipulated by AI
Reason for your answer:
_______________________________________________________________________________________________
Stimulus 6
[ ] The content is authentic
[ ] The content was generated or manipulated by AI
Reason for your answer:
_______________________________________________________________________________________________
Stimulus 7
[ ] The content is authentic
[ ] The content was generated or manipulated by AI
Reason for your answer:
_______________________________________________________________________________________________
Stimulus 8
[ ] The content is authentic
[ ] The content was generated or manipulated by AI
Reason for your answer:
_______________________________________________________________________________________________
Stimulus 9
[ ] The content is authentic
[ ] The content was generated or manipulated by AI
Reason for your answer:
_______________________________________________________________________________________________
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Stimulus 10
[ ] The content is authentic
[ ] The content was generated or manipulated by AI
Reason for your answer:
_______________________________________________________________________________________________
Stimulus 11
[ ] The content is authentic
[ ] The content was generated or manipulated by AI
Reason for your answer:
_______________________________________________________________________________________________
Stimulus 12
[ ] The content is authentic
[ ] The content was generated or manipulated by AI
Reason for your answer:
_______________________________________________________________________________________________
Stimulus 13
[ ] The content is authentic
[ ] The content was generated or manipulated by AI
Reason for your answer:
_______________________________________________________________________________________________
Stimulus 14
[ ] The content is authentic
[ ] The content was generated or manipulated by AI
Reason for your answer:
_______________________________________________________________________________________________
Stimulus 15
[ ] The content is authentic
[ ] The content was generated or manipulated by AI
Reason for your answer:
_______________________________________________________________________________________________
Stimulus 16
[ ] The content is authentic
[ ] The content was generated or manipulated by AI
Reason for your answer:
_______________________________________________________________________________________________
Stimulus 17
[ ] The content is authentic
[ ] The content was generated or manipulated by AI
Reason for your answer:
_______________________________________________________________________________________________
Stimulus 18
[ ] The content is authentic
[ ] The content was generated or manipulated by AI
Reason for your answer:
_______________________________________________________________________________________________
Stimulus 19
[ ] The content is authentic
[ ] The content was generated or manipulated by AI
Reason for your answer:
_______________________________________________________________________________________________
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Stimulus 20
[ ] The content is authentic
[ ] The content was generated or manipulated by AI
Reason for your answer:
_______________________________________________________________________________________________

Note. Stimuli 1–10 correspond to authentic political and news-related content, while stimuli 11–20 correspond
to AI-generated or manipulated political and news-related content. Stimulus order was randomized for each
participant. The news credibility assessment ability score (Y) was calculated by dividing the number of correct
classifications by 20 and multiplying by 8, yielding a score range of 0 to 8 points.

Appendix B. Regression Diagnostics
The following tables report regression diagnostics for the main mediation-moderation model. Results

confirm that the standard assumptions of multiple linear regression are met.

Table A2. Variance Inflation Factors (VIF) for All Predictors. VIF values below 5.0 indicate no
multicollinearity. Tolerance values above 0.20 confirm predictor independence.

Predictor VIF Tolerance

AI literacy (X) 1.43 0.699
Awareness of political deepfakes (M1) 1.67 0.599

Verification strategies (M2) 1.58 0.633
Prior exposure to AI 1.38 0.725

Digital media consumption 1.21 0.826
Field: Engineering (VC) 1.19 0.840

Male gender (VC) 1.08 0.926
Private university (VC) 1.14 0.877
Advanced cycle (VC) 1.27 0.787

Note. All VIF values are below the conventional threshold of 5.0, indicating no multicollinearity concerns.
Tolerance values above 0.20 confirm predictor independence.

Table A3. Homoscedasticity Test (Breusch-Pagan). A non-significant result (p > 0.05) confirms that
the homoscedasticity assumption is met.

Test Statistic df p

Breusch-Pagan 11.43 9 0.248
Note. The non-significant Breusch-Pagan test (p = 0.248) confirms that the homoscedasticity assumption is met.
Residual plots confirmed approximately uniform variance across fitted values.
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