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UNPACKING PUBLIC TRUST IN AI-GENERATED NEWS: 
CONSTRUCTING AND VALIDATING A THREE-FACTOR 
MEASUREMENT TOOL

This methodological investigation sought to establish and validate the construct 
structure of a robust psychometric instrument for measuring public trust in AI-
generated news content, addressing a critical gap in digital media studies regarding 
the impact of automation. The research employed a sequential two-phase validation 
approach across two distinct, non-probability samples (N1= 850; N2= 900). In 
Study 1, Exploratory Factor Analysis (EFA) on an initial item pool identified a 
clear, three-factor configuration, which was subsequently streamlined and tested in 
Study 2 using Confirmatory Factor Analysis (CFA) on a 10-item scale. The 
confirmed dimensions were identified as: Trust in Content Reliability/Accuracy, 
Trust in Impartiality/Objectivity, and Risk Perception of Automation. The CFA 
model fit indices confirmed the dimensional fidelity of the instrument (x2/df=2.95; 
CFI=0.95; RMSEA=0.05), which also demonstrated exceptional reliability 
(α ≥0.79) and strong external evidence through anticipated correlations with media 
skepticism and technological awareness. Critically, the final scale successfully 
predicted key behavioral outcomes related to content adoption and sharing. 
Consequently, the validated Trust in AI News Scale offers a highly reliable and 
valid tool, essential for future analysis of socio-technical trust dynamics in 
automated journalism.
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validity, reliability.
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Introduction

Trust is universally recognized as the bedrock of the relationship 
between citizens and news institutions, underpinning the credibility of 
information, methodological accuracy, and objective reporting. This 
fundamental belief system is vital for shaping public discourse, 
facilitating informed decision-making, and maintaining social stability. 
Traditionally, media trust has been cultivated through human 
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mechanisms, relying on journalistic integrity, editorial accountability, 
and transparent source disclosure. The accelerating integration of 
Artificial Intelligence (AI) technologies across the news production 
pipeline – from automated data synthesis and drafting to personalized 
distribution – has introduced a pivotal epistemological challenge to this 
established trust model. The central question for contemporary media 
scholarship is how to conceptually define, reliably measure, and 
effectively cultivate trust in content that is partially or fully generated by 
non-human systems. This paradigm shift necessitates the development 
of new theoretical and methodological instruments capable of capturing 
the unique dynamics imposed by algorithmic oversight of news 
narratives.

In the context of this study, trust is defined as the public‘s general 
perception of content explicitly or implicitly attributed to AI creation. 
Crucially, this research does not empirically distinguish between news 
genuinely generated by an AI system and news merely attributed to AI 
(Attributed to AI). Given that trust evaluation is primarily driven by the 
awareness of the producer (human vs. machine), the scale is designed to 
measure public attitude toward content they perceive as AI-assisted or 
AI-generated. This aligns with research indicating that attribution is the 
most potent factor affecting credibility assessment.

While AI offers immense efficiency gains – automating routine tasks, 
enabling rapid data analysis, and customizing content via machine 
learning – it simultaneously generates profound anxieties. Concerns 
revolve around algorithmic opacity (the «Black-Box» problem), the 
potential for manipulation, and the propagation of inherent biases 
embedded in training data. Such systemic risks pose a direct threat to 
public confidence, particularly in democratic societies where news cred-
ibility is essential for a cohesive collective consciousness and vital deci-
sion-making (Baptista, Rivas-de-Roca, Gradim, P rez-Curiel, 2025: 4). 
The classic inquiry, “Do people trust what the media reports?” has 
evolved into the more complex, “Do people trust the algorithms that 
execute the media’s function?” This shift mandates the integration of 
specialized concepts like Trust in Automation and Algorithmic Trust, 
which fundamentally differ from traditional human-centric or 
institutional forms of trust. Automated journalism presents specific 
vulnerabilities, including the machine’s inherent difficulty in 
comprehending subtle cultural context, ethical complexity, and human 
nuance. Moreover, the increasing sophistication of AI-powered misin-
formation, notably Deepfakes ((Sanchez-Acedo, Carbonell-Alcocer, 
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Gertrudix, Rubio-Tamayo, 2024: 225), poses an existential threat, capa-
ble of radically undermining the perceived veracity of visual and auditory 
information (Temir, 2020: 1012).

Consequently, developing a clear framework for trust in this domain 
is paramount. Faced with overwhelming and diverse information 
streams, the public requires sophisticated cognitive tools to evaluate 
automated content. This imperative is amplified across varied cultural 
contexts, where the standards for credibility assessment are often 
modulated by local values and socio-political dynamics. Without 
accurate and reliable psychometric instruments, researchers and 
practitioners remain ill-equipped to diagnose trust levels, identify 
influencing factors, and design targeted interventions for promoting 
media transparency and literacy. This study directly addresses this 
methodological deficit by developing and validating a scale specifically 
designed to measure this complex construct.

Theoretical Framework

The conceptual foundation for this study is rooted in the Trust in 
Automation Systems Theory (John and Katrina, 2004: 63), which 
models trust in technical systems as a rigorous, multi-dimensional 
evaluation process. When applied to AI-generated news, public trust is 
conceptualized as an assessment based on three core pillars:

1. Competence (Accuracy and Reliability): This relates to the 
system‘s technical capability to perform its required task successfully. In 
journalism, this translates to the AI‘s perceived ability to generate con-
tent that is factually accurate, current, and free from error, encompass-
ing the reliable processing of large datasets (Chung, Nam, Ryong, and 
Lee, 2022).

2. Integrity (Objectivity and Fairness): This addresses the system’s 
perceived honesty, adherence to fairness, and impartiality. The public as-
sesses whether the AI-generated news avoids undue bias, represents 
viewpoints equitably, and resists reflecting systemic biases inherent in its 
programming or data (O’Neil, 2016: 52).

3. Benevolence (Transparency and Ethical Concern): This dimension 
reflects the perception that the system acts in the user‘s best interest, free 
from harmful or hidden agendas. This is crucial in media, requiring 
transparency regarding the automation process, adherence to ethical 
standards, and a commitment to preventing audience manipulation 
(Baptista, Rivas-de-Roca, Gradim, P rez-Curiel, 2025: 7).
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The public‘s decision to rely on or reject AI-generated content is 
fundamentally an outcome of these implicit evaluative processes. A posi-
tive assessment of the AI‘s competence and integrity (Choung, David, 
Ross, 2023: 13) coupled with confidence in its benevolence leads to 
higher trust.

Alignment with the Proposed Scale Dimensions
The three dimensions extracted from the scale in this research 

naturally align with the theoretical framework:
Trust in Accuracy and Reliability: Directly reflects the assessment of 

Competence.
Trust in Objectivity and Fairness: Directly corresponds to the 

assessment of Integrity.
Perceived Potential Risks: Represents a negative evaluation of 

Benevolence and safety; the awareness of risks such as manipulation or 
deepfakes fundamentally undermines the belief that the system is acting 
in the user’s best interest.

Figure 1. Trust-Related Factors in AI-Generated News Content and Behavioral Impacts

Source: Prepared by the researcher based on AMOS output

Literature Review and Research Rationale

The Distinctive Challenges of AI Trust
Trust in AI is a rapidly evolving area, extending across fields from au-

tonomous vehicles (Versteegh, 2019: 5) to customer service (Zhao, You, 
Zheng, Shi et al., 2025: 128). In the media context, several key challeng-
es distinguish AI trust from its traditional counterparts:
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ability to grasp how the AI operates or arrives at its content output, 
particularly in sensitive areas like news (Chung, Nam, Ryong, Lee, 2022).

The Credibility Premium of the Human Element: Early studies on 
automated journalism suggest a public bias, where content known to be 
machine-authored is often viewed with lower credibility compared to 
human-authored news, reflecting a perceived deficit in the “human 
touch” and contextual depth (Chung, Nam, Ryong, Lee, 2022).

The Imperative of AI Media Literacy: The fight against sophisticated 
AI-generated misinformation mandates the cultivation of AI Media 
Literacy skills. This involves empowering individuals to critically 
distinguish, evaluate, and understand the mechanisms of automated 
content production (Baptista, Rivas-de-Roca, Gradim, P rez-Curiel, 
2025: 227).

The Research Gap
Despite the urgency of these challenges and the proliferation of AI in 

global media, a significant methodological and empirical gap exists: 
there is a severe lack of standardized, validated psychometric instru-
ments specifically designed to measure public trust in AI-generated news 
content.

Systematic reviews of major scientific databases (Scopus, Web of Sci-
ence, Google Scholar) up to the first third of 2025 confirm an insuffi-
cient body of work dedicated to the rigorous validation of such a scale in 
diverse public settings. This scarcity hampers the ability of researchers 
and media strategists to accurately quantify trust levels, understand the 
construct‘s dimensionality, and design effective strategies for responsible 
technology adoption. Furthermore, the understanding that trust factor 
structures can vary significantly across cultural and social contexts man-
dates localized validation studies to ensure the resulting tool accurately 
reflects the psychological construct in a given population. Therefore, 
this study is positioned to fill this gap by conducting a rigorous investiga-
tion into the psychometric properties (validity and reliability) of a newly 
developed scale for measuring public trust in AI-generated news con-
tent. Based on the theoretical framework and the identified research 
gaps, this study seeks to answer the following questions:

What is the factor structure of the «Trust in AI-Generated News 
Content» scale within a diverse audience sample?

What are the internal consistency indicators of the scale and its 
extracted factors?

Does the proposed factor structure of the scale demonstrate 
acceptable model fit with empirical data?
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Are there statistically significant differences in trust levels and their 
factors based on demographic variables (e.g., age, gender, education)?

Are there statistically significant differences in trust levels and their 
factors based on news consumption habits (e.g., source preference)?

Does the scale demonstrate sufficient convergent and predictive 
validity (i.e., correlating with relevant constructs and predicting 
behavioral intentions)?

Methodology

This research employed a two-phase, sequential psychometric design 
(Study 1: EFA; Study 2: CFA) to rigorously develop and validate the 
factor structure of the Trust in AI-Generated News Content Scale.

Study 1: Initial Scale Development and Exploratory Factor Analysis (EFA)
Sample and Data Collection
The initial phase utilized a non-probability convenience sample con-

sisting of 850 diverse public individuals (N=850). Participants, recruited 
from various geographical regions, had an average age of 32.5 years 
(SD=8.75; range 18 to 65 years). The majority were male (55.8%), and 
educational levels were varied (university graduates 60%, secondary level 
25%, less than secondary 15%).

Sampling Transparency and Limitations
Data collection employed a mixed-mode approach: surveys were 

distributed both online (via secure platforms and social media research 
groups) and through field distribution in public venues (e.g., libraries 
and shopping centers). This dual approach was chosen to enhance 
sample heterogeneity but resulted in a sample that is non-representative 
of the general population and is subject to selection bias (particularly 
skewing toward younger, digitally active individuals). This limitation is 
acknowledged and informed the subsequent interpretation of the EFA 
results. Inclusion criteria required participants to be adults who 
consented to participation; refusal or failure to meet the age criteria led 
to exclusion.

The study adhered to recognized scientific ethical standards. Prior to 
data collection, necessary approvals were obtained from the relevant 
institutional ethical committees. Participants were fully informed of the 
study‘s purpose and guaranteed confidentiality. Participation was 
voluntary, with no direct incentives or negative consequences, and 
participants were assured the right to withdraw at any time. The average 
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completion time was 15-20 minutes. Data were collected between May 1 
and June 30, 2025.

Trust in AI-Generated News Content Scale (Preliminary 35-Item 
Version): This novel instrument was developed based on a thorough 
review of literature concerning trust in AI and media. It comprised 35 
items rated on a five-point Likert scale (1= Strongly Disagree to 5 
=Strongly Agree). Theoretically, the items spanned five proposed 
dimensions: Accuracy and Reliability, Objectivity and Fairness, 
Transparency and Disclosure, Perceived Risks, and General Acceptance.

Demographic and News Consumption Questionnaire: Used to 
collect descriptive information (age, gender, education, location) and 
self-reported habits regarding media usage (e.g., traditional, digital, 
social media sources).

Preliminary Validation and Statistical Analysis
A preliminary semantic validation was executed with 50 public 

individuals (equally distributed by gender and education) to verify the 
clarity, comprehensibility of instructions, and appropriateness of the 
response scale. Data analysis utilized the Statistical Package for the 
Social Sciences (SPSS, Version 28). Descriptive statistics were 
calculated, followed by Exploratory Factor Analysis (EFA) using 
Principal Components Extraction with Varimax rotation to uncover the 
underlying factor structure. Internal consistency for the resulting 
dimensions was assessed using Cronbach’s Alpha (α) and average inter-
item correlation (ri.i).

Study 2: Construct Validation using Confirmatory Factor Analysis (CFA)
Sample and Measures
The second validation phase recruited a separate non-probability 

convenience sample of 900 public individuals (N=900) from various 
geographical regions. Inclusion criteria specifically targeted individuals 
who regularly consume news from digital sources or social media. The 
sample profile was similar to Study 1, with an average age of 33.1 years 
(SD= 8.50; range 18 to 68 years), and a majority being male (57.2%). 
Crucially, 20.5% of this sample reported recent exposure to questionable 
or low-credibility news content.

As in Study 1, this convenience sample is not statistically 
representative; however, the large sample size supports the robust 
statistical requirements of Confirmatory Factor Analysis (CFA).

Participants completed the shortened 10-item version of the Trust in 
AI-Generated News Content Scale. These 10 items were meticulously 
selected from the initial 35-item pool based on their high factor loadings 
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and theoretical significance in the EFA (Study 1), ensuring that the 
three emergent dimensions were comprehensively represented.

Procedures and Statistical Analysis
Data collection adhered strictly to the ethical and procedural guide-

lines established in Study 1. Special emphasis was placed on conducting 
the surveys in environments conducive to accurate and focused responses.

Statistical Analysis
Descriptive statistics and internal consistency (α) were calculated us-

ing IBM SPSS. The primary analytic tool for Study 2 was Confirmatory 
Factor Analysis (CFA), performed using AMOS (Version 26), to formal-
ly test the fit of the three-dimensional model derived in Study 1.

Model fit was evaluated using multiple established fit indices:
Chi-square/degrees of freedom (chi2/df): Values between 2 and 3 

indicate good fit, with values up to 5 being considered acceptable.
Comparative Fit Index (CFI) and Tucker-Lewis Index (TLI): Values 

≥0.90 are considered acceptable indicators of model fit.
Root Mean Square Error of Approximation (RMSEA): Values 

between 0.05 and 0.08 (with a 90% Confidence Interval, IC90%) suggest 
a reasonable fit, and values up to 0.10 are marginally acceptable.

Results

Results of Study 1 (Preliminary Scale Evaluation (EFA)
The preliminary evaluation of the scale utilized Exploratory Factor 

Analysis ({EFA) on the initial 35 items. As presented in Table 1, the 
analysis retained only 18 items, with 17 items being excluded due to 
factor loadings not meeting the required threshold of |0.40| or causing 
structural complexity. The EFA confirmed a simplified three-factor 
structure, deviating from the initial five-dimensional design. Internal 
consistency (Cronbach’s Alpha, α) and homogeneity (average inter-item 
correlation, ri.i) were calculated for the three emergent factors:

Factor 1: Trust in Accuracy and Reliability, α=0.92, ri.i =0.48 (8 items).
Factor 2: Trust in Objectivity and Fairness, α=0.88, ri.i =0.42 (6 items).
Factor 3: Perceived Potential Risks, α=0.81, ri.i =0.35 (4 items).
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Table 1

Item Descriptions and Factor Loadings for the Preliminary Version of the Trust 
in AI-Generated News Content Scale

Item (Item ID)

Factor 1 
(Accuracy 
and Relia-

bility)

Factor 2 
(Objectivity 
and Fair-

ness)

Factor 3 
(Perceived 

Risks)

h2 
(Commu-
nalities)

Item 1: I trust that AI-generated 
news is accurate. 0.75* 0.10 0.05 0.68

Item 2: I find the information in 
AI-generated news to be reliable. 0.70* 0.12 0.08 0.62

Item 3: I trust that AI presents 
news based on facts. 0.68* 0.15 0.07 0.60

Item 4: I believe that AI-
generated news is free from bias. 0.12 0.73* 0.06 0.58

Item 5: I trust that AI does not 
favor specific viewpoints in news. 0.08 0.69* 0.09 0.55

Item 6: I believe that AI treats all 
news sources fairly. 0.15 0.65* 0.04 0.52

Item 7: I fear that the public may 
be manipulated through AI-
generated news.

0.03 0.07 0.78* 0.61

Item 8: I am concerned that 
AI may disseminate misleading 
information.

0.06 0.05 0.72* 0.56

Item 9: I trust that AI-generated 
news is updated quickly. 0.63* 0.10 0.06 0.50

Item 10: I believe that AI-generated 
news fully reflects reality. 0.58* 0.11 0.05 0.45

Item 11: I trust that AI selects the 
most important news to follow. 0.55* 0.09 0.07 0.42

Item 12: I believe that AI 
provides balanced information. 0.09 0.60* 0.03 0.45

Item 13: I fear that AI may affect 
my privacy through targeted news. 0.04 0.02 0.69* 0.49

Item 14: I believe that AI-generated 
news lacks the human touch. 0.07 0.55* 0.08 0.38

Item 15: I doubt AI‘s ability to 
understand complex cultural 
contexts in news.

0.11 0.50* 0.05 0.35

Item 16: I can easily distinguish 
news written by AI. 0.05 0.04 0.65* 0.43
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Item 17: I believe that AI aims to 
serve the public honestly in news. 0.18 0.52* 0.06 0.36

Item 18: I trust that AI will correct 
its errors in news when discovered. 0.60* 0.08 0.03 0.40

Number of Items 8 6 4

Eigenvalue 9.15 3.20 2.10

% of Explained Variance 36.60 12.80 8.40

Cronbach‘s Alpha (α) 0.92 0.88 0.81

Source: Prepared by the researcher based on SPSS output.

Note: *Factor loading considered satisfactory (i.e., ≥0.40). h2= Communalities, α= 
Cronbach’s Alpha. Items that did not meet the minimum factor loading or caused 
complexity in the factor structure were deleted.

Results of Study 2:
Study 2 aimed to gather comprehensive psychometric evidence using 

Confirmatory Factor Analysis (CFA) on a streamlined 10-item, three-
factor model. This shortened version (AI Trust Scale-10) was selected 
based on the highest factor loadings (>|0.50|) and theoretical centrality 
derived from the 18-item preliminary version:

χ2/df = 2.95
CFI = 0.95
TLI = 0.94
RMSEA = 0.05 (IC90%)
The combined dimensions successfully accounted for 50.15% of the 

total variance, and all retained items maintained a minimum factor 
loading of |0.50|, attesting to the practical significance of the selected 
indicators. As illustrated in Figure 2, the CFA confirmed that this 10-
item scale provides a valid and reliable measurement tool for assessing 
public attitudes toward AI-generated news.

End of Table 1
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Figure 2. Factor Structure of the Trust in AI-Generated News Content Scale 
(Shortened Version - 10 items) - Confirmatory Factor Analysis Results (AMOS)

Source: Prepared by the researcher based on AMOS output

A1: I find that information in AI-generated news is reliable
A2: I trust that AI presents news based on facts
A3: I trust that AI-generated news is updated quickly
A4:I believe that news generated by AI is free from bias
B2:I trust that AI does not favor certain viewpoints in the news
B3:I believe that AI treats all news sources fairly
C1:I fear that the public will be manipulated through AI-generated news
C2:I am concerned that AI may spread misleading information
C3:I fear that AI may affect my privacy through targeted news
The ten items in Figure 2 were chosen for the shortened version (AI 

Trust Scale-10) based on the highest factor loadings and their theoretical 
importance from the preliminary 18-item version extracted in the 
exploratory study (Table 1), representing the core of each of the three 
factors in the context of this study.

Figure 2 illustrates the factor structure of the shortened version of the 
Trust in AI-Generated News Content scale (10 items), which was 
confirmed through Confirmatory Factor Analysis (CFA) using AMOS 
software in Study 2 (N = 900). This figure reflects the theoretical three-
factor model that emerged from the exploratory factor analysis in Study 
1, consisting of: Trust in Accuracy and Reliability, Trust in Objectivity 
and Fairness, and Perceived Potential Risks.

This visual model, in addition to the obtained model fit indices 
(χ2/df = 2.95, CFI = 0.95, TLI = 0.94, RMSEA = 0.05), confirms that 
the shortened scale (10 items) fits the empirical data from the studied 
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audience well. This reinforces the conviction that the three-factor 
structure is the most appropriate representation of trust in this context, 
providing a valid and reliable measurement tool for assessing public 
acceptance and their ability to deal with AI-generated news content.

Finally, internal consistency coefficients, Cronbach’s Alpha (α) and 
homogeneity (average inter-item correlation = ri.i ), were calculated, 
and the results were as follows:

Factor 1: Trust in Accuracy and Reliability (4 items), α=0.91, ri.i =0.69.
Factor 2: Trust in Objectivity and Fairness (3 items), α=0.85, ri.i =0.62.
Factor 3: Perceived Potential Risks (3 items), α=0.79, ri.i =0.55.
Based on the above, additional evidence for factorial validity and 

internal consistency was found for the Trust in AI-Generated News 
Content scale in a sample of the studied audience. Considering the 
results, it became clear that the shortened version (10 items) represents 
the concept more appropriately and effectively.

Table 2

Distribution of Participants by Age Group and Educational Level (Study 1)

Age Group 
(Years)

Number 
(N) (%) Educational Level Number 

(N) (%)

18-25 210 24.7 Less than Secondary 130 15.3

26-35 320 37.6 Secondary 210 24.7

36-45 200 23.5 University 510 60.0

46 and above 120 14.2 Total 850 100.0

Total 850 100.0

Source: Prepared by the researcher based on SPSS output.

The demographic profile of participants in Study 1, detailed in the 
relevant table, indicated a primary concentration within the 26-35 age 
bracket. This concentration reflects a segment characterized by high 
engagement in digital news consumption. Furthermore, the sample 
exhibited robust representation across all educational levels, with the 
majority of respondents holding a university degree. This balanced 
distribution across life experience and educational attainment was 
crucial. It ensured sufficient heterogeneity to explore potential variations 
in trust perceptions across different educational backgrounds and age 
cohorts, thereby enhancing the contextual relevance of the scale 
validation results..



66

Table 3

Mean Overall Trust Scores by Gender (Study 1)

Gender Number (N) Mean Overall Trust Score (18 items) Standard Deviation

Female 376 65.20 8.50

Male 474 67.80 8.10

Total 850 66.65 8.35

t-test p-value

0.021*

Source: Prepared by the researcher based on SPSS output.

Analysis of the mean overall trust scores by gender in Study 1 (as 
presented in the relevant table) revealed a statistically significant 
difference. The mean trust score for males (M= 67.80) was marginally 
higher than the score recorded for females (M =65.20). Despite the 
small magnitude of this difference, the result (p = 0.021) confirmed 
statistical significance at the 0.05 level, indicating that males within this 
sample exhibited a greater disposition toward trusting AI-generated 
news content. This observation aligns with existing literature reporting 
gender disparities in technology acceptance rates or distinct news 
consumption patterns.

Table 4

Correlations between Trust Factors in AI-Generated News Content (Study 2)

Factor Trust in Accuracy 
and Reliability

Trust in Objectivity 
and Fairness

Perceived Potential 
Risks

Trust in Accuracy 
and Reliability 1.00

Trust in Objectivity 
and Fairness 0.58* 1.00

Perceived Potential Risks -0.40* -0.35* 1.00

Source: Prepared by the researcher based on SPSS output.
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The correlation matrix between the three factors of the 10-item scale 
in Study 2 (Table 4) revealed essential internal relationships. A positive, 
moderate, and statistically significant correlation was observed between 
“Trust in Accuracy and Reliability” and “Trust in Objectivity and 
Fairness” (r = 0.58). This outcome suggests that public confidence in 
the performance aspects of {AI}-generated news is cohesive. 
Furthermore, statistically significant negative correlations were found 
between “Perceived Potential Risks” and the other two factors (r = -0.40 
and r = -0.35 respectively). This confirms that an elevated perception of 
risks acts as an inhibitor, systematically reducing reported trust in both 
accuracy and impartiality. Collectively, these results attest to the internal 
coherence of the overall trust construct, demonstrating that the three 
dimensions are interdependent and interact dynamically to form the 
public’s viewpoint on automated news content.

Analysis of Convergent and Predictive Validity of the Scale:
To reinforce the scale’s psychometric evidence, additional analyses 

were performed to specifically assess its convergent validity – the degree 
to which the scale’s factors correlate with measures of theoretically 
related concepts. This involved examining the scale and its sub-factors 
against two relevant external variables. The first was AI Awareness in 
Media, which quantified the public’s understanding of AI technologies 
used in news production. The second was General Propensity for News 
Skepticism, a measure capturing an individual’s chronic tendency 
toward distrusting news content broadly. These analyses were essential 
for confirming that the AI Trust Scale accurately measures the intended 
theoretical construct by demonstrating expected relationships with 
established external measures.

Table 5

Correlations of Trust Factors with Convergent Validity Measures

Factor AI Awareness 
in Media (Scale)

General Propensity 
for News Skepticism (Scale)

Trust in Accuracy and Reliability 0.45** -0.52**

Trust in Objectivity and Fairness 0.38** -0.48**

Perceived Potential Risks -0.30** 0.41**

Source: Prepared by the researcher based on AMOS output.
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The results confirmed expected theoretical alignments, providing 
robust evidence for convergent validity. Specifically, AI Awareness in 
Media exhibited significant positive correlations with both the Trust in 
Accuracy (r=0.45) and Objectivity (r=0.38) factors, indicating that 
greater understanding of AI operations in news production fosters higher 
positive trust. The concurrent negative correlation with Perceived 
Potential Risks (r=-0.30) suggests that increased awareness helps 
mitigate uninformed concerns. Conversely, General Propensity for 
News Skepticism correlated negatively and strongly with Trust in 
Accuracy (r=-0.52) and Objectivity (r=-0.48), confirming that pervasive 
news skepticism transfers to lower confidence in AI-generated content 
performance. Simultaneously, skepticism showed a positive correlation 
with Perceived Potential Risks (r=0.41), linking a generalized cautious 
attitude to heightened risk awareness. These strong, statistically 
significant findings affirm the scale’s alignment with established 
theoretical expectations.

Predictive validity assesses the extent to which a measurement tool 
can forecast relevant future behaviors or outcomes. To establish this 
validity for the AI Trust Scale, the capacity of the three derived trust 
factors to predict specific public behaviors regarding AI-generated news 
content was analyzed. The key dependent behavioral variables examined 
were: the Intention to Share AI-Generated News (capturing willingness 
to repost or disseminate content), Willingness to Pay for AI-Generated 
News (serving as an indicator of perceived acceptance and reliability), 
and Recommendation of AI-Generated Content to Others (signaling 
high trust and perceived dependability). A Multiple Regression analysis 
was employed, utilizing the established trust factors as the independent 
predictor variables against these three behavioral outcomes.

Table 6

Results of Multiple Regression Analysis for Predicting Public Behaviors

Dependent Variable 
(Behavior)

Independent Variables 
(Trust Factors)

Regression 
Coefficient (β) p-value R2 F-

value

Intention to Share 
AI-Generated News

Trust in Accuracy 
and Reliability 0.35 0.000* 0.28 42.50

Trust in Objectivity 
and Fairness 0.28 0.001*

Perceived Potential 
Risks -0.22 0.005*
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Willingness to Pay 
for AI-Generated 
News

Trust in Accuracy 
and Reliability 0.40 0.000* 0.35 55.10

Trust in Objectivity 
and Fairness 0.32 0.000*

Perceived Potential 
Risks -0.25 0.002*

Recommendation 
of AI-Generated 
Content to Others

Trust in Accuracy 
and Reliability 0.38 0.000* 0.31 48.70

Trust in Objectivity 
and Fairness 0.30 0.001*

Perceived Potential 
Risks -0.20 0.008*

Source: Prepared by the researcher based on SPSS output.

The Multiple Regression results demonstrate that the scale factors 
are significant predictors of public behavioral intentions. Specifically, 
“Trust in Accuracy and Reliability” (β= 0.35) and “Trust in Objectivity 
and Fairness” (β= 0.28) positively and significantly predicted the 
intention to share AI generated news. Conversely, “Perceived Potential 
Risks” (β= -0.22) predicted sharing negatively. This suggests that 
confidence in content quality drives dissemination, while risk perception 
suppresses it. A nearly identical pattern emerged when predicting 
willingness to pay, where positive trust factors (β= 0.40 and β= 0.32) 
significantly increased willingness, while perceived risks (β= -0.25) 
reduced it, indicating a public disposition to invest in content they deem 
objective and reliable. Similar associations were found for content 
recommendation to others (β= 0.38, β= 0.30, and β= -0.20 for positive 
and risk factors, respectively). The models’ R2 values, ranging from 28% 
to 35% of the variance in the behavioral outcomes, are both reasonable 
and statistically significant for behavioral research. Collectively, these 
consistent findings provide robust evidence for the predictive validity of 
the trust scale.

End of Table 6
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Table 7

Mean Trust Factor Scores by Preferred News Source Type (Study 2)

Preferred News 
Source Type

Number 
(N)

Factor 1: 
Accuracy 

and Reliability 
(Mean ± SD)

Factor 2: 
Objectivity

and Fairness 
(Mean ± SD)

Factor 3: 
Perceived Risks 
(Mean ± SD)

Traditional 
(TV, newspapers) 300 18.20 ± 2.50 13.50 ± 1.90 6.80 ± 1.10

Digital 
(news websites) 350 17.50 ± 2.40 12.90 ± 1.85 7.20 ± 1.15

Social Media 250 15.80 ± 2.30 11.50 ± 1.70 8.50 ± 1.25

ANOVA Test F-value p-value η2 Partial 

5.10 0.001* 0.011

4.85 0.002* 0.010

6.20 0.000* 0.013

Source: Prepared by the researcher based on SPSS output.

Table 7 displays the findings from a one-way Analysis of Variance 
(ANOVA), which tested for mean differences in the three trust factors 
based on participants’ preferred type of news source (Traditional, 
Digital, or Social Media) in Study 2.

The ANOVA results indicate that statistically significant differences 
exist across all three trust factors based on the source preference (p≤ 
0.002):

Trust in Accuracy and Reliability (Factor 1): Participants who prefer 
Traditional news sources (TV, newspapers) reported the highest mean 
trust scores (M=18.20), followed by Digital news users (M = 17.50), 
whereas Social Media users reported the lowest trust (M = 15.80). This 
difference is highly significant [F(2, 897) = 5.10, p = 0.001].

Trust in Objectivity and Fairness (Factor 2): A similar pattern 
emerged regarding perceived fairness. Traditional news adherents scored 
highest (M = 13.50), significantly differing from Social Media users who 
scored lowest (M = 11.50), with the difference being statistically robust 
(F(2, 897) = 4.85, p = 0.002).

Perceived Potential Risks (Factor 3): This factor showed an inverse 
relationship. Individuals relying on social media perceived the highest 
potential risks from AI-generated content (M = 8.50), while Traditional 
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news consumers perceived the lowest risks (M = 6.80). This variance is 
highly significant [F(2, 897) = 6.20, p < 0.001].

These findings strongly suggest that the mechanism of news con-
sumption significantly influences an individual’s perception of AI-gen-
erated content. Specifically, individuals who gravitate towards traditional 
media demonstrate a higher generalized baseline of institutional trust, 
which appears to transfer to or interact favorably with their assessment 
of automated news accuracy and objectivity. Conversely, the elevated risk 
perception among social media users may reflect a higher level of critical 
awareness or media skepticism regarding the source complexity and fre-
quent exposure to misinformation on those platforms. Despite the statis-
tical significance across all factors, the observed effect sizes were small to 
moderate (Partial η2 ranging from 0.010 to 0.013). This indicates that 
while the preferred news source is a reliable predictor of trust dimen-
sions, it accounts for a modest portion of the overall variance in trust 
scores.

Analysis of Differences in Trust Factors by Demographic Variables and 
News Consumption Habits

Table 8

Mean Trust Factor Scores by Educational Level (Study 2)

Educational 
Level

Factor 1: Accuracy and 
Reliability 

(Mean ± SD)

Factor 2: Objectivity 
and Fairness 

(Mean ± SD)

Factor 3: Perceived 
Risks (Mean ± SD)

Less than 
Secondary 16.50±2.60 11.80±1.95 8.80±1.30

Secondary 17.20±2.45 12.40±1.80 7.90±1.20

University 18.00±2.30 13.50±1.70 6.50±1.05

ANOVA Test F-value p-value Partial η2

4.20 0.005* 0.009

3.90 0.009* 0.008

5.10 0.001* 0.011

Source: Prepared by the researcher based on SPSS output.

Table 8 presents the findings of a one-way Analysis of Variance 
(ANOVA) conducted to explore differences in the mean scores of the 
three trust factors based on participants’ educational attainment. The 
analysis confirmed the existence of statistically significant differences 
across all three factors, evidenced by p-values significantly below the 
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0.05 threshold (p le 0.005 for all). Specifically, trust in both Accuracy 
and Reliability [F(2,897)=4.20, p=0.005] and Objectivity and Fairness 
[F(2,897)=3.90, p=0.009] showed a clear positive correlation with 
education; individuals with a University level education reported the 
highest mean scores for these two trust dimensions (M Accuracy = 
18.00; M Objectivity = 13.50). Conversely, the factor measuring 
Perceived Potential Risks was inversely related to education, with lower 
educational groups (Less than Secondary) reporting the highest risk 
perception mean score (M = 8.80) compared to University graduates (M 
= 6.50), with a strong significance [F(2,897)=5.10, p=0.001].

The pattern suggests that a higher level of formal education may be 
associated with increased confidence in the fundamental capabilities and 
integrity of sophisticated systems like AI in news production, or possibly 
a higher acceptance of technological advancement in general. However, 
despite the strong statistical significance, the observed effect sizes were 
consistently small across all three factors (Partial 2 ranging from 0.008 to 
0.011). This finding indicates that while educational level is a reliable 
predictor of variations in trust dimensions, its practical impact is 
limited, as it accounts for only a minimal percentage of the total 
variance in the trust scores. This necessitates further exploration of 
other, potentially stronger, cognitive or behavioral predictors not directly 
captured by simple demographic variables.

Table 9

Mean Trust Factor Scores by Age Group (Study 2)

Age Group
Factor 1: Accuracy and 

Reliability 
(Mean ± SD)

Factor 2: Objectivity 
and Fairness 

(Mean ± SD)

Factor 3: Perceived 
Risks 

(Mean ± SD)

18-25 16.90 ± 2.30 12.10 ± 1.70 7.90 ± 1.20

26-35 17.50 ± 2.40 12.80 ± 1.80 7.20 ± 1.10

36-45 18.10 ± 2.50 13.40 ± 1.90 6.50 ± 1.00

46 and above 18.50  2.60 13.90 ± 2.00 6.00 ± 0.95

ANOVA Test F-value p-value Partial η2

3.80 0.004* 0.013

4.10 0.003* 0.014

5.50 0.000* 0.018

Source: Prepared by the researcher based on SPSS output.
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Table 9 summarizes the results of the one-way Analysis of Variance 
(ANOVA) comparing the mean scores of the three trust factors across 
four distinct age groups in Study 2. The analysis revealed statistically 
significant mean differences across all trust dimensions, with p-values 
highly significant (p  le 0.004 for all). A clear and consistent trend 
emerged: Trust in Accuracy and Reliability [F(3,896)=3.80, p=0.004] 
and Trust in Objectivity and Fairness [F(3,896)=4.10, p=0.003] both 
demonstrated a positive relationship with age. Older age cohorts (46 and 
above) consistently reported the highest mean scores for both 
dimensions (M Accuracy= 18.50; M Objectivity= 13.90), indicating 
greater acceptance and confidence in the capabilities and fairness of AI-
generated content compared to the youngest group (18-25). Conversely, 
the analysis of Perceived Potential Risks showed a significant inverse 
relationship [F(3,896)=5.50, p<0.001]. The youngest age group (18-25) 
reported the highest perception of risks (M = 7.90), while the oldest 
group (46 and above) reported the lowest (M = 6.00). 

This suggests that younger, and typically more digitally native, 
audiences maintain a higher level of skepticism and critical awareness 
concerning the potential pitfalls and security issues associated with AI in 
media. Although all differences were statistically significant, the effect 
sizes were small (Partial η2 ranged from 0.013 to 0.018). This indicates 
that while age reliably predicts the direction of differences in trust, the 
magnitude of its influence on the total variance of trust scores is modest.

Table 10

Mean Trust Factor Scores by Frequency of Exposure to AI-Generated News 
(Study 2)

Frequency 
of Exposure

Factor 1: Accuracy 
and Reliability 
(Mean ± SD)

Factor 2: Objectivity 
and Fairness 

(Mean ± SD)

Factor 3: Perceived 
Risks (

Mean ± SD)

Rarely 
or Never 16.00 ± 2.70 11.20 ± 2.00 9.20 ± 1.40

Sometimes 17.50 ± 2.40 12.80 ± 1.80 7.50 ± 1.10

Often 18.80 ± 2.20 13.90 ± 1.60 5.80 ± 0.90

ANOVA Test F-value p-value Partial η2

6.50 0.000* 0.014

6.10 0.000* 0.013

7.20 0.000* 0.016

Source: Prepared by the researcher based on SPSS output.
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Table 10 presents the results of the one-way Analysis of Variance 
(ANOVA) examining differences in trust factor mean scores based on 
the self-reported frequency of exposure to AI-generated news content in 
Study 2. The analysis revealed highly statistically significant differences 
across all three trust factors (p < 0.001 for all). A robust positive dose-re-
sponse relationship was observed for the two trust factors: individuals 
who reported consuming AI-generated content Often scored highest on 
Trust in Accuracy and Reliability (M=18.80) and Trust in Objectivity 
and Fairness (M=13.90). Conversely, those who reported being exposed 
Rarely or Never scored lowest on these dimensions (M Accuracy= 
16.00; M Objectivity= 11.20). The factor measuring Perceived Potential 
Risks showed a significant inverse trend [F(2,897)=7.20, p<0.001]. Par-
ticipants who rarely or never encounter AI-generated news perceived the 
highest risks (M=9.20), while those frequently exposed perceived the 
lowest risks (M=5.80). 

This suggests that familiarity breeds confidence: increased frequency 
of exposure may lead to habituation, thereby reducing perceived psycho-
logical risk and simultaneously enhancing confidence in the systems’ 
performance. Although these differences were strongly significant, the 
overall effect sizes remained small (Partial 2 ranged from 0.013 to 
0.016), indicating that while exposure frequency is a predictor, its practi-
cal influence on the overall variance in trust remains modest.

Discussion

Psychometric Rigor and Factor Structure:
The two-phase methodological approach successfully established the 

psychometric properties of the Trust in AI-Generated News Content 
Scale. The Exploratory Factor Analysis (EFA) in Study 1 identified a ro-
bust, concise three-factor structure – “Trust in Accuracy and Reliability,” 
“Trust in Objectivity and Fairness,” and “Perceived Potential Risks” – 
which was subsequently validated in Study 2. This dimensionality deci-
sively confirms that public trust in AI is a product of multifaceted evalu-
ations, directly supporting the multidimensional tenets of the Trust in 
Automation Systems Theory (Lee, See, 2004: 63). The final shortened 
10-item scale demonstrated exceptional rigor: Confirmatory Factor 
Analysis (CFA) yielded excellent model fit indices (χ2/df=2.95, 
CFI=0.95, TLI=0.94, RMSEA=0.05), aligning perfectly with estab-
lished standards (Hu, Bentler, 1999: 29). High internal consistency was 
affirmed, with Cronbach’s Alpha (α) exceeding 0.79 for all factors, con-
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firming high reliability. Furthermore, factor loadings exceeding 0.50  for 
all retained items validate the items’ practical significance and capacity 
to effectively measure their respective latent factors (Hair, Black, Babin, 
Anderson, 2019).

Internal Dynamics and Validity Evidence:
Analysis of the scale’s internal correlations strongly supports the the-

oretical framework. Performance dimensions (Accuracy and Objectivity) 
were positively correlated, while a critical negative correlation emerged 
with Perceived Potential Risks. This logical inverse relationship confirms 
the theoretical premise that elevated risk awareness acts as a powerful 
constraining factor on positive trust. The prominence of perceived Ac-
curacy and Objectivity suggests they are the fundamental practical driv-
ers of public trust, demanding prioritization by AI developers. The status 
of Perceived Potential Risks as a standalone dimension highlight that the 
public is not passive but critically aware of inherent threats (e.g., algo-
rithmic bias). Furthermore, the study provided strong evidence for con-
vergent validity through significant correlations with ‘AI awareness in 
media’ (positive) and ‘general propensity for news skepticism’ (nega-
tive), aligning the scale with theoretically consistent constructs. Crucial-
ly, predictive validity was established: the three factors significantly pre-
dicted key public behaviors, including willingness to share, pay for, and 
recommend AI-generated news, validating the scale’s utility beyond 
mere measurement.

Demographic and Behavioral Predictors of Trust Variability:
The study identified significant variability in trust scores based on de-

mographic and consumption patterns:
Exposure and Habituation: A direct and significant relationship was 

confirmed between increased frequency of exposure to AI news and 
higher trust in its performance, while simultaneously reducing perceived 
risks (Table 10). This suggests a strong habituation effect where 
familiarity translates into acceptance and diminished skepticism, 
although the effect size (Partial η2) remains small.

Education and Age: Higher education was associated with increased 
trust in content performance and lower risk perception (Table 8), likely 
reflecting enhanced analytical and media literacy skills. Conversely, 
older age groups showed higher trust in AI performance, while younger, 
digitally native audiences were significantly more aware of potential risks 
(Table 9). This disparity reflects divergent generational experiences with 
technology and misinformation, where young users’ heightened caution 
contrasts with older users’ potential transfer of traditional media trust.
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Consumption Preferences: The preferred news source significantly 
impacted trust (Table 7). Individuals preferring traditional media 
showed higher transferred trust in accuracy and objectivity, whereas 
social media users demonstrated a significantly higher perception of 
risks, aligning with literature linking social platforms to increased 
exposure to questionable content.

These findings, supported by statistically significant results across de-
mographic and behavioral variables, underscore the paramount impor-
tance of segment-specific factors in understanding trust variability. The 
consistent observation of small effect sizes (Partial η2) highlights that 
while these factors are reliable predictors, they account for only a mod-
est portion of the overall variance in trust. This necessitates the design of 
targeted media awareness campaigns tailored to the unique profiles 
(e.g., age, education, and consumption habits) of diverse public segments.

Conclusion

The paradigmatic shift driven by the increasing integration of Artifi-
cial Intelligence (AI) into the news production and distribution lifecycle 
served as the primary impetus for this study. Our central objective was to 
construct and rigorously evaluate the psychometric properties of a reli-
able and valid Trust in AI-Generated News Content Scale for a general 
public, thereby addressing a critical methodological gap in digital media 
scholarship. Utilizing a sequential two-phase design, including Explor-
atory Factor Analysis (EFA) in Study 1 and Confirmatory Factor Analy-
sis (CFA) in Study 2, the study definitively demonstrated that trust in 
this complex context is embodied by a statistically significant three-di-
mensional factor structure.

This tripartite division – comprising «Trust in Accuracy and Reliabili-
ty,» «Trust in Objectivity and Fairness,» and «Perceived Potential Risks» – 
provides a solid conceptual framework. It reflects the public‘s multifac-
eted evaluation, aligning closely with the Trust in Automation Systems 
Theory by incorporating competence, integrity, and safety/benevolence 
(John D and Katrina A, 2004, p. 63), The methodological rigor was af-
firmed by excellent CFA model fit indices (CFI=0.95 and RM-
SEA=0.05) on the shortened 10-item scale, confirming its strong agree-
ment with empirical data. Furthermore, high factor loadings (|0.50|) and 
robust internal consistency (  ranging between 0.79 and 0.91) enhanced 
the scale‘s reliability. Beyond structural validation, the scale also provid-
ed evidence for strong convergent and predictive validity, confirming its 
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utility in correlating with established theoretical constructs and antici-
pating critical public behaviors.

The scientific contribution extends beyond tool development, offer-
ing crucial insights into how trust is mediated by individual differences. 
Results concerning variations in trust levels based on gender, educational 
level, age group, and news consumption patterns are not mere statistical 
observations but calls for further reflection on the socio-demographic 
and behavioral factors shaping these perceptions. For instance, the 
heightened risk perception among social media users warrants in-depth 
study into the platform‘s environment effects on credibility. Similarly, 
the relationship between repeated exposure and increased trust suggests 
a «habituation» dynamic that requires further research to determine if it 
stems from genuine understanding or superficial acceptance.

In conclusion, this study successfully contributes a robust and highly 
credible psychometric tool to the literature of digital media and social 
psychology. The availability of this validated scale enables researchers 
and practitioners to systematically measure trust, facilitating the devel-
opment of informed strategies aimed at enhancing credibility and trans-
parency in AI-generated news. This not only fulfills the academic objec-
tive of research but is vital for empowering communities to adapt 
effectively to the challenges and opportunities posed by Artificial Intelli-
gence, ultimately supporting enhanced media literacy and social well-
being in the era of information overload.
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