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Background: Generative artificial intelligence (GenAI) is increasingly used in 
journalism, but evidence is limited on whether source-grounded training can 
strengthen student press capability while preserving verification and editorial 
judgment. 
Aims: To evaluate a hands-on NotebookLM training program for campus press 
representatives and assess immediate changes in knowledge, operational skills, 
concrete output production, quality, satisfaction, and implementation intentions. 
Methods: A one-day, single-group pre–post program evaluation involved 50 
students from HIMA media units and university-level student press organizations 
at Universitas Bengkulu. Aggregate pre–post percentages, percentage-point 
changes, normalized gains, participation indicators, product completion, quality 
ratings, satisfaction, and implementation intentions were analyzed descriptively. 
Results: Mean knowledge-related indicator percentages increased from 47.0% to 
88.4% (+41.4 percentage points), and operational skills increased from 23.0% to 
88.4% (+65.4 points). All participants completed an editorial or research-oriented 
product; mean product quality was 4.33/5, satisfaction was 4.67/5, and 96% 
intended to use NotebookLM in routine research. 
Conclusion: Higher immediate assessment indicators and complete product 
production were observed after training. Uncertain measurement properties, the 
single-group design, and absent follow-up preclude causal conclusions and 
evidence of sustained newsroom productivity. 
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INTRODUCTION 
 
Generative artificial intelligence (GenAI) is now part of routine media work, with journalists 
increasingly anticipating hybrid human-AI workflows rather than replacement (Moravec et al., 
2026). Across journalism settings, reported benefits include faster production, automation, creative 
support, and audience engagement, while concerns remain about technical limitations, authenticity, 
and ethics (Hanh et al., 2026; Galily, 2026). Because AI outcomes also depend on how work is 
organized and governed, capability and professional judgment are central to responsible adoption 
(Frenkel, 2026). 
 
These issues are especially relevant to campus press organizations, where student journalists serve 
real audiences under time, staffing, training, and resource constraints. Indonesian scholarship 
highlights both the organizational role of student press and its need for professional standards and 
institutional protection (Rosman et al., 2021; Komala & S. Noeswa, 2025). Similar pressures in other 
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resource-constrained journalism contexts show that AI-related productivity cannot be separated 
from organizational viability and editorial responsibility (Stanton & Johnson, 2026). 
 
Journalism and communication education therefore needs structured, context-sensitive AI training. 
Studies report demand for participatory and ethically grounded integration of AI (Asadi & Sultana, 
2026), while communication students often view GenAI as a supplementary rather than substitutive 
tool (Chung et al., 2026). Core capabilities such as critical thinking, ethical reporting, listening, 
storytelling, and consequential questioning remain essential (Silcock et al., 2026), consistent with 
digital-literacy research emphasizing evaluative competence (Reddy et al., 2023). AI literacy is also 
shaped by institutional rules and learning opportunities (Mekheimer & Tohamy, 2026), and 
journalism educators increasingly emphasize ethics, fact-checking, and information validation 
(Jaakkola & Wiik, 2025). 
 
The educational value of GenAI depends on task design and retained human agency. Reviews show 
that creative and problem-solving benefits vary by tool, task, and learner characteristics (Guo, 2026), 
and that creative confidence is more favorable when users understand their own contribution (Habib 
& Gardiner, 2026). NotebookLM-oriented studies likewise argue that AI-supported learning is most 
useful when it deepens engagement with source material rather than replacing it (Brown & Saurez, 
2025; Yeo et al., 2025). 
 
NotebookLM is relevant because it is organized around user-provided sources. This study 
operationalizes a source-grounded workflow in which users assemble a bounded source set, 
interrogate it, synthesize information, and trace outputs back to source material. Document-
intensive evaluations emphasize the value of retrieval-augmented, source-linked outputs when tasks 
depend on a defined evidence base (Shor et al., 2025; Tozuka et al., 2025; Tufino, 2025), and related 
work shows that structured prompting can support document transformation when the source base 
is explicit (Kamińska & Wyciślik, 2026). Source grounding does not guarantee truth, but it makes 
provenance more inspectable and therefore better aligned with journalistic verification. 
 
Verification remains a central constraint on AI-assisted journalism. Research identifies persistent 
methodological gaps in fact-checking evaluation (Baptista et al., 2026), limited professional trust 
even when GenAI is used for efficiency-oriented tasks (Dierickx & van Dalen, 2026), and continuing 
governance gaps around transparency, fairness, and responsibility (Porlezza et al., 2026). 
Information-disorder and AI-search studies further highlight ambiguity, misinformation, epistemic 
opacity, and platform power (Rahimian & Hasanzadeh, 2026; Weinbrand et al., 2026), reinforcing 
the need to teach provenance inspection and source-bounded verification. 
 
The risks intensify as AI outputs move closer to publication. AI-assisted news can show 
standardization, contextual variation, journalistic error, and uneven disclosure (Mera-Fernández et 
al., 2026), while audience research links automated news to perceptions of accuracy, bias, and trust 
(Li, 2026). Governance and oversight are also associated with different organizational and audience 
outcomes (Lavich & Ivanishvili, 2026), and public discussion continues to show salient distrust of 
GenAI among journalists (Pessianzadeh et al., 2026). Productivity should therefore be treated as 
quality-adjusted rather than as content volume alone. 
 
The same principle applies to multimodal production. AI-generated news imagery can reproduce 
bias and alter framing (Elhosary, 2026), while AI-supported creative systems can expand interactive 
possibilities but still require human evaluation (Ji et al., 2026). Heravi, 2026) similarly frames 
reliable information as a reusable resource for multiple narratives and formats, suggesting that 
source-grounded AI is most defensible when it supports evidence curation while editorial control 
remains human-led. 
 
At Universitas Bengkulu, campus press partners produced approximately five articles per month 
before the intervention, and manual processing of interviews and documents required two to three 
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days per article. These pressures are consistent with wider evidence on time-constrained journalism 
and changing professional relationships (de Jong & Dijkstra, 2026) and with research linking work 
pressure to professional well-being (Mendiguren Galdospin et al., 2026). The study therefore 
evaluates a sequence of immediate capabilities from AI understanding and source handling to 
verification and concrete output rather than assuming long-term productivity gains. 
 
The study addresses four gaps. First, much existing work examines attitudes, framing, trust, 
governance, or anticipated consequences of GenAI, while fewer studies evaluate a structured 
intervention through observable task performance. Second, AI literacy is often measured generically, 
even though journalism requires domain-specific competencies in provenance, verification, 
transparency, and editorial accountability. Third, training evaluations can over-rely on satisfaction 
or self-confidence without requiring participants to produce an artifact. Fourth, evidence on micro-
level AI impact in journalism is still developing. Cristòfol, 2026), for example, proposes a 
multidimensional measurement architecture encompassing use patterns, perceived productivity, 
autonomy and editorial decision-making, ethical risk, audience orientation, and cognitive load, but 
calls for empirical application and validation. The present study provides one such applied setting, 
albeit with a narrower and more descriptive dataset. 
 
Accordingly, the study asks three research questions: (RQ1) To what extent did participants’ 
knowledge, understanding, and operational skill change from pre-training to the post-training 
assessment? (RQ2) Did participants translate the acquired competence into concrete journalistic or 
research-oriented products of acceptable quality? (RQ3) Do the combined process, performance, and 
transfer-intention indicators support an immediate editorial-capability pathway after source-
grounded AI training? For RQ3, process indicators establish intervention exposure and engagement, 
performance indicators capture learning and completed output, and transfer-intention indicators 
capture planned continuation beyond the session. The working hypothesis is that structured 
NotebookLM training strengthens immediate productive capacity by improving source organization, 
synthesis, prompt formulation, verification, and conversion of source material into editorially usable 
outputs. This proposition is intentionally narrower than claiming that the training increases long-
term newsroom productivity. The available data permit evaluation of competence and immediate 
output, but not causal or longitudinal claims about publication frequency, production time, audience 
engagement, or sustained editorial performance. 
 
Figure 1 summarizes the proposed mechanism and explicitly separates outcomes measured in this 
study from downstream organizational outcomes that remain untested. The contribution is twofold. 
Empirically, the study evaluates a complete hands-on intervention with 50 campus press participants 
and links pre-post learning indicators to concrete output production. Conceptually, it advances a 
source-grounded AI workflow model for student journalism in which AI literacy is treated as a 
verification-oriented editorial capability rather than as tool familiarity alone. This framing is 
consistent with ethical arguments that AI should augment rather than displace human judgment 
(Duymaz & Tekin, 2023; Silva-Atencio, 2025) and with emerging newsroom evidence favoring hybrid 
human-AI collaboration (Moravec et al., 2026). The analysis therefore asks not whether GenAI can 
write, but whether a source-grounded training model can help student journalists work more 
effectively while remaining responsible for what is ultimately published. 
 

 
Figure 1. Revised source-grounded AI workflow model. Solid elements indicate outcomes measured in this 

study; dashed elements indicate proposed downstream newsroom outcomes requiring longitudinal 
evaluation. 
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METHOD 

Research Design 

The study used a single-group pre–post program-evaluation design embedded in a university 
community-engagement training activity. The intervention was conducted on 2 July 2026 in the 
Multimedia Laboratory of the Faculty of Social and Political Sciences, Universitas Bengkulu, 
Indonesia. The setting provided individual computer access, stable internet connectivity, projection 
facilities, and audio equipment. The intensive session ran from 08:00 to 16:00 and combined 
conceptual instruction, live demonstration, individual and paired practice, discussion, product 
development, and mentoring. 
 
The design was pragmatic rather than experimental. Every participant received the intervention, and 
no untreated or active-comparison group was available. Consequently, observed changes are 
described as training-associated differences rather than isolated causal effects. This distinction is 
important in light of recent methodological work arguing that the impact of GenAI on journalistic 
routines is multidimensional and should be operationalized explicitly rather than inferred from 
simple technology adoption (Cristòfol, 2026). The present evaluation concentrates on immediate 
competence and output indicators that were available in the program dataset. 
 

Participants and Sampling 

The program involved 50 students representing campus media organizations across Universitas 
Bengkulu. Thirty participants (60%) represented media or documentation functions associated with 
Himpunan Mahasiswa (HIMA) at the study-program level, and 20 (40%) represented university-
level student press organizations. The cohort included students from communication, sociology, 
political science, and programs outside the Faculty of Social and Political Sciences. Prior individual 
experience with GenAI or NotebookLM was not collected. 
 
Recruitment was organized through representation from relevant HIMA and student press units. 
Because the laboratory could accommodate 50 participants, enrollment was capped at that number. 
All 50 registered participants attended the intervention, corresponding to 100% attendance. The 
program was thus implemented with the full planned cohort, but the sample should be interpreted 
as a purposive training cohort rather than a probability sample of Indonesian student journalists. 
 

Training Intervention 

The intervention followed a hands-on, project-based format. This pedagogical choice was consistent 
with the practical objective of moving participants from awareness of GenAI to demonstrable source-
processing and content-production skills. The program was organized around five linked domains: 
(1) conceptual understanding of generative AI and NotebookLM; (2) source management, including 
the addition of PDF documents, Google Docs, URLs, and other supported materials; (3) query and 
prompt formulation for structured retrieval and synthesis; (4) verification through citation tracing 
and comparison with original source material; and (5) transformation of synthesized information 
into journalistic or multimedia outputs. 
 
The training began with an introduction to digital literacy, the role of GenAI in communication work, 
and ethical responsibilities when using AI-generated assistance. The principal trainer, affiliated with 
Mafindo Bengkulu, then demonstrated the workflow of creating a notebook, adding sources, using 
source overviews, generating summaries, asking targeted questions, and examining supporting 
citations. This integration of technical and ethical instruction reflects the broader argument in 
journalism education that AI should be embedded in participatory learning while maintaining an 
explicit ethical grounding (Asadi & Sultana, 2026; Silcock et al., 2026). 
 

Practical work formed the core of the intervention. Participants worked with prepared and self-
selected sources, tested questions of increasing specificity, compared information across sources, 
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and inspected the relation between generated outputs and the underlying material. Trainers and 
assistants circulated during practice to address technical difficulties and to reinforce the rule that 
machine-generated text was not publication-ready by default. Participants were instructed to verify 
factual claims against the source set, identify limitations or missing context, and exercise human 
editorial judgment before using any AI-assisted material. 
 
The final practical task required each participant to produce a concrete work product. Permitted 
outputs included news or opinion articles, research summaries or reports, feature or reportage 
scripts, and multimedia or infographic content. This output requirement was important analytically 
because it converted the intervention from a knowledge-only exercise into a performance-oriented 
task. The program also included mentoring and feedback intended to help participants translate the 
tool into their ongoing campus-media routines. 
 

Evaluation Framework and Measures 

The evaluation framework comprised four dimensions: input, process, output, and outcome. Input 
indicators captured whether the program had the resources and participation necessary for 
implementation, including recruitment target, participant composition, and facility readiness. 
Process indicators captured how participants engaged with the intervention, including attendance, 
question participation, quality of interaction, and schedule adherence. Output indicators captured 
immediate learning and performance through pre–post scores, product completion, and quality 
ratings. Outcome indicators captured satisfaction, broader competency gains, operational skill 
acquisition, and intended future implementation. These indicator groups served distinct purposes: 
knowledge indicators captured conceptual understanding; operational-skill indicators captured task 
execution; broader-competency indicators summarized cross-cutting literacy and analytical 
capability; product-quality ratings evaluated completed outputs; satisfaction measured perceived 
training quality; and implementation intentions measured planned, rather than observed, post-
training use. Pre–post percentages, participant-reported satisfaction and intentions, and 
assessments of completed products represent different measurement sources and are analyzed 
separately. Because the knowledge category includes practical ability, it should not be interpreted as 
a pure knowledge scale. The administration mode and item wording were unspecified, so the 
operational and broader-competency percentages cannot be assumed to represent independently 
observed performance. 
 
Knowledge-related assessment covered five domains: understanding of AI concepts, understanding 
of NotebookLM, practical ability, understanding of digital ethics, and understanding of verification. 
Operational skill assessment covered access to NotebookLM, uploading source materials, 
formulation of effective questions, analysis of generated outputs, and production of research or 
journalistic work. A broader competency set assessed digital and AI literacy, digital ethics and 
verification, and research and information analysis. 
 

Product quality was rated on a five-point scale across six dimensions: correct use of NotebookLM, 
quality of analysis and synthesis, accuracy of information and citations, structure and writing, 
creativity and originality, and application of digital ethics. Satisfaction was assessed using eight items 
on a five-point scale covering relevance of material, trainer delivery, training materials, practical and 
mentoring sessions, facilities, benefit for self-development and the press organization, and 
willingness to join future training. Implementation intentions recorded whether participants 
planned to use NotebookLM in routine research, teach peers, use the tool for academic work, develop 
research-based content, and apply digital ethics. The identity, number, qualifications, and 
independence of product assessors, scoring anchors, weighting of dimensions, timing of scoring, and 
handling of disagreements were unspecified. Consequently, neither an independent quality standard 
nor a threshold for acceptable publication quality can be established from the overall rating. 
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The measurement architecture overlaps with dimensions proposed in newer frameworks for 
studying GenAI in journalism, particularly patterns of use, productivity, ethical risk, and editorial 
decision-making (Cristòfol, 2026). However, the evaluation instruments were designed for program 
monitoring rather than formal psychometric validation. The dataset therefore does not support 
claims about latent constructs, scale reliability, or validated composite indices. Measurement 
documentation does not establish the number of test items, confirmation that identical items were 
used at pre- and post-test, the maximum raw score, item-level scoring rules, formal content-
validation procedures, rater independence, or reliability coefficients. Accordingly, the percentages 
and five-point ratings are treated as program-monitoring metrics rather than validated psychometric 
measures. 
 

Analysis Plan 

The analysis was descriptive because the dataset contained aggregate percentages and aggregate 
mean ratings rather than participant-level observations. For each pre-post indicator, absolute 
percentage-point change was calculated as post-training percentage minus pre-training percentage. 
Normalized gain was calculated as (post - pre)/(100 - pre), indicating the proportion of the maximum 
possible improvement achieved from the observed baseline. Normalized gain was included to 
express observed improvement relative to the remaining possible improvement from each baseline 
value; it was used for descriptive context only and not as an inferential or standardized effect size. 
Domain means are unweighted arithmetic averages of the listed indicator percentages; they are not 
participant-level mean test scores. Normalized gains assume that each percentage uses a comparable 
scale with a maximum of 100; uncertainty about the original scoring limits their interpretation. 
 
Normalized gain was interpreted only as a descriptive transformation of baseline-to-post 
improvement and not as an inferential effect size. Participant-level paired scores, standard 
deviations, item-response distributions, and paired identifiers were unavailable. Paired-samples t 
tests, Wilcoxon signed-rank tests, confidence intervals around mean score change, and standardized 
mean-difference measures such as Cohen's d could therefore not be calculated validly. 
 

For categorical indicators with observed counts, frequencies and percentages were reported. 
Product-quality and satisfaction ratings were summarized using the aggregate arithmetic means 
recorded in the dataset. Implementation intentions were expressed as numbers and percentages of 
the 50 participants. 

 

Analytical Scope 

Interpretation followed a staged mechanism: training exposure → source-grounded AI competence 
→ improved source handling and verification → concrete content production → potential 
enhancement of campus press productivity. Evidence was treated as more persuasive when it 
converged across multiple stages. This prevents a common analytical shortcut in which increased 
post-test knowledge is equated automatically with productivity. 
 
The model also distinguishes immediate productive capacity from sustained organizational 
productivity. Immediate productive capacity is evidenced by the ability to perform source-grounded 
tasks and generate an assessable work product during the intervention. Sustained organizational 
productivity would require post-training evidence such as publication frequency, time per article, 
editor revision burden, source-verification rates, content diversity, or audience engagement. The 
latter outcomes were not available in the current dataset and are therefore treated as future 
evaluation targets rather than observed effects. 
 

The analysis also adopted a conservative interpretive standard. It did not treat source grounding as 
a guarantee of truth, does not infer that participants became professional fact-checkers, and does not 
claim long-term productivity improvement from immediate output data. This approach is consistent 
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with literature emphasizing that AI use in communication requires transparency, accountability, 
verification, and continuing human oversight (Porlezza et al., 2026; Dierickx & van Dalen, 2026). 

 

RESULTS AND DISCUSSION 

 
Participation and Training Process 

The intervention achieved the planned recruitment target and complete attendance. All 50 registered 
participants attended, consisting of 30 HIMA representatives and 20 university-level student press 
representatives. The planned 60:40 participant composition was therefore preserved. Facilities and 
training resources covered seven facility categories, including the laboratory, 50 participant 
computers, internet connectivity, projection, audio support, training materials, and 20 source files 
for practice. 
 
Participation during the session was high. Forty-seven of 50 participants (94%) asked at least one 
question. A total of 124 questions were recorded, corresponding to 2.48 questions per participant. 
Fifteen participants (30%) were categorized as very active, asking more than three questions; 20 
(40%) were categorized as active, asking two or three; 12 (24%) asked one question; and three (6%) 
asked none. The mean interaction-quality score was 4.64/5 across question relevance, depth, trainer 
responsiveness, discussion participation, and learning atmosphere. Schedule adherence was 
reported as seven of eight sessions (87.5%). The simultaneous count of two five-minute delays is 
inconsistent with that denominator; the timing figures are therefore not used as evidence of 
implementation fidelity. Attendance and question participation indicate engagement with the 
intervention but do not independently establish learning, uniform exposure duration, or 
implementation fidelity across all activities. 
 

Knowledge and Operational Capability 
All five knowledge-related indicators increased from pre-training to post-training assessment. The 
mean across the five indicators rose from 47.0% to 88.4%, corresponding to an absolute gain of 41.4 
percentage points. The normalized gain at the mean level was 0.78, indicating that approximately 
78% of the maximum possible improvement from the observed baseline was realized. 
 
Understanding of NotebookLM and practical ability showed the largest absolute increases. 
NotebookLM understanding rose from 40% to 90%, a 50-point gain and normalized gain of 0.83. 
Practical ability rose from 35% to 85%, also a 50-point gain, with normalized gain of 0.77. 
Verification understanding increased from 45% to 87%, a 42-point gain and normalized gain of 0.76. 
Understanding of AI concepts rose from 55% to 88% (+33 points; normalized gain 0.73), while 
understanding of digital ethics increased from 60% to 92% (+32 points; normalized gain 0.80). 
 
Operational skills showed even larger descriptive changes. The mean across five operational 
indicators increased from 23.0% before training to 88.4% after training, an absolute gain of 65.4 
percentage points. The normalized gain was 0.85. 

 
The ability to produce research or journalistic work increased from 15% to 88%, the largest absolute 
gain at 73 percentage points, with normalized gain of 0.86. Ability to upload source data rose from 
25% to 92% (+67 points; normalized gain 0.89). Ability to access NotebookLM increased from 30% 
to 95% (+65 points; normalized gain 0.93). Ability to construct effective questions rose from 20% to 
85% (+65 points; normalized gain 0.81). Ability to analyze outputs increased from 25% to 82% (+57 
points; normalized gain 0.76). 
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Table 1. Aggregate Pre-Post Changes Across Knowledge, Skill, and Competency Indicators 

Domain Indicator 
Pre 
(%) 

Post 
(%) 

Gain 
(pp) 

Normalize
d gain 

Knowledge AI concept understanding 55 88 33 0.73 

Knowledge NotebookLM understanding 40 90 50 0.83 

Knowledge Practical ability 35 85 50 0.77 

Knowledge Digital ethics understanding 60 92 32 0.80 

Knowledge Verification understanding 45 87 42 0.76 

Operational skill Access NotebookLM 30 95 65 0.93 

Operational skill Upload sources 25 92 67 0.89 

Operational skill Construct effective questions 20 85 65 0.81 

Operational skill Analyze outputs 25 82 57 0.76 

Operational skill 
Produce research/journalistic 
work 

15 88 73 0.86 

Broader 
competence 

Digital & AI literacy 55 90 35 0.78 

Broader 
competence 

Digital ethics & verification 50 88 38 0.76 

Broader 
competence 

Research & information analysis 45 85 40 0.73 

 

Note. Values are aggregate program-monitoring metrics. Gain (pp) = percentage-point difference; 
normalized gain = (post - pre)/(100 - pre). Participant-level distributions were unavailable; 
normalized gain is reported only to contextualize proportional improvement from baseline and is 
not an effect-size estimate. 

 
Figure 2. Aggregate pre-post knowledge and comprehension indicators. Values are program-level 

percentages and do not represent participant-level score distributions. 
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Figure 3. Aggregate pre-post operational NotebookLM skill indicators. Values are program-level percentages 

and do not represent participant-level score distributions. 

 

The broader competency indicators moved in the same direction. Digital and AI literacy increased 
from 55% to 90%, digital ethics and verification from 50% to 88%, and research and information 
analysis from 45% to 85%. The three-item aggregate therefore rose from 50.0% to 87.7%, a 37.7-
point gain. Table 1 presents all knowledge, skill, and broader competency indicators together, and 
Figure 3 visualizes the operational-skill changes. 
 
Editorial Outputs and Product Quality 
All 50 participants completed a concrete product during the practical session. This completion rate 
provides a task-based indicator distinct from assessment percentages and participant-reported 
perceptions. Completion alone does not establish independent competence or publication readiness. 

Twenty-two participants (44%) produced a news or opinion article, 15 (30%) produced a research 
summary or report, eight (16%) produced a feature or reportage product, and five (10%) produced 
multimedia or infographic content. Figure 4 shows the distribution. The outputs therefore spanned 
both conventional text genres and more diversified media forms. This heterogeneity indicates that 
the training workflow was not restricted to one fixed writing template. The overall product-quality 
mean was 4.33/5.  
 
Satisfaction and Intended Implementation 
Participant satisfaction was high across all eight assessed dimensions, with an overall mean of 
4.67/5. Willingness to attend future training received the highest score (4.9), followed by trainer 
quality and benefit for self-development (both 4.8). Relevance of the material to participant needs 
and usefulness for the press organization each scored 4.7. The practical and mentoring component 
scored 4.6, training materials 4.5, and facilities 4.4. The eight displayed rounded item means average 
4.675. The overall reported value of 4.67 is retained because unrounded item values and aggregation 
weights are unavailable; its exact calculation cannot be reconstructed. 
 
Implementation intentions were also strong. Forty-eight participants (96%) intended to use 
NotebookLM in routine research, 47 (94%) intended to apply digital ethics, 45 (90%) intended to 
use the tool for academic writing, 42 (84%) intended to teach it to organizational peers, and 40 (80%) 
intended to develop research-based content. The mean endorsement across these five intended 
actions was 88.8%. 
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These measures should be interpreted as intentions rather than verified behavior. They cannot 
demonstrate that participants subsequently changed organizational routines. Nevertheless, they 
indicate that the intervention was perceived as transferable beyond the training room. The 84% 
intention to teach peers is especially relevant to campus press organizations because annual 
membership turnover can erode organizational knowledge unless competencies are deliberately 
transferred. 

 
Figure 4. Distribution of the 50 concrete editorial or research outputs completed during the practical 

training session. 

 

Table 2. Convergent Process, Output, Quality, and Implementation Indicators. 

Indicator Count Value Interpretation 

Attendance 50/50 100% 
Complete intervention 

exposure 

Participants asking >=1 question 47/50 94% High active engagement 

Total questions 124 2.48/person Sustained interaction 

Concrete work produced 50/50 100% Immediate behavioral output 

Mean product quality - 4.33/5 Positive program quality rating 

Mean satisfaction - 4.67/5 Very high satisfaction 

Routine NotebookLM research 
intention 

48/50 96% High transfer intention 

Intent to teach peers 42/50 84% 
Potential organizational 

diffusion 

Intent for research-based content 40/50 80% Potential editorial application 

 

Integrated Descriptive Evidence 
Table 2 brings together different types of immediate evidence: attendance and questions describe 
participation; pre–post indicator percentages describe assessment change; completed products 
describe task completion; quality ratings describe product appraisal; and satisfaction and intentions 
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describe participant perceptions. Their coexistence is consistent with the proposed framework but 
does not test temporal mediation or validate a capability pathway. 
 
The descriptive pattern is compatible with immediate learning and application during training. It 
does not establish an intervention effect, verified publication quality, or sustained organizational 
productivity. Publication frequency, production time, editorial revision burden, factual-error rate, 
audience engagement, and longitudinal quality were not measured. 

 

Discussion 

Source-grounded AI as productive editorial capability 

The principal finding is the coexistence of higher post-training assessment indicators and complete 
task production. This pattern extends the evaluation beyond technology acceptance, although it does 
not establish a causal progression. The intervention required participants to organize evidence, 
formulate questions, inspect model outputs, and convert the resulting synthesis into editorial 
products. This interpretation is consistent with evidence that communication students view GenAI 
as a supplementary tool and that journalists anticipate hybrid rather than replacement models of 
human-AI work (Chung et al., 2026; Moravec et al., 2026). It also aligns with research showing that 
efficiency benefits depend on skilled users, organizational participation, and ethical safeguards 
(Hanh et al., 2026; Frenkel, 2026). For campus press management, the implication is that tool access 
should be paired with source protocols, verification routines, and editorial oversight rather than 
treated as a stand-alone productivity intervention. 
 
The larger absolute operational change (65.4 percentage points) than knowledge-related change 
(41.4 points) is partly consistent with lower operational baselines and greater room for 
improvement. Repeated hands-on practice and immediate access to mentoring offer plausible 
explanations, but these mechanisms were not tested. Familiarity with assessment tasks, expectancy, 
and instructor support may also contribute. Because comparable item scoring and paired 
observations are unavailable, the two changes should not be interpreted as statistically different 
effects. 
 
The overall product rating of 4.33/5 describes favorable appraisal within the program. Dimension-
specific scores are unavailable, so relative strengths in accuracy, tool use, creativity, or originality 
cannot be inferred. The division of labor between AI assistance and human editorial judgment is 
therefore a pedagogical implication rather than a demonstrated quality profile. GenAI can support 
divergent and convergent thinking, problem solving, and iterative refinement, but its effects remain 
conditional on task, learner, and design (Guo, 2026). Creative confidence is also more favorable when 
users retain agency and can identify their own contribution (Habib & Gardiner, 2026). For 
journalism, the implication is that source extraction, comparison, and synthesis may be partially 
delegated to AI, whereas framing, interviewing, interpretation, narrative voice, and final publication 
responsibility should remain human-led. This is especially important because AI-assisted news can 
become standardized or exhibit journalistic errors when governance and editorial control are weak 
(Mera-Fernández et al., 2026). Newsroom interviews likewise show that journalists value GenAI for 
efficiency and data handling while remaining concerned about accuracy, credibility, bias, and 
responsible use (Cools & Diakopoulos, 2026). 

 

Verification as a constraint on productivity 

Source grounding should be understood as a verification affordance, not a guarantee of truth. Heravi, 
2026) argues that AI-mediated journalism increasingly shifts value toward the stewardship of 
reliable information artifacts from which multiple narratives can be assembled. That perspective 
matches the training design: participants built a bounded evidence base, interrogated it, and 
converted its contents into different output forms. Work on NotebookLM and retrieval-augmented 
workflows likewise emphasizes the utility of bounded source collections for traceable document 

300 



Gushevinalti., Raudah, N.P., & Utama, M.S.C.    
       From AI Literacy to….. 

          | Jurnal Pengabdian kepada Masyarakat 

work (Shor et al., 2025; Tozuka et al., 2025; Tufino, 2025), while Brown & Saurez, 2025; Yeo et al., 
2025) caution against replacing engagement with source texts by passive consumption of generated 
summaries. 
 
Verification therefore functions as a productivity condition rather than as a competing objective. 
European fact-checkers use GenAI mainly for secondary, efficiency-oriented tasks while maintaining 
limited trust in model outputs (Dierickx & van Dalen, 2026), and fact-checking scholarship continues 
to identify methodological gaps in evaluating verification effectiveness (Baptista et al., 2026). 
Governance research similarly shows persistent gaps around transparency, fairness, and 
responsibility (Porlezza et al., 2026), while studies of information disorder and AI-generated search 
summaries emphasize ambiguity, misinformation, epistemic opacity, and platform power (Rahimian 
& Hasanzadeh, 2026; Weinbrand et al., 2026). Trust and distrust in GenAI coexist among journalists 
and wider publics, and quality news media frame the technology through simultaneous opportunity 
and threat (Pessianzadeh et al., 2026; Hendrickx & Coppenolle, 2026). Evidence from automated 
journalism and AI-mediated summaries further shows that transparency, disclosure, factuality, and 
oversight shape perceived credibility and organizational legitimacy (Li, 2026; Lavich & Ivanishvili, 
2026; Shi et al., 2026). The defensible target is therefore verified output, not output volume alone. 
 

From individual capability to organizational newsroom adoption 

The intervention was project based, interactive, and output oriented. Ninety-four percent of 
participants asked at least one question, and interaction quality averaged 4.64/5. This active format 
is consistent with journalism-education research recommending contextualized, participatory, 
ethically grounded AI integration while preserving critical thinking, ethical reporting, storytelling, 
and consequential questioning (Asadi & Sultana, 2026; Silcock et al., 2026). Because AI literacy is 
unevenly distributed and institutionally recognized in different ways, campus press organizations 
should pair tool training with peer mentoring, shared protocols, and repeated practice (Mekheimer 
& Tohamy, 2026). A recent journalism-assessment intervention also emphasizes authentic, 
scaffolded GenAI activities that make ethical decision-making, prompt engineering, and verification 
explicit learning outcomes (Ngu & Weller, 2026). 

 
The present findings describe immediate assessment change and supported task completion; 
sustained newsroom productivity remains untested. This distinction aligns with Cristòfol's (2026) 
multidimensional framework for measuring GenAI impact through use patterns, productivity, 
autonomy, ethical risk, audience orientation, and cognitive load. It also reflects scholarship showing 
that journalism operates under time pressure, changing professional relationships, and work-context 
pressures that affect quality and well-being (de Jong & Dijkstra, 2026; Mendiguren Galdospin et al., 
2026). Media automation creates value only when embedded in a broader production system rather 
than treated as a stand-alone tool (Galily, 2026). For campus press, the next analytical level is 
therefore organizational: whether source-grounded workflows alter actual production cycles, 
editorial revision, division of labor, and audience engagement over time. 
 

Implications 

For campus press organizations, the practical model is straightforward: build a source pack; use AI 
for bounded extraction, comparison, chronology, and question generation; trace consequential 
claims back to sources; conduct human verification and additional reporting where the source pack 
is insufficient; and retain human responsibility for framing, authorship, and publication. Multimodal 
production should be governed with the same caution because AI-generated visual content can 
reproduce bias and alter framing (Elhosary, 2026), even as AI-supported creative systems expand 
interactive possibilities (Ji et al., 2026). In the Global South, this workflow should be contextualized 
to local language, infrastructure, institutional policy, and training access rather than imported as a 
universal technological solution. 

 

301 



Gushevinalti., Raudah, N.P., & Utama, M.S.C.    
                                                                   From AI Literacy to….. 

                                     Jurnal Pengabdian kepada Masyarakat | …… 

Research contribution 

This study contributes a source-grounded AI workflow model for student journalism and proposes 
verified productivity as a quality-adjusted research target. Verified productivity is defined here as 
editorially usable, source-traceable, human-checked output generated with an efficiency gain that 
does not relax verification or editorial responsibility. This construct is intended to move future 
research beyond simple measures of tool adoption, satisfaction, or content volume. 
 

Limitations 
The study remains an exploratory program evaluation. It used a single-group design with aggregate 
rather than participant-level data; the monitoring instruments were not formally psychometrically 
validated; product-quality ratings lacked documented rater independence and inter-rater reliability; 
post-training outcomes were immediate; implementation intentions were not observed behavior 
and cannot be treated as evidence of actual implementation; and the study did not measure 
publication frequency, production time, error rate, editor revision burden, or audience engagement. 
The cohort came from one university, which limits generalizability, and prior individual experience 
with GenAI or NotebookLM was not collected. The purposive sample of 50 participants was 
determined by laboratory capacity, without a reported precision or power calculation. Selection, 
testing, expectancy, and social-desirability effects remain possible. The lack of paired distributions 
prevents assessment of individual variation, and product completion during mentored practice 
cannot establish independent performance. Future evaluations should verify tool use and editorial 
practice several weeks and months after training rather than relying on immediate intentions alone. 
 
Suggestions 

Future studies should retain anonymous paired raw scores, validate instruments, use multiple 
blinded raters, and compare source-grounded AI training with generic chatbot training and 
conventional workflows. Key outcomes should include time to first publishable draft, factual-error 
rate, citation traceability, source diversity, editor revision time, and one- and three-month newsroom 
metrics. A composite verified-productivity index could reward useful output while penalizing 
unsupported claims and excessive revision. Qualitative interviews or usage diaries could examine 
autonomy and cognitive load, and transparency experiments could test how audiences respond to 
different forms of AI disclosure. 

 
CONCLUSION 

 
The single-group evaluation of 50 campus press participants showed higher post-training aggregate 
knowledge-related and operational indicators and completion of a journalistic or research-oriented 
product by every participant. These findings describe immediate assessment change and application 
during mentored training. The overall product rating and favorable implementation intentions 
complement these results but do not establish independent publication quality or subsequent use. 
The design, uncertain measurement properties, and absence of longitudinal data preclude causal 
conclusions and claims of sustained newsroom productivity. Comparative studies with documented 
instruments, independent product assessment, and follow-up are needed to evaluate whether these 
immediate outcomes persist. 
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