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Abstract 

The rapid integration of artificial intelligence (AI) in higher education has created a fragmented governance 

landscape fraught with strategic risks. To remedy this uncertainty, this article proposes an evidence-based 

scenario planning framework that converts foresight from intuitive speculation to empirical analysis. In this 

study, we operationalize ‘impact’ and ‘societal uncertainty’ as computational metrics (e.g., discourse volume, 

sentiment polarization, network centrality) to identify the most critical driving forces shaping academic AI 

policy. These drivers create the axes of a 2×2 scenario matrix, from which four plausible future worlds 

emerge that are grounded in observed institutional tensions. The populated scenarios demonstrate significant 

strategic divergences, ranging from passive acquiescence to external corporate directives to strong, local 

algorithmic governance within Triple-Helix dynamics. Moreover, the stories highlight the need to redirect 

institutional resources from physical infrastructure to pedagogical agility, particularly through continuous 

faculty upskilling and the reconfiguration of process-oriented assessments. By anchoring future narratives in 

empirical data, this study offers university leaders and policy makers a transparent, contextually adaptive 

road map. Ultimately, these evidence-based scenarios enable higher education institutions to be the primary 

regulators of ethical AI use, evolving from technology consumers to proactive institutions. 
 

Keywords: Artificial Intelligence, Scenario Planning, Higher Education, Algorithmic Governance, Societal 

Uncertainty, Pedagogical Agility 

 

 

1. Introduction 

 

1.1 The Context and Challenges of Artificial Intelligence in Higher Education 

 

Strategic decision-making by higher education institutions (HEIs) is increasingly influenced by artificial 

intelligence (AI) (Abulibdeh et al., 2025). Consequently, higher education leaders are faced with a major strategic 

dilemma. They are under tremendous pressure to innovate and swiftly deploy AI infrastructure to stay competitive 

in a digital economy (Tarisayi, 2024) but also bear the heavy burden of safeguarding core academic integrity 

amidst radical uncertainty. The highly fragmented nature of the public discourse adds to this uncertainty. There 

are stories everywhere on the internet, news portals, and media about what the future holds for AI in higher 
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education. Not only policymakers and industry experts but also giant technology corporations are driving the 

digital infrastructure and students with their own perceptions (Chan & Hu, 2023). This fragmentation of external 

inputs creates a "strategic fog" that obscures clear institutional pathways. 

 

1.2 The Significance and Risks of Artificial Intelligence in Higher Education 

 

HEIs are inherently complex adaptive systems (CAS), multi-layered, interdependent networks, where 

technological interventions are seldom predictable, linear cause-and-effect outcomes (Priyadarshini & Abhilash, 

2022; Ueland et al., 2021). Hence, the “strategic fog” must be addressed. In these fast-moving contexts, the rapid 

and often unregulated adoption of generative artificial intelligence (GenAI) can trigger cascading, unintended 

consequences. If unmitigated, institutional leaders could become trapped in reactive policy-making cycles, trying 

to respond to receding disruptions rather than proactively engaging in anticipatory ecosystem management (Ahern, 

2025; George & Wooden, 2023) 

 

This uncertainty presents especially high stakes for emerging economies where rapid socio-economic transitions 

and aggressive technological push can outpace institutional capacity and existing regulatory frameworks 

(Elbadiansyah et al., 2024). In such data-rich but resource-constrained environments, universities must develop 

robust implementation frameworks that can interpret fragmented external signals, align diverging stakeholder 

perceptions, and respond to shifts in policy dynamics (Ahern, 2025; Tanna & Chugh, 2026). Lacking such strategic 

foresight, HEIs risk misallocating massive financial resources to expensive corporate technological upgrades that 

fundamentally do not align with internal pedagogical needs, equitable access, or graduate employability 

(Elbadiansyah et al., 2024; Hughes et al., 2025; Tanna & Chugh, 2026). 

 

Moreover, while GenAI has clear benefits in terms of bespoke learning and operational efficiency, it also poses 

significant systemic risks concerning algorithmic bias, data privacy, and the erosion of educational quality if not 

managed responsibly (George & Wooden, 2023; Hughes et al., 2025). The most significant and dangerous risk is 

systemic epistemological decay, which is evident in the widespread acceptance of GenAI-facilitated academic 

dishonesty, including sophisticated cheating, fabrication, and ghostwritten work that goes undetected (Bittle & El-

Gayar, 2025; Song, 2024; Yusuf et al., 2024) The problem is exacerbated by the absence of formal, institution-

wide policies, which leaves students and faculty in perpetual uncertainty regarding the rules (Hughes et al., 2025; 

Song, 2024). Translating this noisy public discourse into actionable foresight is therefore an urgent strategic 

imperative enabling HEIs to protect their epistemic integrity, remain socio-economically relevant, and navigate 

the edge of chaos responsibly (Ahern, 2025; Ueland et al., 2021).  

 

1.3 Strategic Foresight and Methodological Gaps in Higher Education AI Research 

 

Current literature points to the transformative potential of AI for personalized learning and operational efficiency, 

but also to the continuing divide between aspirational claims and evidence of realized impact (Bates et al., 2020). 

While existing research has mapped the areas and challenges of AI adoption in HEIs, most of these studies are 

still descriptive or prescriptive (Sposato, 2025). Most importantly, they don’t have a rigorous methodology for 

strategic foresight, the ability to systematically anticipate and prepare for multiple plausible futures. 

 

Traditional scenario planning, although useful for strategic navigation of uncertainty, is prone to organizational 

bias using subjective intuition of internal expert panels and does not capture the macro-level dynamics of changing 

public sentiment. On the other hand, computational techniques for generating future scenarios based on empirical 

risk drivers derived from large-scale news and social media data have been successfully utilized in other complex 

domains such as enterprise risk management and smart city planning (Hodorog et al., 2022; Sohrabi et al., 2018). 

This data-driven foresight approach has been shown to be effective but has not been applied to the context of 

higher education strategic planning, which constitutes a major methodological gap in the current scholarship. 

 

1.4 Critical Uncertainties and Data-Driven Scenario Development 
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Hypothesis that a computational analysis of macro-environmental public discourse may empirically identify valid 

“critical uncertainties” that can be used to construct a robust and objective scenario planning matrix for HEIs. This 

hypothesis is reflected in the research design, which employs a sequential mixed-method approach. We first 

computationally extract and synthesize large-scale online news media discourse to map the dominant driving 

forces of AI in education. Second, we identify two critical uncertainties by evaluating these forces in terms of their 

strategic impact and societal uncertainty. Finally, these variables are combined to build a 2x2 scenario matrix, 

which results in four different future worlds. This study aims to shift the educational strategy from subjective 

intuition to data-driven foresight through this design, offering executable strategic implications for HEI leaders in 

the next five years. 

 

2. Method 

 

This section proposes the analytical framework for translating macro-environmental uncertainties into actionable 

strategic foresight. It describes the evolution from computational data mining of public discourse to systematic 

construction of a data-driven scenario matrix. 

 

2.1 Research Design: A Methodological Bridge 

 

The study employs a pragmatic research paradigm and a multi-stage sequential mixed-methods design. This 

research proposes a “Methodological Bridge” to lead the research from descriptive analysis to strategic foresight. 

The research is based on computational macro-environmental analysis as the main input, instead of traditional 

scenario planning methods mainly based on subjective internal expert panels or focus group discussions. The 

empirical basis for the construction of a 2x2 scenario matrix is the large-scale data extraction (driving forces and 

actor networks). 

 

2.2 Data Source and Computational Extraction 

 

The empirical data used to support this study were obtained through an industry collaboration with NoLimit 

Indonesia that employs a robust online media monitoring pipeline. The first data crawl collected public discourse 

from Indonesian online news media from 1 January to 30 September 2025. A validated corpus of high-relevance 

online media articles was established after following a rigorous contextual filtering process specific to Artificial 

Intelligence and Higher Education.  

 

This dataset was analyzed computationally using three complementary techniques. First, a broad crawl was 

performed using broad keywords related to Artificial Intelligence and Generative AI, which led to an initial dataset 

of 304,245 conversations in total. Second, a purposive contextual filtering was performed using keywords highly 

relevant to the Indonesian higher education context (e.g., Perguruan Tinggi, Kampus, Universitas) to filter out 

conversations outside the scope, which successfully reduced the pool to 34,127 contextualized conversations. 

Finally, semantic validation was performed through a rigorous manual validation process to remove algorithmic 

“noise” where keywords co-occurred without meaningful relationships (e.g., a technology event just happening at 

a university). This resulted in a final, highly curated dataset of 6,844 valid articles from 1,517 unique media 

sources. 

 

Recent research highlights social media analysis as a crucial tool for examining public discourse on emerging 

technologies like artificial intelligence (AI), as these platforms capture real-time public opinions and expectations 

on a massive scale (Egger & Yu, 2022; Wankhade et al., 2022). To navigate this data, transformer-based methods 

like BERTopic are increasingly used to uncover hidden themes within short, noisy social media texts (Egger & 

Yu, 2022; Ocal, 2024; Rao et al., 2024). However, analyzing these texts remains methodologically challenging 

due to their unstructured nature, linguistic diversity, and the inherent risk of misinterpreting topic models (Egger 

& Yu, 2022; Laureate et al., 2023). 
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Across AI-focused studies, public perception is rarely uniformly positive; instead, it reflects a complex mix of 

attitudes. Users frequently balance optimism about AI's practical benefits with deep concerns regarding ethics, 

regulation, bias, privacy, and societal impact (Mohanna & Basiouni, 2024; Ocal, 2024; Wei et al., n.d.). For 

instance, while discussions around ChatGPT in education are generally favorable, they still heavily emphasize 

academic integrity, capability limitations, and workforce implications (Li et al., 2023). Similarly, conversations 

about technologies like DeepSeek, deepfakes, and brain-computer interfaces often blend excitement with fears of 

censorship, legal risks, and transparency issues (Almanna et al., 2025; Patel et al., 2026). 

 

The spread and prominence of these technological narratives are heavily influenced by social network structures. 

Influential users, key opinion leaders, and active communities play a major role in shaping discourse, either by 

amplifying specific expectations or spreading misinformation (Landowska et al., 2024; Li et al., 2023; Unlu et al., 

2025). Furthermore, online discourse is highly dynamic. Temporal and network analyses reveal that public 

sentiment and focal topics shift rapidly in response to major tech announcements, public controversies, or broader 

sociopolitical events (Almanna et al., 2025; Unlu et al., 2025). 

 

Methodologically, combining topic modeling, sentiment analysis, and network analysis yields a much more 

comprehensive understanding of public discourse than relying on a single approach (Li et al., 2023; Patel et al., 

2026). Recent literature also stresses the need for temporal tracking, multimodal sentiment analysis, and context-

aware modeling to accurately interpret social media data (Lu et al., 2024). Ultimately, while computational 

analysis offers profound insights into how society perceives AI integration, it requires careful, ethically informed 

interpretation to navigate its persistent methodological limitations (Laureate et al., 2023). 

 

2.3 The Data-Driven Scenario Construction Framework 

 

The main innovation of this approach is the conversion of the results of computation into a powerful tool of 

strategic foresight. The scenario building was supported by a systematic three-step data-driven workflow.  

Identifying driving forces constituted the first stage, in which the validated topics from the BERT model were 

used as the initial long list of potential driving forces, including infrastructural acceleration, academic integrity 

crises, and pedagogical readiness. 

 

Impact and uncertainty were assessed using an empirical approach. In scenario planning, the driving forces are 

explicitly ranked in terms of impact and uncertainty, usually with the help of qualitative scales or expert judgment 

(Benford et al., 2018; Bisinella et al., 2016; Derbyshire & Wright, 2017). In digital environments, empirical proxies 

such as conversation volume, sentiment analysis, and networks are used to assess public attention and polarization 

(Ilyas & Sharifi, 2025; Raford, 2015). However, due to biases in the data on these platforms, these social media 

indicators are strictly considered as proxies of societal uncertainty, and not as absolute direct measures (Ilyas & 

Sharifi, 2025). 

 

Finally, the two driving forces with the largest combination of impact and uncertainty are chosen to create the axes 

of the 2x2 scenario matrix (Derbyshire & Wright, 2017). The crossing of the two axes produces four different but 

realistic future scenarios (Adikharisma & Putro, 2025; Derbyshire & Wright, 2017). Descriptions and causal 

arguments are then added to each quadrant, and a structured narrative develops (Derbyshire & Wright, 2017; 

Nunes Silva et al., 2017). This can be improved by employing online participatory tools that broaden the inputs 

and render the resulting scenarios more transparent and evidence-based (Nunes Silva et al., 2017; Raford, 2015). 

 

3. Results: The Scenario Matrix 

 

The computational synthesis of the macro-environmental discourse (PESTEL, SNA and DNA combined) 

generated two critical uncertainties that serve as the fundamental axes for strategic foresight. This study develops 

a 2×2 scenario matrix by crossing the high-impact and high-uncertainty variables that describes four possible 

future environments for Higher Education Institutions (HEIs) over the next five years. 
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3.1 Defining the Strategic Axes 

 

The scenario matrix is structured upon two continuums derived directly from the empirical frictions identified in 

the public discourse. 

 

3.1.1. Vertical Axis (Y-axis): Algorithmic Governance.  

 

This axis measures the institutional capacity and political will to enforce the ethical guardrails and maintain 

academic autonomy in the face of aggressive technological integration. 

1.) Robust Governance (Upper Spectrum). Here HEIs have strong academic integrity policies, demand 

transparency from corporate providers on data sovereignty, and have proactive ethical committees overseeing 

AI usage. 

2.) Epistemological Decay (Lower Spectrum). An environment steeped in algorithmic abuse. In this state, HEIs 

succumb to corporate capture, becoming passive consumers of technology while systemic academic fraud 

(e.g., generative AI-assisted plagiarism, admission manipulation, and deepfakes) becomes normalized and 

unregulated. 

 

3.1.2. Horizontal Axis (X-axis): Pedagogical Agility 

 

This axis evaluates the preparedness of the internal human capital and the flexibility of the institution to respond 

to the technological mandate from the outside. 

1.) High Agility (Right Spectrum). A high level of internal capacity where faculty members are constantly 

upskilled and curricula dynamically aligned with the requirements of the automated economy. This mode 

involves embedding AI into higher-order thinking assessments and active learning. 

2.) Capability Mismatch (Left Spectrum). A state of serious internal deficit. Aging/resistant faculty 

demographic; critical shortage of specialized technology instructors; outdated curriculum. This leads to 

the graduation of batches of skills that are not at all in tune with real industrial needs. 

 

3.2. The Four Plausible Futures 
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The intersection of the two major uncertainties produces four different scenarios. Each scenario represents a 

different, but empirically plausible, operating environment for Indonesian HEIs in terms of structure over the next 

five years, as shown in Figure 1. 

 

Figure 1 : A 2x2 Scenario Planning Matrix Illustrating the Driving Forces and Plausible Futures 

of AI in Indonesian Higher Education: 

 

3.2.1. Scenario 1: The Sovereign Academy (Robust Governance + High Agility) 

 

In this ideal future, HEIs are successful in balancing the external “Acceleration Mandate” with rigorous internal 

ethical oversight. University leaders assert their collective bargaining power rather than being passive consumers 

in the Triple-Helix network. They deploy large corporate investments and localized AI models (e.g., Sahabat-AI) 

on their own terms, insisting on strict data sovereignty and bespoke institutional guardrails from multinational tech 

providers. 

 

Internally the capability mismatch is now gone. Major resources have been diverted from hardware acquisition to 

holistic faculty upskilling programs (e.g. ElevAIte initiative). Faculty are very nimble. They don’t rely on rote 

memorization assessments that generative AI can easily work around. Instead, curricula are actively reconstructed 

to include AI as a cognitive partner in higher-order critical thinking and complex problem-solving exercises. 

 

And so, the academic integrity. Embedding ethical policies into the curriculum and culture of the institution can 

effectively prevent the normalization of academic fraud and universities produce highly competitive, digitally 

literate graduates able to meet the demands of the global automated economy and preserve the moral authority and 

epistemological credibility that mark higher education. 

 

3.2.2. Scenario 2: The Wild West of Innovation (Epistemological Decay + High Agility) 

 

This is what happens when the “Acceleration Mandate” completely overrides institutions. Aggressive government 

developmental goals and massive corporate funding lead HEIs to rapidly update their curricula and technology 

infrastructure. Faculty and students demonstrate great pedagogical agility, acquiring considerable expertise in the 

use of advanced generative AI tools for research, coding, and content creation. Universities become successful 

and highly efficient pipelines into the digital economy. 
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But rapid agility is at the grave cost of institutional governance and academic integrity. Epistemological decay is 

systemic when strict localized ethical frameworks and algorithmic oversight are absent. The early warning signs 

in public conversation, such as the normalization of generative AI for contract cheating, automated assignment 

generation, and sophisticated fraud via deepfakes, metastasize into daily operational realities. 

 

In this scenario, the corporate capture of universities is occurring because the institutional leaders failed to stand 

up to their position in the triple-helix network. They are mostly vocational training centers, strongly determined 

by the agendas of multinational tech companies, completely bypassing the ethical cultivation of their students. The 

intrinsic value, moral authority and epistemological credibility of the university degree are fundamentally 

devalued, despite the high-demand technical skills of graduating cohorts. It’s a Wild West environment where 

technological capability thrives at the expense of academic truth and integrity for the sake of speed and market 

alignment. 

 

3.2.3. Scenario 3: The Defensive Silo (Rigid Governance + Capability Mismatch) 

 

This is the result of the heavily polarized fears about “Algorithmic Misuse,” such as the creation of political 

deepfakes and large-scale admissions fraud, that elicit a very conservative, reactive position from the HEI 

administration. Universities embrace draconian algorithmic governance regimes that prioritize risk aversion and 

institutional reputation above all else. These range from outright bans on generative AI tools, to widespread use 

of AI-detection surveillance software, to onerous bureaucratic requirements for technology integration. 

 

But this rigid governance comes with the dire “Capability Mismatch” in the human capital of the institution. The 

internal pedagogical agility does not change. The faculty lacks the skills or institutional support to effectively 

incorporate AI into curriculum design, suffering from the “Shortage of Specialized Technology Lecturers.” Instead 

of changing assessments to evaluate higher-order critical thinking skills in an AI age, educators resort to old-

school, surveillance-heavy assessment practices to maintain control. 

 

Consequently, the university turns into a “Defensive Silo.” It guards traditional academic integrity and sidesteps 

the political and legal risks of algorithmic manipulation. Yet, it becomes disconnected from the Triple-Helix 

ecosystem. Industry partners, frustrated by the universities’ resistance to the overarching “Acceleration Mandate,” 

begin to bypass the formal HEIs altogether, recruiting talent instead from independent, highly agile tech boot 

camps. The PESTEL economic data empirically demonstrates the ultimate tragedy of this scenario: it directly 

worsens the “Rising Unemployment Among Computer Science Graduates” as students exit the university with 

ethical but technologically obsolete skill sets that are completely mismatched with the rapid requirements of the 

digital economy. 

 

3.2.4. Scenario 4: The Digital Collapse (Epistemological Decay + Capability Mismatch) 

 

This is the absolute worst-case operating environment, where the cumulative impact of external systemic pressures 

completely overwhelms internal institutional capacity. In response to the “Acceleration Mandate” of government 

and corporate stakeholders, HEIs rush to purchase expensive AI infrastructure (e.g., cloud services, commercial 

language models) to appear technologically modernized. However, the institution is severely hamstrung by an 

acute “Capability Mismatch” where it lacks the pedagogical human capital to operationalize these tools. Faculty 

members are not trained or supported to change how they teach. The result is that the core curriculum is completely 

out of touch with the realities of the digital economy. 

 

This stasis is compounded by the complete absence of algorithmic governance. Students rely too much on 

unregulated generative AI tools to subvert obsolete, rote-memorization assignments without proactive ethical 

guardrails or updated assessment designs. This unregulated environment is a breeding ground for systemic 

epistemological decay, where academic fraud is a common everyday reality. 
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In the future, universities will be hollow administrative shells. They are financially depleted by constant 

subscriptions to corporate technologies, marginalized in the Triple-Helix network and graduating cohorts that are 

ethically ungrounded and practically incompetent. In the end, these institutions lose all epistemological credibility 

and socioeconomic relevance and face the real threat of institutional collapse. 

 

3.3. Ancillary Analyses 

 

Beyond our primary methods (BERT Topic Modeling, SNA, and DNA), we conducted several exploratory and 

subgroup analyses to gain a deeper understanding of the data and verify the robustness of our findings. 

 

First, we explored the timeline of the Online News Media (ONM) dataset to see if shifts in public sentiment are 

aligned with major external events, such as new national policy announcements or major AI product releases from 

tech companies. We also ran a subgroup analysis to compare the narratives of different actor clusters. This helped 

us understand, for example, how the sentiments of university leaders might differ from those of government bodies 

or corporate infrastructure providers. 

 

To ensure these additional analyses did not introduce computational or statistical errors, we performed sensitivity 

checks on our algorithms. For the BERT sentiment analysis, we tested various confidence thresholds to make sure 

our classifications (positive, negative, and neutral) remained stable, which helped us minimize false-positive 

tagging. Similarly, for the SNA and DNA, we adjusted the clustering parameters and minimum connection 

thresholds. We wanted to be certain that the Key Opinion Leaders (KOLs) and communities we identified were 

truly significant, rather than just random outputs of a specific algorithmic setting. 

 

Because these steps were designed purely as robustness checks rather than new inferential hypothesis tests, they 

did not inflate our statistical error rates. To keep the main text focused, we have archived all detailed parameters, 

temporal matrices, and extra visualizations from these exploratory analyses in the supplemental online appendix. 

 

3.4. Participant Flow 

 

As this study employs a computational analysis of digital discourse, traditional participant flow metrics—such as 

recruitment, cross-over, and attrition rates typically found in experimental designs—are not applicable. All data 

utilized in this research were retrieved exclusively from publicly accessible Online News Media (ONM). No social 

media data, private records, personally identifiable information (PII), or sensitive human subject data were 

extracted, stored, or analyzed. Consequently, this research does not involve human participants in an experimental 

or clinical capacity. The dataset comprises purely public news discourse, ensuring strict adherence to standard 

ethical guidelines for internet-based research and text mining. Because the study relies entirely on open-source, 

public ONM data and involves no direct intervention or interaction with individuals, it does not violate any privacy 

protocols and is exempt from Institutional Review Board (IRB) approval. 

 

4. Discussion 

 

4.1. Evaluation of Findings and Theoretical Contextualization  

 

The main working hypothesis of this study was that it is possible to identify valid “critical uncertainties” through 

computational analysis of macro-environmental public discourse, using massive online news media data, to build 

a robust scenario planning matrix for Higher Education Institutions (HEIs). The findings of this study strongly 

support this proposition. This research empirically substantiates big data analytics as a highly viable, objective 

proxy for strategic foresight by successfully extracting, synthesizing and intersecting the continuums of 

Algorithmic Governance and Pedagogical Agility from a rigorously validated corpus of 6844 articles. As a result, 

the study succeeds in changing the methodology paradigm of scenario planning in educational governance from 
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subjective internal expert intuition (which is often subject to institutional blind spots) to an evidence-based, data-

driven prognostic approach. 

 

The results provide an important recontextualization of current literature on ai in higher education. Prior studies 

have predominantly framed AI adoption as either small-scale interventions focused on specific tools with minimal 

internal administrative changes or as technology adoption models (Bates et al., 2020; Ojha, 2024). However, our 

macro-environmental findings contradict this insular view and show that the integration of AI is in essence a 

systemic disruption of the whole ecosystem. This research’s structural network analysis (SNA) indicates that HEIs 

are no longer the isolated “ivory towers” they once were but are increasingly embedded and often marginalized 

within a highly centralized “Triple-Helix” ecology dominated by aggressive governmental acceleration mandates 

and multinational corporate infrastructure providers. 

 

Furthermore, the development of scenarios like “The Wild West of Innovation” theoretically corroborates and 

greatly extends the socio-pedagogical issues posed by Chan & Hu (2023) and Sposato (2025). While these scholars 

cautioned against the normalization of generative AI in student practices, our 2x2 matrix empirically illustrates 

the very systemic condition through which these localized warnings metastasize into institutional crises. The 

matrix shows that technological capability, when not bound by strict algorithmic governance, does not promote 

educational progress, but rather, it inevitably promotes epistemological decay. By synthesizing these disparate 

streams of literature into a single prognostic matrix, this study confirms that the real value of AI in higher education 

is not in the technology itself but entirely dependent on institutional governance and human capital readiness. 

 

4.2. Strategic Implications for Ecosystem Management  

 

The theoretical derivation of the four scenarios takes on practical importance when it is used as a diagnostic and 

navigational tool for institutional leadership. The empirical evidence suggests that the current trajectory of many 

Indonesian HEIs characterized by an over-reliance on corporate technological investments and an acute lag in 

pedagogical upskilling, brings them perilously close to the “Digital Collapse” or “The Wild West of Innovation.” 

To intentionally veer away from these dystopian outcomes and towards the most desirable “Sovereign Academy” 

scenario, institutional leaders need to change their strategic stance from reactive technology acquisition to 

proactive ecosystem management. According to the foresight matrix, three main strategic interventions are 

appropriate. 

 

First, HEIs must re-negotiate their position in the Triple-Helix dynamics. Structural network analysis finds 

universities marginalized as passive ‘incubation anchors’ responding to external corporate and government 

mandates. This marginalization is often accompanied by coercive, normative and mimetic pressures that drive 

institutions towards fragmented policymaking instead of aligning technology with their core academic missions 

(Humble, 2025). University leaders must use their collective bargaining power to realize strong algorithmic 

governance (up the Y-axis), and to dodge the strategic risks of absent evaluation frameworks (Sposato, 2025). 

HEIs should eschew off-the-shelf, unregulated commercial solutions from multinational infrastructure providers 

and instead demand transparent data sovereignty, bespoke ethical guardrails and the development of local AI 

models (e.g., by leveraging national initiatives such as Sahabat-AI). Effective AI governance is not a one-size-fits-

all but a contextually adaptive approach (Humble, 2025; Parker et al., 2025). As such, universities need to be not 

only consumers of technology but also the key regulators of the ethical application of this technology in the 

academic space, with strict oversight, transparency, and protection of academic integrity and faculty autonomy 

(An et al., 2025; Azevedo et al., 2025; Güneş & Kaban, 2025). 

 

Second, institutions need to rethink academic integrity beyond the prohibition paradigm. The “Rigid Fortress” 

scenario is empirical evidence that blanket prohibitions on AI to counter epistemological decay are a 

fundamentally flawed strategy that will inevitably result in capability mismatch and graduated obsolescence. So, 

governance should change from detection and surveillance to smooth integration. HEIs must adopt proactive 

algorithmic governance policies. In practice, this means establishing institutional AI Ethics Committees to oversee 

curriculum design and research protocols and requiring transparent “AI-disclosure rubrics” for student 
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assignments. By formalizing the use of generative AI as a cognitive partner and when it can be used, universities 

can limit the black-market use of AI for academic fraud. 

 

Third, universities must prioritize continuous, tailored investment in faculty capabilities over rapid, hardware-led 

AI adoption. The educational value of emerging AI tools relies heavily on instructors possessing the digital 

literacy, pedagogical knowledge, and ethical competence to implement them effectively (An et al., 2025; Burneo-

Arteaga et al., 2025; El-Banna et al., 2025; Kohnke et al., 2023; Mah & Groß, 2024). Consequently, professional 

development must explicitly target assessment redesign. Generative AI has exposed the severe vulnerabilities of 

traditional, memorization-heavy, and output-based exams, making them exceptionally easy to circumvent (Kofinas 

et al., 2025; Lu et al., 2024; Ncube et al., 2026) However, evidence suggests that simply shifting to "authentic" 

assessments is not enough to prevent AI misuse (Kofinas et al., 2025) Instead, a more robust pedagogical approach 

requires transitioning to process-oriented, staged, and evaluative assessments that make student reasoning 

transparent (Kofinas et al., 2025; Ncube et al., 2026) By requiring students to critique, verify, and justify AI-

generated material—often supported by reflective logs and oral defenses—educators can effectively evaluate 

higher-order critical thinking, judgment, and ethical reasoning rather than rote recall (Al-Ali, 2025; Francis et al., 

2025; Kickbusch et al., 2025; Lubbe et al., 2025; Ncube et al., 2026). 

 

4.3. Limitations, Generalizability, and Unresolved Problems  

 

The study, while contributing methodologically to educational strategic foresight, has several limitations that 

should be openly acknowledged to accurately contextualize the findings. 

 

A significant limitation regarding internal validity is the inherent bias when using online news media as a proxy 

of institutional reality. The accessed sample is inherently reflective of public perception, political developmental 

mandates, and media sensationalism (e.g., magnifying discrete events such as admission fraud or political 

deepfakes). Thus, this macro-discourse may not fully capture the nuanced, day-to-day realities of practice taking 

place in specific university classrooms.  

 

Moreover, although the BERT-based topic modeling and sentiment analysis yield a solid quantitative clustering, 

the intrinsic limitations of computational natural language processing (NLP) algorithms in recognizing human 

sarcasm, irony, or deep academic critique may add a slight bias to the semantic categorization. 

 

Secondly, regarding the external validity and generalizability, the results of this study are solidly rooted in the 

Indonesian socio-political context. The scenarios generated are heavily influenced by the unique characteristics of 

Indonesia: a large, highly digitally active youth population (demographic dividend) and aggressive state-driven 

technological acceleration mandates. Thus, although the methodological framework (media data for scenario 

planning) is very flexible and universally applicable, specific scenarios and power dynamics (e.g., the Triple-Helix 

structure) may be less generalizable to higher education systems in countries with different demographic 

compositions or significantly more stringent pre-existing AI regulations, such as the European Union with the EU 

AI Act. 

 

Finally, these limitations give rise to open problems that deserve critical future research. The study was able to 

map macro-level plausible futures from an external viewpoint. But the internal micro-level operationalization of 

these scenarios has not been tested. Future studies should use qualitative, internal institutional data (e.g., in-depth 

faculty interviews, student focus groups, localized campus policy document analysis) to test the fidelity of these 

macro-scenarios against actual campus-level interventions. Further, future research should examine the movement 

of a university in the proposed 2x2 matrix, depending on institutional characteristics (e.g., public versus private 

funding, research-intensive versus vocational focus). 

 

5. Conclusion 
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The rapid uptake of Artificial Intelligence in higher education has created a pervasive “strategic fog,” compelling 

institutional leaders to make vital, long-term decisions in the face of radical uncertainty and shifting macro-

environmental pressures. This study has addressed this challenge by developing a data-driven strategic foresight 

framework, effectively shifting the methodological paradigm of scenario planning from subjective expert intuition 

to empirical, large-scale public discourse analysis. This research computationally synthesized 6,844 validated 

online media articles in the Indonesian context and identified two main critical uncertainties: Algorithmic 

Governance and Pedagogical Agility. 

 

These uncertainties were combined to form a 2x2 matrix, which outlined four possible futures: The Sovereign 

Academy, The Wild West of Innovation, The Defensive Silo and The Digital Collapse. The findings empirically 

reinforce that the ultimate value of AI in higher education is not embedded in the technology infrastructure itself, 

but is totally contingent on proactive institutional governance and human capital readiness. In conclusion, this 

foresight framework provides HEI decision-makers with a strong and evidence-based navigational tool to evolve 

from reactive technology consumers to proactive ecosystem managers, allowing them to formulate adaptive 

policies, mitigate systemic ethical risks and protect academic integrity in the digital age. 
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