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Introduction
[bookmark: _Int_8MI3IrLD]This project proposes an AI‑powered Student Success Early Warning System for a mid‑size university, treated explicitly as an AI decision‑support subsystem within the broader enterprise information architecture. The system ingests data from the Student Information System (enrollments, grades, course load), the Learning Management System (logins, submissions, participation), and cafeteria point‑of‑sale systems (dining patterns), then generates risk scores and alerts that help advisors prioritize outreach. Conceptually, this mirrors how enterprise‑grade AI products from companies like Microsoft, OpenAI, and Adobe AI models into existing productivity and analytics platforms to augment human decision‑making rather than replace it. By grounding our hypothetical design in these current industry practices, we aim to identify best practices and pitfalls in applying enterprise AI principles to the student‑success context. 
 Organization and Industry Context
This project focuses on a mid‑size, primarily residential university in the higher education sector. The institution operates a modern enterprise information architecture that includes a Student Information System (SIS), Learning Management System (LMS), campus card/cafeteria point‑of‑sale (POS) systems, and advising/student‑success platforms. Within this landscape, leadership faces mounting pressure to improve first‑ and second‑year student success and retention while managing limited advising capacity and increasing student support needs.
Use Case Overview
The proposed solution is an AI‑powered Student Success Early Warning System, implemented as a decision‑support and process‑optimization subsystem within the university’s enterprise architecture. The subsystem ingests data from:
· SIS: enrollments, grades, cumulative GPA, course load
· LMS: logins, assignment submissions, participation indicators
· Cafeteria POS: dining frequency, significant changes in usage, time‑of‑day patterns
Using machine‑learning models, the system generates student risk scores and alerts that are delivered to advisors and student success staff through existing dashboards and workflow tools. This mirrors how enterprise‑grade AI offerings from organizations such as Microsoft, OpenAI, and Adobe are embedded into productivity and analytics platforms to augment, rather than replace, human decision‑making. The system is therefore both a technology artifact (models, data pipelines, integrations) and a process and cultural intervention, changing how advisors prioritize and act on student‑risk information.
Business Problem (Scoped and Measurable)
Despite access to rich data, the university’s current approach to identifying at‑risk students is fragmented and reactive. Advisors often become aware of problems only after midterm or end‑of‑term grades, when recovery options are limited. This leads to:
· Higher‑than‑target first‑ and second‑year dropout/non‑return rates
· Avoidable loss of tuition revenue and negative effects on completion metrics
· Inefficient use of advisor time, with outreach not consistently focused on the highest‑risk students
Research indicates that AI‑enabled early‑warning systems and student‑success predictors can significantly improve early detection and outcomes when integrated into institutional workflows, and that dining data meaningfully correlates with academic success and persistence. However, the university does not yet have a unified, AI‑driven early‑warning capability that combines SIS, LMS, and cafeteria POS data into actionable, timely insights.
Scoped problem statement
Enable earlier, data‑driven identification and support of at‑risk first‑ and second‑year undergraduates by deploying an AI‑powered early‑warning subsystem that integrates SIS, LMS, and cafeteria POS data into the university’s existing enterprise information systems, in order to reduce dropout and course‑failure rates and optimize advisor effort.
Success Metrics Aligned with Business Value
Student‑Success and Financial Outcomes
· Retention: Reduce first‑year dropout/non‑return rates by 2–3 percentage points within two academic years in programs using the system, compared to historical baselines or matched control cohorts.
· Course success: Reduce the proportion of first‑year students earning at least one failing grade by 5 percentage points, improving progression toward timely completion.
· Financial impact: Quantify preserved tuition revenue from retained students and compare it to implementation and operating costs, linking the AI subsystem to net financial value.
Operational and Process Metrics
· Earlier detection: Increase the proportion of at‑risk students identified by weeks 4–6 of the term by 30–40% relative to current practice.
· Model performance: Achieve ≥85–90% recall for students who ultimately become at‑risk, consistent with contemporary AI student‑success models.
· Incremental value of dining data: Demonstrate a statistically significant improvement in predictive performance (e.g., AUC, F1) when cafeteria POS features are included, compared with a SIS+LMS‑only baseline, validating the use of non‑traditional engagement signals.
· Advisor workflow integration: Ensure at least 70% of high‑risk alerts result in documented outreach or an intervention plan, indicating effective integration into advising processes rather than unused dashboard indicators.
Strategic and Ethical Measures
· Fairness and equity: Monitor and constrain disparities in false positive/negative rates across key demographic groups, recognizing that dining behavior may correlate with food insecurity and socioeconomic status.
· Adoption and trust: Track advisor and leadership perceptions of usefulness, transparency and trust in the system, along with governance mechanisms for responsible data and model use.
Analysis of AI as a Technology, Process, and Cultural Solution
The AI-powered retention mechanism should serve as an anchor that makes this process smarter, resolves administrative strain, and improves cultural transparency. AI can serve as a key solution collaborator for this new system to be deployed.
Analysis of AI as a Technological Solution (The Engine)
The architecture should move beyond simple data ingestion to personalized intervention modeling. In terms of model selection, there are various types available. Bhat and Jayaram (2023) emphasize that the primary value of AI/ML in the context of education and retention is the predictive framework for dropout risk identification. This new system should focus on supervised models that prioritize “early identification” to allow for timely intervention. For this project, the team will use a supervised learning approach utilizing Gradient Boosted Trees (such as XGBoost). This is superior for tabular student data because it provides high interpretability, which is essential for advisors to trust the “why” behind a risk score. While deep learning (Villegas-Ch et al., 2023) offers power, supervised models are more aligned with the “predictive frameworks” cited by Bhat & Jayaram (2023). 
Data strategy can incorporate LMS data including logins and submissions. This is supported by Pan et al. (2024), who found that these specific engagement metrics are the most reliable indicators of student success. For data acquisition, the system should ingest batch data from the SIS (historical grades) and real-time streams from the LMS (clickstreams) and POS (dining). For data quality and labeling, the system will use historical dropout/retention records as references. However, this new system must address the “shadows” of technology; Al-Zahrani (2024) warns of algorithmic bias. The technology strategy must include a “de-biasing” layer to ensure that dining or zip code data does not unfairly penalize students from lower socioeconomic backgrounds. The system can implement differential privacy to ensure dining patterns do not identify specific students, addressing Al-Zahrani's concerns regarding surveillance and ethical risk.
In terms of sustainability, Villegas-Ch et al. (2023) suggest using pre-trained neutral networks to ensure the system is “sustainable” meaning it can adapt to different student cohorts (online vs. in-person) without requiring a total architectural overhaul. The usage of an MLOps pipeline with model registry and automated testing can ensure the model does not “drift” as student behaviors change. Integrating via REST APIs can support the risk scores appearing directly within the advisors existing dashboard. 
Analysis of AI as a Process Solution (The Workflow)
The lifecycle of this new system must bridge the gap between “data science” and “academic reality.” As it relates to integrated workflows, Pan et al. (2024) argue that the most effective AI solutions are those embedded directly into the LMS via dashboards. The process should not require advisors to open a separate app; the “risk score” should appear where they already work. For the AI lifecycle mapping, the following aspects are defined:
· Scoping will define “at-risk” (e.g, GPA <2.0 or 3 missed meals)
· Data prep will involve cleaning SIS/LMS noise into a unified feature store
· Modeling/deployment incorporates A/B testing the model against a control group of advisors
· Monitoring tracks if AI-led interventions improve retention.
Alam and Mohanty (2022) point out a common pitfall in terms of strategic framing, traditional educational goals often conflict with data-centric approaches. This process must include “AI translators” who ensure the data pipeline (from dining point-of-sale to advisor alert) serves pedagogical goals, not just technical efficiency. Cross-functional roles will include data scientists, AI engineers, and AI translators. Data scientists build the risk models. AI engineers maintain the API integrations with the LMS. AI translators will be crucial for bridging the “traditional educational goal” gap identified by Alam & Mohanty (2022). They turn “model weights” into “academic interventions.”
Following the practitioner-oriented approach of Bhat and Jayaram (2023) for operational readiness, the MLOps pipeline can include a “Trigger-to-Action” mapping, defining exactly which department (Advising, Financial Aid, or Mental Health) owns an alert-based data source. The infrastructure will include a Cloud Platform (AWS/Azure) for scalability. The feature store will be used to maintain a “single source of truth” for student engagement metrics across different university departments.
Analysis of AI as a Cultural Solution (The Mindset)
	The most “human-centered” part of the strategy focuses on trust and readiness. Before deployment, to mitigate risk and increase trust, the organization should take inventory on the metacognitive stance of the leaders and broader organization. The metacognitive inventory will help gauge if advisors fear AI replacement. The organization will also measure “experimentation tolerance” to answer the question is the university willing to accept that the AI might be wrong occasionally in exchange for early insights?  The team can apply Al-Zahrani’s (2024) ten-dimension risk framework to assess “AI receptivity.” If faculty perceive the system as an “erosion of human connection,” the tool will fail regardless of its accuracy.
For change management, Alam and Mohanty (2022) suggest that many organizations fail to “harness AI’s potential” because they lack leadership buy-in. The team should adopt a “Co-Pilot” branding strategy. The Microsoft/Adobe model, where they market the system as an “assistant” that handles data-crunching, so advisors can focus on the “human connection” Al-Zahrani (2024) warns could be eroded. The strategy should frame the AI not as a “replacement” for advisors, but as a tool for “Augmented Decision-Making” (mirroring the Microsoft/Adobe models). In terms of adoption plans, roll out “sandboxed” training where advisors see historical cases to build trust.
As it relates to ethical oversight, Villegas-Ch et al. (2023) highlights that retention is tied to mental health and equity. Implement SHAP/LIME values to provide Explainable AI (XAI). Instead of a raw score, the system displays: “High Risk” 40% drop in LMS engagement + 2 missed assignments.” This mitigates bias and ensures compliance with institutional transparency standards. The cultural strategy must include an ethics board to review how “behavioral” data (like dining patterns) is used, ensuring it supports “well-being” rather than surveillance.”
Overall, by synthesizing these various frameworks and resources, the strategy develops an enterprise AI subsystem. Pan et al. informs the data logic, Bhat & Jayaram outlines the predictive mechanics, and Al-Zahrani provide a roadmap for ethical guardrails. 

Discussion and Lessons Learned
Compare and Contrast with Industry Examples and Emerging Trends
The proposed AI-powered Student Success Early Warning System aligns with a broader enterprise trend in which AI is embedded into existing workflows to improve decision-making rather than replace human expertise. In this project, the system is designed to function within the university’s current enterprise architecture by integrating SIS, LMS, and cafeteria POS data into advisor-facing dashboards. This is similar to the Microsoft/Adobe-style model referenced earlier in the paper, where AI is used as an assistive or “co-pilot” layer within existing productivity and analytics systems rather than as a fully separate platform (Alam & Mohanty, 2022). In both cases, the value of AI comes from workflow integration, timeliness, and the ability to improve prioritization.
However, this university use case differs from many commercial AI applications in one important respect: the institutional objective is not only efficiency, but student support and retention. Bhat and Jayaram (2023) emphasize that the purpose of AI/ML in retention is the early identification of students at risk of withdrawal or poor academic outcomes so that institutions can intervene in time. This makes the university’s use case more dependent on human judgment and relational follow-through than many business use cases that focus on productivity or content generation. In this sense, the proposed system more closely resembles a decision-support model than an automation model.
The project also aligns with emerging trends in learning analytics. Pan et al. (2024) found that institutions are increasingly embedding analytics directly into LMS-centered workflows and that the most effective implementations are those that combine prediction with dashboard visibility and real-time instructional or support response. Similarly, Liu et al. (2025) found that learning analytics-based interventions have a consistent positive effect on student outcomes, but that the strength of the effect depends on implementation quality and the design of the intervention itself. These findings suggest that the proposed system is aligned with current trends in both enterprise AI and educational analytics: integrated systems, action-oriented outputs, and continued human oversight.
A second emerging trend reflected in the project is the use of nontraditional behavioral indicators to improve prediction. Matz et al. (2023) found that behavioral data significantly improves the prediction of student retention beyond traditional academic and demographic variables. This supports the project’s decision to integrate cafeteria with POS behavior with academic and LMS data. Manicone (2022) also provides direct support for this design choice, finding that changes in dining usage are associated with differences in persistence and academic performance among residential first-year students. The inclusion of dining data therefore reflects an emerging move toward more holistic, multi-source student analytics rather than narrow reliance on grades or enrollment history alone.
Potential Risks, Feedback Loops, and Operational Challenges
Although the proposed system is well aligned with current trends, it also introduces substantial risks. The first is algorithmic bias. Baker and Hawn (2022) warn that bias in educational AI may enter at multiple points in the model pipeline and can result in certain student groups being disproportionately flagged as high risk even when those students ultimately succeed. This concern is especially relevant in the present use case because the system intentionally incorporates behavioral indicators such as dining activity and engagement patterns, which may correlate with socioeconomic conditions, food insecurity, or other external constraints rather than academic ability alone.
This concern is reinforced by Yanagiura (2023), who found that early warning systems relying heavily on early-stage or static variables can underestimate risk for vulnerable students and produce lower predictive accuracy for the populations most in need of support. Hawn and Kizilcec (2022) similarly argue that fairness in educational AI is not merely a technical setting, but a design choice that reflects institutional priorities and values. These sources collectively suggest that the proposed system cannot assume that a technically strong model is automatically equitable. Bias auditing, subgroup performance review, and fairness monitoring must remain central to implementation.
A second risk is the misuse of proxy variables. The project identifies cafeteria's POS data as a valuable predictive feature, and the literature supports that choice. However, predictive usefulness does not eliminate interpretive risk. A change in dining frequency may indicate disengagement, but it may also reflect religious practices, off-campus employment, transportation limitations, or financial constraints. Bruening et al. (2020) found that food insecurity is associated with poorer academic outcomes among university students, and Galseku et al. (2026) similarly found that food insecurity is negatively associated with academic performance across higher education contexts. These findings support the use of dining-related data, but they also make clear that such data may represent hardship rather than lack of motivation. This means the system must be interpreted carefully and used to trigger support, not to reinforce assumptions.
A third challenge is the presence of potential feedback loops. Once the model begins to generate risk scores, advisor behavior may begin to shape future outcomes and future training data. For example, students who are flagged more often may receive more outreach, more institutional attention, and more recorded intervention activity. Over time, the model may begin to learn patterns partly created by the institution’s own response behavior rather than underlying student needs. This creates the risk that the system appears more effective while actually amplifying prior patterns of intervention. For that reason, monitoring should not be limited to technical metrics such as recall or AUC. The institution should also track intervention rates, response consistency, and subgroup patterns in follow-up actions.
Operationally, alert fatigue is another major concern. Pan et al. (2024) argue that learning analytics tools are most effective when they are integrated directly into systems users already rely upon and when they support actionable decisions. If the proposed system produces too many alerts, provides weak explanations, or lacks clear ownership across advising and support teams, it may create an administrative burden instead of operational value. This challenge connects directly to the process design described earlier in the paper. A trigger-to-action model is necessary so that each alert has a clear owner, a defined response pathway, and a realistic expectation for follow-through.
Scaling, Governance, and Value Measurement
The project also raises important lessons regarding scaling. Technically, the system could scale through cloud infrastructure, API integration, and an MLOps pipeline, as outlined in earlier analysis. However, Villegas-Ch et al. (2023) suggest that sustainability in student retention systems depends not only on architecture, but on the ability of the system to adapt to different student populations and changing learning conditions. A model that performs well for first-year residential students may not perform equally well for transfer students, commuters, or online learners. This means that scaling should occur in phases rather than through full institutional rollout at the outset.
A phased deployment model would allow the university to validate predictive performance, subgroup fairness, and workflow adoption in a narrower context before expanding. This is particularly important because the proposed system includes both traditional academic data and behavioral indicators that may vary substantially by student population. Scaling without validation could widen disparities or reduce trust if some student groups are systematically over- or under-flagged.
[bookmark: _Int_Z2cMEwRh][bookmark: _Int_vgXdjLJV]Governance is equally important. Al-Zahrani (2024) argues that AI in education carries risks related to bias, inequity, and erosion of human connection if institutions prioritize adoption without ethical guardrails. The earlier section of the paper already identifies several governance-oriented mechanisms, including explainable AI, differential privacy, and an ethics board. This discussion extends that logic by clarifying how governance should function in practice. The institution should establish rules for data access and acceptable use, processes for retraining and fairness review, clear ownership of alerts and interventions, and ethical oversight of how behavioral data are interpreted. Governance should therefore exist at the data, model, workflow, and institutional levels.
[bookmark: _Int_YvXF5RHq]Value measurement should also be broader than model performance alone. The success metrics identified earlier in the paper provide a strong framework for this. At the student-success level, value can be measured through reduced dropout/non-return rates and reduced course failure. At the operational level, value can be measured through earlier detection, higher advisor follow-through, and better prioritization of outreach. At the strategic or finance level, value includes preserved tuition revenue, improved completion outcomes, and stronger institutional decision-making. At the ethical level, value must also include fairness performance and stakeholder trust. This is consistent with Liu et al. (2025), who show that intervention quality matters as much as predictive capability, and with Jayaprakash et al. (2014), who show that institutional response is what turns prediction into student success impact.
Lessons Learned
[bookmark: _Int_R2KXOi8k]Several lessons emerge from this use case. First, AI creates the most value when it is embedded into existing systems and tied to human decision-making, not when it is deployed as a separate or purely automated tool. Second, multi-source behavioral data can improve predictive accuracy, but they also require careful interpretation and ethical oversight. Third, fairness cannot be treated as a final compliance check; it must be built into model design, deployment, and monitoring from the start. Fourth, operational success depends on clear ownership, limited alert burden, and strong workflow integration. Finally, scaling should be gradual and governance-intensive, with value measured across technical, operational, strategic, and ethical dimensions.
Overall, the proposed Student Success Early Warning System is well supported by literature and aligned with current trends in both enterprise AI and learning analytics. At the same time, the research makes clear that successful implementation depends not only on predictive performance, but on institutional readiness, responsible governance, and the ability to convert alerts into timely and equitable student support.

Findings and Conclusions
The proposed AI-powered Student Success Early Warning System delivers value by helping the university identify at-risk students earlier, prioritize advisor outreach more effectively, and use existing SIS, LMS, and cafeteria POS data to support retention efforts before problems become harder to reverse. It also creates operational value by reducing fragmented, reactive intervention and turning student engagement data into actionable guidance for advisors within their current workflows.
· The system’s biggest value is earlier intervention. Instead of waiting until midterm or final grades reveal a problem, advisors can identify risk trends much sooner and reach out while students still have time to improve.
· The system also improves operational efficiency. Because alerts are delivered through existing dashboards and workflows, advisors do not need to search across multiple systems, which reduces administrative burden and helps them focus on students who need the most support.
· The project shows that nontraditional data can add value when used carefully. Cafeteria POS patterns may improve model performance, but they must be handled responsibly, so the system does not unfairly label students who may already be facing financial or food insecurity challenges.
· Another important finding is that AI in this setting works best as a support tool, not a replacement for human judgment. The university’s success depends on combining predictive analytics with advisor experience, empathy, and follow-up action.
· The project also highlights that trust, transparency, and governance are essential. Even a strong model will fail if advisors or faculty do not trust the outputs, or if the institution does not clearly define how alerts will be used and who is responsible for responding to them.
Strategic Implications
This initiative has important strategic implications because it supports the university’s core mission while also improving institutional performance. Better retention and course completion can strengthen student success metrics, preserve tuition revenue, and improve the university’s reputation for student support.
The system also creates a foundation for broader digital transformation. If implemented well, it can become part of a long-term strategy where AI is embedded into academic operations, advising, and student support rather than treated as a one-time technology project. Just as importantly, the project reinforces the need for ethical AI governance in higher education. The university must balance innovation with fairness, privacy, and transparency so that predictive tools strengthen student support without creating surveillance concerns or unintended bias.
Recommendations for Future AI Initiatives
· Expand data integration over the next 5 to 10 years.
The university should gradually include additional data sources such as attendance, advising interactions, financial aid changes, tutoring usage, and student service engagement. This would give future models a more complete picture of student needs and improve prediction of quality over time.
· Move from simple risk scoring toward personalized intervention recommendations, so the system can suggest the most effective action for each student segment while keeping advisors in control of final decisions.
· Build a long-term MLOps and governance framework with continuous monitoring, fairness checks, and model retraining, so the system stays accurate as student behavior, academic policies, and campus operations change.
· Strengthen human-centered AI adoption by expanding advisor training, ethics review, and explainability features so the university can sustain trust as the system scales.
· In the longer term, develop a broader student success intelligence layer that connects early warning, intervention tracking, and outcome measurement across departments, creating a more coordinated and proactive support ecosystem.
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