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Abstract
Learning analytics—the systematic use of educational data to understand and optimize learning—has emerged 

as a powerful approach for addressing persistent challenges in higher education, including student dropout, 

incomplete learning, and inequitable outcomes. This article examines how learning analytics can benefit in-

stitutions, particularly multi-campus universities in contexts where such approaches have not been widely 

applied, by drawing on successful examples from higher education and K-12 settings worldwide. Taking a 

socio-technical perspective, the article emphasizes that realizing the potential of analytics requires careful 

attention to both technological capabilities and human practices, policies, and ethical principles.

The article explores diverse applications across key stakeholder groups: instructors benefit from dashboards 

that surface at-risk students and inform pedagogical decisions; students receive personalized nudges and 

course recommendations that promote success; digital learning platforms leverage analytics to adapt content 

and detect disengagement; advisors use integrated systems to prioritize outreach; and program directors iden-

tify curricular improvements and less-effective teaching. Throughout, the article grounds recommendations 

in core ethical principles—transparency, privacy, consent, fairness, de-biasing, and accountability—that must 

underpin responsible analytics practice.

However, the promise of learning analytics is tempered by significant implementational challenges. Technical 

limitations, design failures, and institutional resistance can undermine even well-intentioned initiatives. The 

article identifies critical obstacles including insufficient data infrastructure, alert fatigue when predictions are 

not embedded in actionable workflows, lack of stakeholder buy-in from instructors and IT departments, and 

difficulties scaling pilots across diverse campuses and programs. Addressing these challenges requires mov-

ing beyond purely technical solutions to treating analytics as part of broader organizational change.

To support successful implementation, the article advocates for iterative design processes informed by best 

practices from the learning sciences, human-computer interaction, and universal design. It emphasizes es-

tablishing feedback loops where institutions systematically collect data, analyze effectiveness, engage stake-

holders in co-design, and refine both models and workflows. Professional development for data literacy, clear 

governance structures with cross-campus representation, designated roles for learning designers and imple-

mentation coordinators, and robust data stewardship all emerge as essential conditions for sustained success.

For multi-campus universities—particularly in settings where regional differences in connectivity, student de-

mographics, and institutional capacity are significant—the article stresses the importance of balancing stan-

dardization with local adaptation, ensuring equitable benefit across contexts, and building capacity through 

mixed teams combining technical expertise with deep pedagogical understanding. Practical recommendations 

include conducting comprehensive data audits, negotiating vendor contracts to secure fine-grained event data, 

establishing privacy-preserving data linkage systems, and investing deliberately in professional development 

that embeds data literacy into everyday academic practice.

The article concludes by addressing emerging frontiers, including the transformative potential and ethical chal-

lenges posed by generative AI, and by offering concrete next steps for institutional leaders: get data systems 

ready, establish iterative design and governance processes, secure appropriate expertise, invest in capacity 

building, and above all, center equity, ethics, and student agency. By foregrounding these principles and treating 

learning analytics as a sustained commitment rather than a one-time project, institutions can harness data 

to widen educational opportunity, support evidence-informed improvement, and uphold public trust in the re-

sponsible use of technology in higher education.

Keywords: learning analytics, student success, implementation, multi-campus university, socio-technical 

systems 
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Resumen 
La analítica del aprendizaje —el uso sistemático de datos educativos para comprender y optimizar el aprendi-

zaje— se ha convertido en un enfoque eficaz para abordar los desafíos persistentes en la educación superior, 

como la deserción estudiantil, el aprendizaje incompleto y la desigualdad en los resultados. Este artículo exa-

mina cómo la analítica del aprendizaje puede beneficiar a las instituciones, en particular a las universidades 

multicampus en contextos donde estos enfoques no se han aplicado ampliamente, basándose en ejemplos 

exitosos de la educación superior y la educación primaria y secundaria en todo el mundo. Desde una perspecti-

va sociotécnica, el artículo enfatiza que aprovechar el potencial de la analítica requiere una cuidadosa atención 

tanto a las capacidades tecnológicas como a las prácticas humanas, las políticas y los principios éticos.

El artículo explora diversas aplicaciones en grupos clave de partes interesadas: los instructores se benefician 

de paneles que identifican a los estudiantes en riesgo e informan las decisiones pedagógicas; los estudiantes 

reciben recordatorios personalizados y recomendaciones de cursos que promueven el éxito; las plataformas 

de aprendizaje digital aprovechan la analítica para adaptar el contenido y detectar la desconexión; los asesores 

utilizan sistemas integrados para priorizar la divulgación; y los directores de programa identifican mejoras 

curriculares y la enseñanza menos efectiva. A lo largo de todo el artículo, las recomendaciones se basan en 

principios éticos fundamentales (transparencia, privacidad, consentimiento, equidad, eliminación de sesgos y 

rendición de cuentas) que deben sustentar una práctica analítica responsable.

Sin embargo, la promesa de la analítica del aprendizaje se ve limitada por importantes desafíos de implemen-

tación. Las limitaciones técnicas, los fallos de diseño y la resistencia institucional pueden socavar incluso 

las iniciativas bienintencionadas. El artículo identifica obstáculos críticos, como la infraestructura de datos 

insuficiente, la fatiga de alertas cuando las predicciones no se integran en flujos de trabajo viables, la falta 

de aceptación de las partes interesadas (instructores y departamentos de TI), y las dificultades para escalar 

los pilotos en diversos campus y programas. Abordar estos desafíos requiere ir más allá de las soluciones 

puramente técnicas y considerar la analítica como parte de un cambio organizacional más amplio.

Para respaldar una implementación exitosa, el artículo aboga por procesos de diseño iterativos basados ​​en las 

mejores prácticas de las ciencias del aprendizaje, la interacción persona-computadora y el diseño universal. 

Hace hincapié en el establecimiento de ciclos de retroalimentación donde las instituciones recopilan datos sis-

temáticamente, analizan la eficacia, involucran a las partes interesadas en el codiseño y perfeccionan tanto los 

modelos como los flujos de trabajo. El desarrollo profesional para la alfabetización de datos, las estructuras de 

gobernanza claras con representación intercampus, los roles designados para los diseñadores de aprendizaje 

y los coordinadores de implementación, y una sólida gestión de datos se convierten en condiciones esenciales 

para un éxito sostenido.

Para las universidades con múltiples campus, en particular en entornos con diferencias regionales significa-

tivas en conectividad, demografía estudiantil y capacidad institucional, el artículo destaca la importancia de 

equilibrar la estandarización con la adaptación local, garantizar beneficios equitativos en todos los contextos 

y desarrollar capacidades mediante equipos mixtos que combinen la experiencia técnica con un profundo 

conocimiento pedagógico. Entre las recomendaciones prácticas se incluyen la realización de auditorías de 

datos exhaustivas, la negociación de contratos con proveedores para asegurar datos de eventos de granulari-

dad precisa, el establecimiento de sistemas de vinculación de datos que preserven la privacidad y la inversión 

deliberada en desarrollo profesional que integre la alfabetización de datos en la práctica académica diaria.

El artículo concluye abordando las nuevas fronteras, incluyendo el potencial transformador y los desafíos 

éticos que plantea la IA generativa, y ofreciendo próximos pasos concretos para los líderes institucionales: 

preparar los sistemas de datos, establecer procesos iterativos de diseño y gobernanza, asegurar la experiencia 

adecuada, invertir en el desarrollo de capacidades y, sobre todo, priorizar la equidad, la ética y la autonomía es-

tudiantil. Al priorizar estos principios y considerar la analítica del aprendizaje como un compromiso sostenido 



4 Institutional Analytics for Transformation

Rastros Rostros e-ISSN 2382-4921 / Vol. 28, no. 1 / enero - junio 2026 / Bucaramanga, Colombia
Universidad Cooperativa de Colombia

en lugar de un proyecto puntual, las instituciones pueden aprovechar los datos para ampliar las oportunidades 

educativas, impulsar mejoras basadas en la evidencia y mantener la confianza pública en el uso responsable 

de la tecnología en la educación superior.

Palabras clave: analítica del aprendizaje, éxito estudiantil, implementación, universidad multicampus, sistemas 

sociotécnicos

Resumo
A análise da aprendizagem —o uso sistemático de dados educativos para compreender e otimizar a aprendiza-

gem— se transformou em uma abordagem eficaz para abordar os desafios persistentes na educação superior, 

como a deserção estudantil, a aprendizagem incompleta e a desigualdade nos resultados. Este artigo examina 

como a análise da aprendizagem pode beneficiar as instituições, em particular as universidades multicampus 

em contextos onde essas abordagens não foram aplicadas amplamente, com base em exemplos exitosos 

da educação superior e da educação primária e secundária em todo o mundo. A partir de uma perspectiva 

sociotécnica, o artigo enfatiza que aproveitar o potencial da análise requer um cuidado e atenção tanto às 

capacidades tecnológicas como às práticas humanas, às políticas e aos princípios éticos.

O artigo explora diversas aplicações em grupos clave de partes interessadas: os instrutores se beneficiam de 

painéis que identificam os estudantes em risco e informam as decisões pedagógicas; os estudantes recebem 

registros personalizados e recomendações de cursos que promovem até o sucesso; as plataformas de apren-

dizagem digital aproveitam a análise para adaptar o conteúdo e detectar a desconexão; os assessores utilizam 

sistemas integrados para priorizar a divulgação; e os diretores do programa identificam melhores currículos e 

o ensino é menos eficaz. Ao longo de todo o artigo, as recomendações são baseadas em princípios éticos fun-

damentais (transparência, privacidade, consentimento, equidade, eliminação de sessões e entrega de contas) 

que devem sustentar uma prática analítica responsável.

No entanto, a promessa de análise de aprendizagem é limitada por importantes desafios de implementação. 

As limitações técnicas, as falhas de design e a resistência institucional podem sovar até as iniciativas bienin-

tencionadas. O artigo identifica obstáculos críticos, como a infraestrutura de dados insuficiente, a fadiga de 

alertas quando as previsões não se integram aos fluxos de trabalho viáveis, a falta de aceitação das partes 

interessadas (instrutores e departamentos de TI) e as dificuldades para escalar os pilotos em diversos campi 

e programas. Abordar esses desafios requer mais soluções puramente técnicas e considerar a análise como 

parte de uma mudança organizacional mais ampla.

Para respaldar uma implementação exitosa, o artigo acima é um processo de design iterativo baseado nas 

melhores práticas das ciências do aprendizado, na interação pessoa-computador e no design universal. Isso 

foi feito no estabelecimento de ciclos de retroalimentação onde as instituições coletaram dados sistematica-

mente, analisaram a eficácia, envolveram as partes interessadas no código e aperfeiçoaram tanto os modelos 

quanto os fluxos de trabalho. O desenvolvimento profissional para a alfabetização de dados, as estruturas de 

governança claras com representação intercampus, as funções designadas para os designers de aprendi-

zagem e os coordenadores de implementação, e uma gestão sólida de dados são convertidas em condições 

essenciais para um sucesso sustentado.

Para universidades com múltiplos campus, em particular em ambientes com diferenças regionais decorrentes 

de conectividade, demografia estudantil e capacidade institucional, o artigo destaca a importância de equilibrar 

a normatização com a adaptação local, garantir benefícios equitativos em todos os contextos e desenvolver 

capacidades por meio de equipamentos mistos que combinam a experiência técnica com um conhecimento 

pedagógico profundo. Entre as recomendações práticas estão a realização de auditorias de dados exausti-

vas, a negociação de contratos com provedores para garantir dados de eventos de granularidade precisa, o 
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estabelecimento de sistemas de vinculação de dados que preservam a privacidade e a inversão deliberada no 

desenvolvimento profissional que integra a alfabetização de dados na prática acadêmica diária.

O artigo conclui abordando as novas fronteiras, incluindo o potencial transformador e os desafios éticos que 

plantam IA generativa, e oferecendo próximos passos concretos para os líderes institucionais: preparar os 

sistemas de dados, estabelecer processos iterativos de design e governança, garantir a experiência adequada, 

inverter o desenvolvimento de capacidades e, sobre tudo, priorizar a equidade, a ética e a autonomia estudantil. 

Ao priorizar esses princípios e considerar a análise da aprendizagem como um compromisso sustentado em 

vez de um projeto pontual, as instituições podem aprovar os dados para ampliar as oportunidades educativas, 

impulsionar melhorias baseadas na evidência e manter a confiança pública no uso responsável da tecnologia 

na educação superior.

Palavras-chave: análise de aprendizagem, estudo de sucesso

Introduction
In the last 15-20 years, there has been considerable enthusiasm for the potential that 
data can bring for improving academic practices, processes, and outcomes, in higher 
education, K-12, and beyond. These efforts have gone by multiple names -- such as 
institutional analytics, academic analytics, learning analytics, educational data min-
ing, educational data science -- reflecting different emphases. Institutional analytics 
refers to the systematic use of integrated institutional data—spanning enrolment, 
finance, human resources, student support, and learning systems—to inform stra-
tegic planning, resource allocation, risk management, and quality assurance at the 
whole-of-institution level, extending the traditions of institutional research through 
modern data infrastructure and governance (Weil et al., 2023). Academic analytics, 
by contrast, more narrowly denotes the application of predictive modelling and oth-
er data mining techniques to academic data (such as recruitment, progression, and 
programme performance indicators) to support evidence-informed decision-making 
by institutional leaders, with a primary focus on accountability and organisational ef-
fectiveness rather than direct intervention in individual learning processes (Campbell 
et al., 2007). Learning analytics is more tightly focused on applications related to 
learner support and pedagogy, and has been defined as “the measurement, collec-
tion, analysis and reporting of data about learners and their contexts for the purpose 
of understanding and optimising learning and the environments in which it occurs” 
(Baker & Siemens, 2013). While all three approaches draw on overlapping datasets 
and methods, institutional and academic analytics operate at higher levels to steer 
institutional strategy and performance, whereas learning analytics emphasises low-
er levels, directly informing teaching, learning design, and personalised support for 
learners (Long & Siemens, 2011). In general, these areas are all differentiated from 
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the older area of institutional research which has traditionally prioritised descriptive 
reporting, compliance, and periodic studies in support of accreditation and planning, 
and is less focused—at least historically—on real-time, integrated, and predictive uses 
of data to drive continuous, multi-level decision-making (Volkwein, 1999).

Analytics can enhance the functioning of higher education institutions by en-
abling more timely, targeted, and evidence-based responses to persistent challenges 
such as high drop-out and incomplete/poor student learning. By integrating data from 
learning management systems, student information systems, advising records, and 
engagement tools, institutions can identify at-risk students earlier, understand where 
and why learning breakdowns occur, and tailor interventions such as proactive advis-
ing, curriculum redesign, supplemental instruction, and adaptive feedback to specific 
learner needs (Arnold & Pistilli, 2012; Sclater et al., 2016). At the same time, analytics 
can surface structural patterns—such as bottleneck courses, inequitable progression 
pathways, or ineffective pedagogical practices—supporting systemic changes that 
improve both student success and institutional effectiveness (Long & Siemens, 2011; 
Gašević et al., 2015). These analytics-driven efforts are even more necessary given 
the disruptions to higher education caused by generative AI, which simultaneously 
challenges traditional assessment integrity, obscures evidence of individual learning, 
and accelerates shifts in student expectations and labour-market demands (Lee et al., 
2024; Smolansky et al., 2023). 

In this article, I will discuss how learning analytics can benefit higher education, 
taking a socio-technical lens in considering the practices and policies that can facil-
itate and take advantage of the potential of technology and data while considering 
the human impacts of those technologies (Buckingham Shum & Shibiani, 2019). I will 
consider successful examples at both a coarser-grained level (e.g. dropout prevention, 
curriculum analytics) and a finer-grained level (e.g. content refinement, knowledge 
tracing, short-term engagement detection). I will discuss examples both from higher 
education and K-12 education, focusing on how these examples are  or can be made 
relevant to higher education in a multi-campus university in Colombia.

Throughout the article, I will attempt to ground discussion and recommenda-
tions in core ethical principles that underpin the appropriate and beneficent use of an-
alytics in education (cf. Slade & Prinsloo, 2013; Pardo & Siemens, 2014). Transparency 
requires that institutions clearly communicate what data are collected, how they are 
used, and what implications they may have for students and staff. Privacy requires that 
analytics practices rigorously minimise, secure, and appropriately separate personal 
data, ensuring that individuals’ identities and intimate details are protected from un-
warranted access, use, or surveillance. Consent demands that learners are provided 
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with genuine choice and intelligible information about participation in analytics-re-
lated activities, rather than relying solely on opaque, blanket agreements, while not 
necessarily requiring the same level of constant detailed verification of consent that 
is sometimes used for human subjects research not intended to benefit subjects. 
Fairness entails designing and applying analytics in ways that avoid systematic dis-
advantage for particular groups and that support equitable access to opportunities 
and support. De-biasing calls for ongoing identification and mitigation of historical, 
technical, and interpretive biases embedded in data, models, and institutional prac-
tices. Accountability requires that clear lines of responsibility, oversight, and redress 
are established so that harms are recognised, owned, and meaningfully addressed. 
All of this takes place in the context of legal frameworks, regulations, and policies that 
govern acceptable use of data and requirements around what is and is not allowable 
in education.

Learning Analytics for Academic Decision-
Making and Learning Support
There are a great number of ways that learning analytics can be used to support 
academic decision making. First of all, there is an extremely wide variety of learn-
ing analytics methods (Saqr & Lopez-Pernas, 2024; Baker, 2025). One common 
framework divides methods by the type of analysis, into prediction models, structure 
discovery, and relationship mining (Baker & Yacef, 2009; Baker, 2025). Another per-
spective divides methods by the type of use of the analytics, dividing analytics into 
descriptive, predictive, and prescriptive models (Susnjak, 2024). Within this frame-
work, descriptive analytics summarise existing data to provide insight into patterns 
of learner engagement, performance, and progression. Predictive analytics use his-
torical and real-time data to estimate the likelihood of future outcomes, positive or 
negative. Prescriptive analytics go a step further by recommending concrete actions 
or interventions that are likely to improve outcomes.

Instructors. One of the core audiences for analytics is instructors. One of the 
most common types of support given to instructors is dashboards, which transform 
complex, multi-source data into concise visual and (sometimes) interactive sum-
maries of student engagement, performance, and progression, with the intention of 
supporting timely sense-making and pedagogical decision-making (Verbert et al., 
2020). When they are well aligned with course context and instructor needs, such 
dashboards can help identify at-risk students earlier, highlight bottleneck concepts 



8 Institutional Analytics for Transformation

Rastros Rostros e-ISSN 2382-4921 / Vol. 28, no. 1 / enero - junio 2026 / Bucaramanga, Colombia
Universidad Cooperativa de Colombia

or activities, and prompt more targeted feedback, communication, and redesign of 
learning tasks (Kaliisa et al., 2024). They can also help to surface important informa-
tion from course activities that otherwise would be inscrutable to instructors, such 
as group work or student-AI interactions (Alfredo et al., 2024; Baker et al., in press). If 
designed to integrate into learning platforms or learning management systems used 
across a university system, dashboards can provide scaled benefit for multi-campus 
university systems. Beyond dashboards, learning analytics can support instructors by 
informing the design and timing of feedback, highlighting when and how to intervene 
with individuals or groups, and enabling continuous refinement of course structures 
and assessments (Lockyer, Heathcote, & Dawson, 2013). By supporting instructors in 
knowing which students to intervene with, and scaffolding them in doing so, systems 
based around learning analytics can substantially enhance instructor-student relation-
ships and support experiences, even for very large courses (Iraj et al., 2021).  

Students. Learning analytics can also directly support students through per-
sonalised, data-informed guidance that helps them avoid dropout and course failure 
and make choices that lead to better outcomes. Automated nudges—delivered via 
email, SMS, or in-platform notifications and triggered by indicators such as inactivity, 
missing submissions, or declining performance—can provide timely, specific prompts 
to re-engage with key activities, access support services, or adjust study strategies 
(Arnold & Pistilli, 2012; Brown et al., 2023). In doing so, it is important to design these 
systems to support motivation and belongingness, and to design to promote positive 
outcomes as well as designing to avoiding negative outcomes. At a coarser grain size, 
course-recommendation systems can support students’ decision making by using 
historical performance, prerequisite structures, workload patterns, and declared goals 
to suggest suitable courses and sequences—highlighting combinations associated 
with successful progression for similar learners and warning against choices linked 
to overload or failure risk  (Yu et al., 2021). In applying such systems, it is important to 
avoid unintended consequences coming from making recommendations to individual 
students in isolation, such as recommending that every student in the university take 
the same elective.

Use in Digital Learning Platforms. Another major way that learning analytics 
can support learners is through its use in digital learning platforms. Digital learning 
platforms offer interactive experiences to learners, offering greater adaptivity than 
traditional learning activities. Initially restricted to tightly scaffolded activities (e.g. 
Anderson et al., 1995), and highly expensive to author (Murray, Blessing, & Ainsworth, 
2013), generative AI has recently made it much less expensive to develop intelligent 
support for a wider range of content and types of learning activities (Calo & Maclellan, 
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2024; Baker et al., in press). Even prior to generative AI, learning analytics made it 
possible to infer student knowledge on both straightforward and complex knowledge 
(Pelanek, 2017), to infer student disengagement (Baker & Ocumpaugh, 2014), and to 
determine where in a curriculum a student should start (Cosyn et al., 2021). Such sys-
tems have been repeatedly demonstrated to produce significant benefits to learners 
(see meta-analysis in Kulik & Fletcher, 2016). With new support for scaling across 
content domains from generative AI, AI-supported digital learning platforms are be-
coming an increasing part of higher education and K-12 worldwide.

Advisors. Academic advisors are another critical audience for learning analytics, 
particularly when analytics are tightly integrated into advisee tracking systems (often 
implemented within CRMs -- Custom Relationship Management tools) and caseload 
management tools to support proactive, comprehensive student support. Modern 
advising systems increasingly combine progression data (e.g., credit accumulation, 
program milestones, course success patterns), engagement indicators (e.g., LMS 
activity, attendance, assessment submission), and, in some cases, signals related to 
disengagement such as repeated withdrawals, to generate risk flags and prioritised 
caseload views that help advisors decide which students to contact, when, and about 
what (Jayaprakash et al., 2014; Rust & Motz, 2025). When designed and implemented 
well, these tools enable earlier targeted outreach and support, embedding analytics 
into advisors’ everyday workflows rather than adding parallel systems, and supporting 
advisors’ professional judgment instead of substituting for it (Kyte et al., 2023).

Program Directors. Increasingly, analytics also supports program directors (or, 
where more relevant, department heads) in decision-making, a valuable type of support 
when managing large or multi-site degree programs. Tools can support identifying less 
effective instructors (Koedel & Rockoff, 2015), including instructors with high failure 
rates, lower rates of student retention within program, or poorer performance on high-
stakes examinations, enabling interventions or where absolutely necessary, replace-
ment. Learning analytics can also recommend more effective curricular progressions, 
identifying when a course needs another course first as a prerequisite (Stavrinides & 
Zuev, 2023). Analytics can also be useful at a finer-grained level to recommend course 
improvements, through identifying content that does not help students learn as well 
(Baker et al., 2018) or less-useful assessment items (Adetutu & Lawal, 2022) thereby 
supporting iterative adjustments to content, pacing, and assessment policies.

Core Implementational Challenges for Universities at Early Stage of Imple
mentation. Although the promise of learning analytics is high, the success of learning 
analytics interventions in universities has varied -- from highly successful initiatives 
(Malcolm, Milliron, & Kil, 2014) to less publicized interventions that failed for a variety of 
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reasons. There are three particularly salient categories of challenge: 1) Technical chal-
lenges, where the effectiveness of learning analytics solutions is insufficient, perhaps 
due to limitations in the data available or skill gaps in the team conducting algorithmic 
work; 2) Design challenges, where the technology is sufficiently good, but the design 
for how it is used fails for various reasons, including insufficient understanding of 
student or teacher needs or of pedagogy in general; 3) Institutional challenges, where 
various stakeholders on campus are resistant or simply insufficiently committed to 
the initiative to cooperate, participate, and provide resources as needed for its suc-
cess. In this section, I discuss some of the primary challenges of each of these types 
in greater detail. 

One of the core areas of challenge that can involve challenges at the design and 
institutional levels is ensuring that AI-generated alerts become meaningful actions. 
For example, simply generating a list of “at-risk” students, no matter how accurate, 
does not guarantee that anyone will have the time, mandate, or confidence to respond. 
A well-designed system must therefore specify clear workflows and ownership (for 
example, whether responsibility lies with central advisors, course coordinators, or 
student support units), provide staff with actionable guidance rather than opaque risk 
scores, and align the timing of alerts with points in the semester when intervention 
is still feasible. At the institutional level, leaders must commit resources to staffing, 
training, and coordination so that alerts do not simply add to workload or become 
background noise amid competing priorities. Without such commitments, even tech-
nically strong systems can produce alert fatigue, inconsistent follow-through, and 
inequitable patterns of support, where some students receive timely help and others 
do not. In short, the challenge is not only to predict which students are at risk, but to 
embed those predictions in organisational processes, professional practice, and sup-
port structures that reliably translate data into effective and sustainable action. This 
highlights the importance of treating analytics as a part of broader support strategies 
rather than treating it as purely a technical problem (Atif et al., 2020; Imundo et al., 
2025).

Relatedly, it is important to gain the buy-in of important stakeholders such as 
instructors and academic advisors. If these actors perceive learning analytics as a 
surveillance tool, a threat to their professional autonomy, or simply as an additional 
administrative burden, they may disengage, ignore dashboards and alerts, or actively 
resist implementation. Building buy-in requires not only clear communication about 
the goals and boundaries of the system (for example, what data are and are not 
used, and how predictions will and will not be employed), but also genuine opportu-
nities for stakeholders to shape indicators, intervention protocols, and governance 
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arrangements. Professional development must focus on helping staff interpret analyt-
ics in light of their disciplinary expertise and local knowledge of students, rather than 
positioning the system as a replacement for human judgment. When instructors and 
advisors see that analytics can support rather than supplant their work, and when they 
are confident that the system is trustworthy, fair, and responsive to feedback, they are 
more likely to incorporate it into their daily practice and to advocate for its continued 
refinement and institutionalization. 

Similarly, resistance or lack of buy-in from information technology departments 
can be a risk for a learning analytics initiative. IT units are often asked to provision data 
pipelines, create and maintain integrations with the institution’s learning management 
system and student information systems, ensure security and privacy, and support 
uptime and scalability, all on top of already stretched workloads and competing insti-
tutional priorities. If learning analytics is perceived as “someone else’s project,” or if it is 
championed solely from an academic or student success unit without early and ongo-
ing IT involvement, critical technical dependencies may be under-resourced, delayed, 
or implemented in fragile ways that undermine long-term sustainability. Securing IT 
buy-in typically requires explicit recognition of their strategic role, clear articulation of 
how learning analytics aligns with broader institutional digital and data strategies, and 
realistic planning around infrastructure, staffing, and support. Establishing cross-func-
tional governance structures, involving IT leaders in key decision-making, and setting 
shared expectations about timelines, service levels, and data governance can help 
ensure that learning analytics is built on robust, secure, and maintainable systems 
rather than ad hoc workarounds that are vulnerable to failure or abandonment as soon 
as a high-level champion departs.

Finally, attention needs to be paid when scaling pilots beyond initial programs, 
units, and campuses -- both guaranteeing learning analytics models remain valid, and 
that implementation remains consistent and high quality. Models that work well in one 
department, campus, or student population may degrade in performance when under-
lying curricula, assessment practices, student demographics, or teaching modalities 
differ, leading to substantial drops in accuracy. At the same time, local adaptation is 
often needed so that analytics align with program-level goals and cultures, which can 
pull against the desire for a single, standardised institutional solution. Addressing this 
tension requires systematic processes for model validation and recalibration across 
contexts; clear documentation of model assumptions and intended uses; and gov-
ernance mechanisms that determine when local tailoring is appropriate and when 
consistency is essential (for example, in risk thresholds linked to institutional interven-
tions). It also demands ongoing monitoring for model drift over time as programmes 
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evolve, along with structured feedback from frontline users about how well the ana-
lytics fit their practice. Without these processes, institutions risk a situation where 
some programs benefit from carefully tuned analytics and others use outdated, poorly 
calibrated models or abandon the system entirely.

Part II – Development, Evaluation & 
Continuous Improvement
In light of all the challenges listed above, it may seem daunting to think about devel-
oping learning analytics solutions, particularly in a context where they have not been 
applied before, such as a multi-campus university in Colombia without a tradition of 
the application of learning analytics. In such a setting, challenges include not only 
the novelty of the methods themselves, but also the need to coordinate practices 
across geographically distributed campuses that serve students with markedly differ-
ent socio-economic backgrounds, prior educational experiences, and levels of digital 
access.

Fortunately, as the examples above show, there are a number of past examples, 
across a wide diversity of institutions serving students from kindergarten to graduate 
students, that demonstrate that learning analytics initiatives can succeed. In this sec-
tion, we discuss some of the approaches that can increase the likelihood of success.

Use of Good Design Principles and Design Approaches
One of the primary paths to a successful solution is to build off past successful ap-
proaches. As the sections above indicate, there are a great number of past successes 
to learn from. As such, one core approach is to identify which past initiatives are most 
similar to a specific initiative of interest, and then study the approaches that led those 
initiatives to succeed or fail. For instance, a project attempting to implement a student 
success initiative using predictive modeling to reduce dropout might look to projects 
such as Purdue Course Signals (Arnold & Pistilli, 2012), Georgia State’s learning an-
alytics initiative (Krumm et al., 2018), Projeto Ceibal (Queiroga et al., 2022), or the 
BrightBytes Early Warning System (Esbenshade et al., 2023). Or, to give another exam-
ple, a project attempting to empower instructors with data on student learning could 
consider the lessons learned from projects such as ASSISTments (Feng & Heffernan, 
2006) or Queensland Course Insights (Khosravi et al., 2021). A project need not have 
been a complete success or sustained to be informative -- for example, BrightBytes 



13Ryan S. Baker

Rastros Rostros e-ISSN 2382-4921 / Vol. 28, no. 1 / enero - junio 2026 / Bucaramanga, Colombia
Universidad Cooperativa de Colombia

was closed down after a corporate acquisition, but its lessons remain relevant. While 
many of these projects may come from different contexts than the current project’s 
context, specifics of their approaches are likely to be informative. For a multi-campus 
university in Colombia, part of the design task is likely to be to translate these lessons 
into a regulatory and cultural context where national policy priorities (for example, 
around equity of access and regional development) and accreditation expectations 
may differ from the settings in which these initiatives were originally developed. This 
includes considering how practices proven in highly resourced environments with 
heavy use of online learning can be adapted for campuses where connectivity, device 
access, and local support structures vary substantially. It may also mean deliberately 
prioritising constructs linked to known challenges for local students—such as tran-
sitions from secondary to tertiary education or balancing study with work—so that 
analytics respond to the realities of the student body in each campus and program.

Beyond this, several areas of scholarship and practice have important lessons 
for developing a learning analytics approach. Work in the learning sciences and cog-
nitive science highlights the importance of aligning analytics with well-established 
principles of how people learn, such as spacing and interleaving of practice, timely 
formative feedback, and support for metacognition and self-regulated learning; dash-
boards and alerts that are grounded in these principles (e.g. Molenaar et al., 2019; 
Outerbridge & Taub, 2025) are more likely to drive changes in teaching and study be-
haviour. Insights from this literature can also help teams prioritise which constructs 
to model. 

Human–Computer Interaction and usability engineering provide complemen-
tary guidance on how to make analytics tools actually usable and useful in everyday 
practice. Approaches such as participatory design, iterative prototyping, and system-
atic usability testing can help ensure that interfaces are usable by instructors and 
advisors, and that they fit into their work patterns. Good HCI practice also encourages 
attention to explainability and transparency (core themes in the learning analytics 
literature as well -- see Khosravi et al., 2022), so that users can understand where 
indicators come from and how to act on them, instead of being presented with opaque 
scores that are hard to understand and may not be trusted.

Universal design offers further guidance, emphasising that systems should be 
designed to be usable by the widest possible range of users from the outset, rather than 
retrofitting accommodations for learners with disabilities later (Rose, 2000). Applying 
universal design principles to learning analytics means ensuring that dashboards and 
communications are accessible (for example, in terms of visual design, language, and 
device compatibility), and that interventions do not inadvertently privilege students 
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with particular forms of cultural, linguistic, or digital capital. It also encourages teams 
to consider how analytics-supported interventions can provide multiple pathways for 
students to engage with support and to demonstrate learning, so that “success” is not 
defined in a narrow way that systematically disadvantages particular groups. For a 
Colombian university with campuses in different regions, universal design also entails 
attending to linguistic and cultural variation—for example, ensuring that messages and 
dashboards are understandable and resonant for students whose schooling histories, 
language repertoires, and local labour-market expectations differ. It may also require 
designing for low-bandwidth or mobile-first use for students who are less likely to have 
reliable broadband or personal laptops.

Feedback Loops for Improvement
One of the core lessons learned from the human-computer interaction literature is the 
need for feedback loops for improvement. One process is to have cycles of collecting 
data on the current situation, studying what is working and not working, engaging in 
reflection and design with key stakeholders (as many as feasible), and then designing 
or re-designing. 

For example, one might start by noting that dropout rates are high, and then 
systematically collecting historical data and analysing the factors associated with 
dropout, such as patterns of course access, assessment submissions, and use of dig-
ital resources. The next step is then identifying which of these factors most strongly 
differentiate students who complete from those who withdraw or fail. These findings 
can then be brought to advisors, instructors, and relevant support staff to discuss 
their plausibility, interpret the patterns in light of local practices, and collaboratively 
sketch what kinds of information and prompts would be most helpful in supporting 
at-risk students. Based on that joint analysis and reflection, the team can then design 
and pilot a system that uses what was learned to provide instructors with actionable 
recommendations. For example, such a system could recommend that an academic 
advisor call a student when the model determines in week 2 of the semester that a 
student is likely to fail their course because they have not opened the e-textbook yet. 
(This is in fact a practice adopted by Southern New Hampshire University based on a 
process of this nature -- Baker et al., 2015). 

At this point, a second iterative loop begins. The institution can monitor how of-
ten instructors and advisors act on the recommendations, gather qualitative feedback 
on whether the suggestions are feasible and useful, and analyse whether courses 
using the system show improvements in student engagement, retention, or grades 
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compared to similar courses without the system. It may become clear that some 
alerts are too frequent or too late to be helpful, that the recommended actions need 
to be tailored to different disciplines, or that the model behaves differently for partic-
ular student groups. These insights can then guide refinements to both the predictive 
model (for example, adjusting thresholds or adding new features) and the surrounding 
workflows and interfaces (for example, simplifying alert messages or integrating them 
into existing advising tools). In this way, learning analytics implementation becomes 
a continuous, participatory cycle of design, evaluation, and redesign, rather than a 
one-time deployment of a fixed system.

Eventually, the evidence generated from this type of endeavor can be incor-
porated into broader quality-assurance reviews and preparation for accreditation by 
demonstrating that the institution systematically monitors student outcomes, evalu-
ates the impact of interventions, and refines its practices over time. Documentation 
of the analytics models, the decision rules they support, and the results of successive 
cycles of piloting and revision can serve as concrete artefacts showing that contin-
uous improvement is embedded in institutional processes rather than occurring on 
an ad hoc basis. In addition, analyses disaggregated by campus, programme, and 
student subgroup can provide accrediting bodies with evidence that the institution 
is attentive to equity, consistency, and effectiveness across its diverse contexts, and 
is willing to adjust its systems when unintended disparities are detected. In this way, 
learning analytics is not only a tool for day-to-day student support, but also a source of 
robust, longitudinal evidence that underpins institutional claims about the quality and 
effectiveness of its teaching and support systems, helping to ensure accountability. 

A key consideration when evaluating the success of an initiative during iterative 
design is choosing the right set of indicators to consider. A set of indicators should 
be as comprehensive as possible, considering the impacts on students, instructors, 
and the broader university community in as many ways as possible. For example, 
for students it is important not only to track traditional outcomes such as retention, 
grades, and time to degree, but also measures of engagement and sense of belonging. 
For instructors and advisors, indicators might include changes in workload, patterns 
of tool use, perceived decision support, and effects on professional autonomy or 
satisfaction. At the institutional level, relevant indicators could include the scalability 
and reliability of the technical infrastructure, budgetary implications, alignment with 
strategic goals, and evidence of reduced inequities across campuses, programmes, 
or demographic groups (including students in different regions). It is also valuable to 
include indicators of potential unintended consequences, such as over-reliance on 
quantitative indicators, stigmatisation of students labelled “at risk,” or widening gaps in 
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support between programmes that adopt the tools enthusiastically and those that do 
not. By examining a broad and balanced set of indicators, teams are better positioned 
to judge whether an initiative is genuinely advancing educational quality and equity, 
rather than simply improving a narrow set of metrics. 

Two key types of stakeholders during this development process (beyond the 
aforementioned groups) are learning design teams and implementation coordinators. 
Two key types of stakeholders during this development process (beyond the aforemen-
tioned groups) are learning design teams and implementation coordinators. Learning 
designers can help ensure that analytics are tightly aligned (where appropriate) with 
course outcomes, assessment structures, and pedagogical intentions, for example 
by identifying where actionable feedback fits naturally into the student experience. 
They are also well positioned to anticipate how changes in curriculum or assessment 
will affect the meaning of indicators over time, and to surface design tensions when 
analytics suggest trade-offs (for instance, between flexibility and structure in course 
design). Implementation coordinators, play a distinct and pivotal role in managing 
communication, timelines, and dependencies across departments and campuses, 
helping to ensure that pilots are launched on schedule, that training and support are 
available when needed, and that lessons learned in one context are captured and 
shared with others, and that differences between contexts and campuses are taken 
into account. They can also help monitor fidelity of implementation—whether the tools 
and workflows are being used as intended—and coordinate feedback from diverse 
stakeholders back to the technical and design teams. Many K-12 initiatives in par-
ticular have noted the essential role that implementation coordinators play in both 
development and in scaling of learning analytics initiatives (e.g. Baker et al., 2004; 
Khachatryan, 2020). Together, these roles help bridge the gap between technical de-
velopment, pedagogical intent, and day-to-day practice, increasing the likelihood that 
learning analytics initiatives are coherent, sustainable, and scalable.

Institutional Culture and Capacity Building
Institutional culture and capacity are central to whether learning analytics becomes a 
sustained, responsible practice or remains a short-lived project. Effective governance 
bodies typically include representatives from academic units, student services, IT, in-
stitutional research, and, where possible, students themselves, so that decisions about 
indicators, interventions, and data use reflect diverse perspectives. In a Colombian 
multi-campus system, it is especially important that these bodies include represen-
tation from different campuses and regions, so that decisions do not inadvertently 
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reflect only the priorities and practices of one campus. These groups can set policies 
for how analytics is used, provide oversight on data access and use policies, and 
review evidence for effectiveness and risks to equity. Over time, transparent and par-
ticipatory governance processes help build trust that analytics are being used in ways 
that respect academic values and student rights, as well as ensuring that the interests 
of university staff charged with implementing interventions are taken into account. 

As part of this, accountability structures are needed to ensure that learning 
analytics supports, rather than undermines, evidence-based decision-making. 
Accountability in this context does not simply mean holding individuals responsible for 
hitting numeric targets; instead, it means establishing clear expectations about how 
data will be used to improve teaching and support, and then regularly reviewing wheth-
er those expectations are being met. For example, governance bodies can require 
that major analytics initiatives specify their theory of change, identify equity-focused 
and unintended-consequence indicators alongside traditional outcomes, and report 
regularly on both achievements and problems. Departments and programmes may be 
asked to show how analytics findings have informed their curriculum reviews, advising 
models, or resource allocations. When accountability is framed in terms of reflective 
use of evidence—and supported by robust data, appropriate indicators, and a culture 
that values learning and improvement—it reinforces a virtuous cycle in which analytics 
are used thoughtfully to enhance student success and institutional quality, rather than 
as blunt instruments for monitoring or control.

These goals of governance and accountability intersect with professional devel-
opment (also discussed above). At most institutions, some degree of capacity building 
is needed to effectively use and manage learning analytics. Data literacy initiatives 
and other forms of professional development form a key pillar of capacity building, 
extending beyond technical training to support a broader culture of evidence-in-
formed decision-making. Educators and advisors need support not only in reading 
dashboards, but also in interpreting uncertainty, recognising the limits of predictive 
models, and combining quantitative indicators with their professional judgment and 
local knowledge of students. University leaders and department heads similarly bene-
fit from professional development on how to pose good questions to analytics teams, 
how to avoid simplistic uses of metrics for performance management, and how to 
effectively use evidence to evaluate programmes and policies. These efforts can be 
integrated into existing professional learning structures—such as teaching academies, 
induction programmes, and leadership development courses—so that “thinking with 
data” becomes a normal part of how the institution operates rather than a specialised 
skill confined to a few experts.
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Data Systems
A final key area of development involves university data systems. In a very real sense, 
learning analytics runs on data. If data systems are insufficient, learning analytics is 
unlikely to reach anywhere near its full potential, regardless of what other elements are 
in place. Any university or university system wanting to implement learning analytics 
should immediately review its data -- not taking for granted that just because data ex-
ists on campus that the data is high-quality and in a usable form. For a multi-campus 
university system, this review must account for the possibility that different campus-
es rely on distinct legacy systems, have uneven levels of digitisation of records, or 
have adopted different local tools over time, making integration and standardisation 
a non-trivial task.

The first step is to make sure that all the necessary data is actually being col-
lected. Some learning management system vendors do not actually provide data to a 
university unless explicitly required to by a contract. Other vendors provide low-quality 
data, leading to very high cost to universities in pre-processing data or possibly not 
having access to key data fields needed for analysis. Universities should demand that 
their vendors provide fine-grained data at the level of individual actions, where specific 
identifiers such as learning resources and courses can be mapped back to specific 
resources and courses; this cannot be taken for granted, even from very large vendors. 

The next step is to assemble and link all of the types of data that are need-
ed. This may include learning management systems, student information systems, 
customer relationship management systems (often used for tracking advisor-student 
contact), library use, satisfaction and course evaluation surveys, and even data sourc-
es like video watching analytics. At the same time, steps should be taken to avoid use 
of data that causes privacy concerns, such as dorm room card swipes (e.g. Bradberry 
et al., 2017). Institutions may also wish to explore how internal data can be responsibly 
linked to external sources such as national examinations. In linking data, it is important 
to find an identifier that can link across all these disparate forms of data while not 
retaining personally identifying information in data sets that would be problematic if 
leaked. The typical solution is to have a strictly-guarded key, where data is linked using 
personally identifying information but then that information is swapped for a coded 
number, with the mapping between that coded number and personally identifying in-
formation stored carefully and accessible to only a small number of individuals (Khalil 
& Ebner, 2016). 

Relatedly, it is important to establish clear roles and responsibilities for main-
taining data quality and ethical use, often through designated data stewards (the indi-
viduals who may have access to a strictly-guarded key, for instance). Data stewards or 
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data custodians can be responsible for specific systems or domains (for example, LMS 
data, student information system data, or advising data), with explicit accountability 
for documenting data definitions, monitoring data quality, overseeing access controls, 
and ensuring that updates or system changes do not inadvertently compromise the 
integrity of analytics. Their work should be embedded within a broader governance 
framework (as discussed above) that specifies who is authorised to request and use 
which data, for what purposes, and through what approval processes, including review 
for ethical and privacy implications. Clear role descriptions, decision rights, and esca-
lation pathways help prevent situations where analytics projects proceed without ade-
quate oversight, or where sensitive data is accessed informally because no one is quite 
sure who owns it. By pairing technical infrastructure with well-defined stewardship and 
governance roles, institutions can support the reliable, ethical, and sustainable use of 
data for learning analytics. In a multi-campus university, it can be helpful to designate 
both central data stewards and campus-level liaisons, so that local practices and con-
cerns are visible in institutional decision-making about data, and campus staff know 
whom to approach when questions about data quality, interpretation, or ethics arise.

Part III --- Conclusion & Future Directions
As this review indicates, learning analytics has become an important contributor 
to the quality of education in both universities and in K-12, providing benefits in ar-
eas spanning from at-risk intervention, to curricular refinement, to adaptive learning. 
These benefits have been driven by a combination of classical machine learning and 
data mining, with design and data-driven decision making practices. The combination 
of artificial intelligence and human intelligence into thoughtfully-designed systems 
has benefited countless learners, and the field continues to work to develop better 
tools, dashboards, and methods to improve outcomes further.

Several areas remain focuses of considerable efforts in learning analytics re-
search, with possible implications for practice in the medium-term. One emerging 
challenge is determining which recommendation is the best recommendation for a 
specific situation: when (is as usual) a given situation has several possible responses, 
researchers are exploring how to match interventions to particular students, courses, 
and moments in time, and how to learn from prior intervention-outcome pairs to im-
prove those matches (Ju et al., 2020). A second active area concerns determining the 
long-term effects of interventions, moving beyond short-term changes in behaviour 
or grades to understand whether particular uses of analytics improve persistence, 
learning, and post-graduation outcomes (Poquet et al., 2021). At the same time, as 
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analytics-supported interventions become more pervasive, there is growing attention 
to maintaining student agency, by designing systems that support informed choice 
rather than nudging students in invisible ways (Hooshyar et al., 2023). Relatedly, there 
is increased interest in transparency, where students can see, contest, and mean-
ingfully respond to data about themselves (Bodily et al., 2018). Finally, researchers 
and practitioners are increasingly concerned with shifting student attitudes towards 
learning analytics, building trust that data are being used to support rather than for 
surveillance, that systems are fair, and that students have a voice in how analytics 
shape their educational experience. 

Another area of considerable recent interest is the potential role of generative 
artificial intelligence. The recent advent of generative AI such as large language mod-
els has already produced methodological upgrades for several areas of learning ana-
lytics, most notably adaptive learning systems, as discussed briefly above. Generative 
AI produces new opportunities, for rapidly creating new course content and lesson 
plans (Lin et al., 2025), providing rapid feedback to learners (Pankiewicz & Baker, 2023), 
scaling deep feedback (Stahl et al., 2024), and creating educational chatbots that are 
available 24/7 (Google, 2025).

However, these advances also produces new challenges that the field has yet 
to fully address. For instance, students may use generative AI in their assignments in 
ways that are not permitted by their instructors, viewed by many as a form of cheating. 
At the moment, tools for detecting cheating by using LLMs are insufficiently accurate, 
and it is unclear if this will change. Some institutions are moving to in-person assess-
ments as a method of reducing cheating, but this is difficult to scale and even this may 
eventually be possible to cheat with augmented reality eyeglasses, earpieces, or even 
neural implants. So too, the advent of LLMs raises questions about the future value of 
some areas of learning -- will jobs in computer programming be supplanted the way 
that many jobs writing marketing content have been supplanted, for instance? The 
long-term impacts of generative AI on higher education remain uncertain.

Next steps for policymakers and institutional leaders
Based on this review, here are some recommended next steps for institutional leaders 
and policymakers hoping to bring learning analytics to a multi-campus university in 
Colombia.

Get the data ready. As discussed above, a first practical step is to undertake 
a systematic audit of existing data sources and infrastructure across all campuses, 
rather than assuming that “the data is there” and usable. Learning analytics initiative 
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leaders should map which systems are in play on each campus (LMSs, student in-
formation systems, CRMs, library systems, survey tools, national exam databases), 
what level of granularity and historical depth they provide, and under what contractual 
conditions data can be accessed—renegotiating vendor agreements where necessary 
to secure fine-grained, event-level data and appropriate metadata. In a multi-campus 
Colombian university, this review will likely surface heterogeneity in legacy systems, 
local tools, and digitisation levels; part of “getting data ready” is deciding where to 
standardise and where to build translation layers so that analytics can compare pat-
terns across regions and programmes without erasing local context. At the same time, 
institutions should invest in robust processes for linking data through privacy-preserv-
ing identifiers, establishing a secure, well-documented data warehouse or lake that 
can support both operational reporting and more advanced modelling. Finally, this 
technical work must be coupled with explicit assignment of data stewardship roles 
and clear data-quality processes, so that responsibility for defining fields, monitoring 
completeness and accuracy, and enforcing ethical access controls is clearly defined. 

Get iterative design processes and implementation plans in place. Prior 
to beginning any algorithmic work, institutions should adopt explicit, cyclical design 
and implementation processes so that learning analytics emerges through testing, 
refinement, and scaling rather than a one-off deployment. Getting the right gover-
nance structure in place is also key to this aspect of the effort. This involves starting 
with clearly scoped pilots that address high-priority problems (such as dropout in 
first-year gateway courses) and embedding them in a deliberate cycle of analysis, 
co-design with instructors, advisors, and students, implementation, and evaluation. 
Decisions should be made about whether to pilot a single project on one campus, 
to pilot a single project simultaneously on multiple campuses, or to design different 
projects at different sites and compare the results. In any of these cases, there should 
be structured mechanisms for adapting initiatives for different campuses and pro-
grams, sharing adaptations, and identifying which design elements travel well across 
regions and which require local tailoring. Implementation plans should specify roles 
and responsibilities (including learning designers and implementation coordinators), 
timelines aligned with academic calendars, communication strategies, and criteria for 
success that include equity and unintended consequences alongside traditional per-
formance indicators. By institutionalising these iterative processes—and documenting 
both successful and unsuccessful experiments—universities can build a repertoire of 
proven interventions, reduce the risk of large-scale failure, and cultivate a culture in 
which intervention plans are continually adjusted in response to evidence and lived 
experience rather than remaining static.
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Get the right learning analytics expertise. Even with strong data infrastruc-
ture and thoughtful design processes, institutions are unlikely to achieve full impact 
without access to specialised expertise in learning analytics, data science, educational 
research, and implementation. Universities should therefore invest in building mixed 
teams that combine technical skills (for example, in data engineering, modelling, and 
dashboard design) with deep understanding of pedagogy, assessment, and student 
support, so that analytics work is anchored in educational questions rather than driven 
by whatever data happen to be available. It can be especially valuable to comple-
ment internal capacity with external consultants who have genuine, demonstrated 
experience in implementing learning analytics at scale— both algorithmic expertise in 
building models, and also in integrating them into institutional processes, navigating 
governance and ethics, and working with instructors and advisors. Such consultants 
can help avoid common pitfalls, provide tested design patterns for dashboards, alerts, 
and interventions, and offer independent critiques of proposed approaches, while also 
mentoring internal staff so that expertise is gradually localised rather than remaining 
permanently outsourced. Careful selection is critical: partners should be chosen for 
their track record of improving educational practice and outcomes, their willingness 
to engage with local constraints and equity concerns, and their commitment to trans-
parent methods, rather than for generic “AI” branding or purely technical credentials.

Invest in data literacy, professional development, and implementation. To 
make learning analytics a sustained institutional practice rather than a one-off project, 
it is necessary to invest systematically in people as much as in tools. This involves 
coordinated data literacy initiatives for instructors, advisors, program directors, stu-
dent-support staff, and leaders, with an emphasis not only on reading dashboards 
but on interpreting uncertainty, recognising the limits and biases of models, and 
combining quantitative indicators with local knowledge of students and programmes. 
Professional development should be embedded in existing structures, so that think-
ing with data becomes part of everyday practice across campuses rather than the 
preserve of a small analytics unit. At the same time, institutions should designate and 
provide resources for specialised roles, such as learning designers, data stewards, and 
implementation coordinators, who can bridge between technical teams and frontline 
educators, ensure that tools are aligned with curricular and equity goals, and support 
iterative cycles of piloting, feedback, and refinement in each regional campus and 
modality. Investing in these capacities also means allocating time in staff workloads 
for engagement with analytics—time to attend training, participate in co-design work-
shops, review evidence, and adjust courses or advising practices—rather than treating 
analytics work as an add-on. Finally, by recognising and rewarding effective use of 
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analytics in promotion, evaluation, and institutional narratives of good practice, the 
university can signal that responsible engagement with data is a valued dimension of 
professional practice, helping to anchor learning analytics as a core component of its 
strategy for improving student success and equity across all campuses.

Center equity, ethics, and student agency. This article concludes with a re-
minder that is no doubt already clear to the leaders who commissioned this report 
-- in implementing learning analytics, we must always center the students. Centering 
equity, ethics, and student agency means treating learning analytics not only as a 
technical and organisational project, but as a commitment to the kinds of futures the 
institution wants to enable for its students. Analytics initiatives should be explicitly 
designed and evaluated in terms of their impacts on different student groups and 
campuses, with disaggregated evidence used to detect and address inequities linked 
to region, socio-economic background, race/ethnicity, disability, prior educational op-
portunity, and other factors. Ethical frameworks and governance structures need to 
move beyond compliance with regulations, articulating clear principles for what data 
will and will not be collected, how long it will be retained, how models will be validated, 
and how trade-offs between efficiency, fairness, and academic values will be handled. 
Ideally, student agency will be supported by practices that make analytics intelligible 
and contestable: students should know what data are being used about them, be able 
to understand and challenge inferences, and have genuine choices about whether 
and how they participate in analytics-supported interventions. This requires not only 
transparent communication, but also mechanisms—for example, advisory councils, 
student representation in governance bodies, and participatory design processes—
through which students can shape priorities and raise concerns. By foregrounding 
equity, ethics, and agency in this way, the university can ensure that learning analytics 
strengthens, rather than undermines, its mission to widen opportunity, respect stu-
dents as partners in their education, and uphold public trust in how data and AI are 
used in higher education. Ultimately, if these issues are attended to, learning analytics 
can achieve its potential and produce transformative benefits for students and their 
communities.
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