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A practical framing document for institutional AI governance, evaluation, and evidence collection across 
colleges, universities, and university systems. 

Executive summary 

In current higher education AI policies and principles, “innovation” and “impact” are usually expressed 

implicitly through mission, values, and outcome goals, rather than through a compact, AI‑specific 

definition. This whitepaper distills those implicit signals into a practical working definition. AI innovation 

is best understood as the responsible use of AI to create new or significantly improved value in teaching, 

student success, research, public service, healthcare (where applicable), and institutional operations. AI 

impact is best understood as the documented effect of those uses on outcomes for people, institutions, 

and society, with explicit attention to equity, transparency, privacy, safety, and accountability. 

A credible higher education evidence approach should therefore do three things at once: demonstrate 

novelty or meaningful improvement, document measurable outcomes, and show that the initiative was 

governed under a clear set of responsible AI principles. This whitepaper translates the sector’s current AI 

language into a practical framework that institutions can use to define innovation, define impact, and 

collect evidence in a consistent, defensible way. 

 

Why this matters now 

Across higher education, presidents, chancellors, provosts, and governing boards are framing AI as a 

central leadership issue rather than a peripheral technology trend. AI is reshaping how students learn, 

how researchers discover, how staff work, and how institutions serve their communities. Leaders are 

increasingly expected to articulate not only how their institution is adopting AI, but how it is doing so 

responsibly and with measurable benefit. 

This framing reinforces a definition of AI innovation as responsible, mission-aligned change that 

materially improves teaching, research, work, and service rather than novelty for its own sake. 

Many institutions also tie AI directly to their public mission of access and affordability. That vision 

suggests that evidence of AI impact should include not only adoption or efficiency gains, but also 

measurable improvements in student access, advising, affordability, completion, service quality, and 

support for the workforce and communities that institutions serve. 
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Sector leaders also increasingly connect AI leadership to ethics and governance, taking the position that 

institutions of higher learning have an obligation to lead, rather than follow, on the responsible 

adaptation of AI. That position aligns closely with the responsible AI principles emerging across the 

sector and with existing institutional governance frameworks. It makes governance evidence (risk 

assessment, transparency, human oversight, privacy protection, fairness review, and accountability 

structures) part of the proof of impact itself rather than a separate compliance exercise. 

Clear definitions also matter because higher education stakeholders, including boards, legislators, 
accreditors, faculty, students, families, and the public, are asking for more evidence of how AI is 
contributing to the mission. Definitions of "innovation" and "impact" are what make that evidence 
possible. They shape the storytelling that explains the work to a nontechnical audience. They shape the 
artifacts (use cases, evaluation profiles, governance records) that show what was tried, what changed, 
and what was learned. And they signal how intentionally an institution is enabling its workforce and the 
whole organization to function well in the age of AI. 

Higher education context for AI 

Most institutional AI councils and working groups now share a common purpose: to institutionalize a set 

of responsible AI principles across the institution and to provide a clear anchor for how AI should be 

evaluated. The principles that recur across the sector include appropriateness; transparency; accuracy, 

reliability, and safety; fairness and nondiscrimination; privacy and security; human values; shared benefit 

and prosperity; and accountability. Together, these principles indicate that higher education is not 

treating AI innovation as the simple adoption of new tools, but as a governed form of institutional 

change that must align with public mission and public trust. 

Sector working groups have also identified high-risk application domains, commonly including health, 

human resources, public safety, and student experience. This signals that evidence standards should be 

strongest in areas where AI can materially affect rights, access, opportunity, or safety. Recent 

institutional communications also position AI as part of broader digital transformation and innovation 

efforts, reinforcing that AI should be assessed both as a technical capability and as an institutional 

capability. 

 

A practical definition of AI innovation 

Within this policy and governance context, AI innovation in higher education can be defined as the 

responsible use of AI to create new or significantly improved capabilities, services, decisions, or 

workflows that advance the missions of teaching, student success, research, public service, healthcare 

(where applicable), and administration. This definition reflects the sector’s emphasis on mission 

alignment, system benefit, and principled deployment rather than novelty for novelty’s sake. 
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Three characteristics distinguish innovation from ordinary experimentation. 

•​ It addresses a real mission problem or opportunity, such as student advising demand, research 

bottlenecks, clinical turnaround times, or administrative burden. 

•​ It creates a new capability or a meaningful improvement in quality, speed, access, scale, or 

insight, rather than merely automating an existing process without measurable benefit. 

•​ It is implemented in a way that aligns with responsible AI principles, especially transparency, 

fairness, privacy, safety, shared benefit, and accountability. 

Under this framing, an AI chatbot is not innovative simply because it uses a large language model. It 

becomes innovative when it demonstrably expands access to advising after hours, improves multilingual 

support, reduces wait times, or enables staff to focus on higher-value work, while also preserving 

transparency, human oversight, and equity safeguards. 

A practical definition of AI impact 

AI impact in higher education can be defined as the documented, mission-aligned effect of AI on 

outcomes for individuals, communities, institutional performance, and the public good. This definition is 

broader than efficiency alone because the sector consistently connects AI to educational outcomes, 

research advancement, equitable workforce transitions, public service, and the protection of rights and 

trust. 

A project has impact when it changes measurable outcomes in ways that matter to students, faculty, 

staff, patients, community partners, or the broader public. That impact may be positive, mixed, or 

negative, which is why evidence must include both benefits and harms, including differential effects 

across groups. 

Impact should therefore be assessed across at least four dimensions. 

•​ Outcome impact: changes in completion, quality, access, speed, safety, or productivity. 

•​ Equity impact: how benefits and harms are distributed across populations, especially historically 

marginalized groups. 

•​ Governance impact: whether trust, transparency, accountability, and compliance were 

strengthened or weakened. 

•​ Societal impact: how the work contributes to the communities institutions serve, including 

workforce development, healthcare, climate resilience, and public service. 

 

Impact domains for evidence collection 
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A practical evidence model should organize AI use cases into common domains so that institutions can 

compare initiatives consistently while allowing unit-specific metrics. The domains below combine 

commonly identified high-risk areas with broader areas of AI activity and institutional transformation. 

Not every domain will apply to every institution; for example, only academic medical centers will collect 

clinical-care evidence. 

Domain Typical questions Illustrative evidence 

Teaching, learning, 

and assessment 

Is AI improving pedagogy, feedback, 

accessibility, or assessment design? 

Course success, DFW rates, 

assessment performance, 

accessibility feature usage, faculty 

and student feedback. 

Student success and 

experience 

Is AI improving access to advising, 

support, navigation, or belonging? 

Retention, graduation, time to 

degree, advising wait times, service 

utilization, satisfaction, referral 

quality, equity gaps. 

Research and 

scholarship 

Is AI accelerating discovery, 

interdisciplinary work, and research 

capability? 

Projects supported, grants, 

publications, time-to-analysis, new 

methods adopted, trainee 

participation. 

Health and clinical 

care 

Is AI improving quality, safety, 

efficiency, or equity in care (where 

applicable)? 

Throughput, readmissions, 

turnaround times, safety indicators, 

patient satisfaction, clinician 

workload, equity analyses. 

Operations and 

administration 

Is AI reducing friction, cost, error, or 

delay in core services? 

Cycle times, backlog reduction, error 

rates, service-desk metrics, cost 

avoidance, staff time reallocation. 

Human resources 

and workforce 

Is AI affecting hiring, advancement, 

training, or staff wellbeing fairly and 

effectively? 

Time-to-hire, applicant progression, 

promotion patterns, participation in 

AI upskilling, climate survey results, 

grievances. 

Public safety and 

campus security 

Is AI affecting security, rights, bias, or 

trust? 

Incident outcomes, response times, 

complaints, audit results, 

governance approvals, community 

feedback. 
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Domain Typical questions Illustrative evidence 

Governance, legal, 

and compliance 

Is AI strengthening oversight and 

responsible practice? 

Risk assessments, policy reviews, 

audit findings, transparency notices, 

exceptions and remediation logs. 

Data, privacy, and 

security 

Is AI supporting or threatening 

responsible data stewardship and 

cyber resilience? 

Privacy impact assessments, incident 

rates, access controls, model 

monitoring, red-team outcomes. 

Public service and 

societal impact 

Is AI producing measurable benefits 

beyond the institution? 

Community outcomes, workforce 

outcomes, environmental indicators, 

partner feedback, external 

recognition. 

 

Evidence framework: how institutions may show proof 

A strong evidence package should combine innovation evidence, impact evidence, and governance 

evidence. Using only one of these categories produces an incomplete picture; for example, high adoption 

without outcomes has no impact, and outcomes without governance records may not satisfy responsible 

AI expectations. 

Put another way: innovation without impact is theater, impact without governance is risk, and 
governance without either is paperwork. 

Innovation evidence 

Innovation evidence should establish that the initiative is solving a meaningful problem and doing so in a 

way that is materially new or better. Useful elements include a baseline description of the prior state, a 

clear articulation of what AI enables that was not previously possible or practical, and a rationale for why 

AI was an appropriate approach for the use case. 

Good innovation evidence may include the documented problem statement, pre-implementation 

metrics, pilot hypotheses, user journey maps, workflow redesign artifacts, and a short mapping to the 

institution’s responsible AI principles. Institutions may also note whether the initiative created reusable 

institutional capability, such as a shared platform, a governance pattern, or a scalable service model. 

Impact evidence 
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Impact evidence should show that outcomes changed and that the change matters. Quantitative 

evidence is strongest when it includes baseline and post-implementation measures, comparison groups 

when feasible, and disaggregation by population. 

Qualitative evidence is also important because some effects of AI are experiential and contextual. 

Interviews, focus groups, open-ended survey comments, and short case vignettes can show whether an 

AI system improves trust, reduces frustration, expands access, or creates new burdens. 

Governance evidence 

Governance evidence should demonstrate that the initiative was reviewed, documented, monitored, and 

adjusted over time. Useful artifacts include AI risk assessments, privacy reviews, procurement 

documentation, model or vendor documentation, human oversight plans, incident logs, user notices, 

and records of approval or review by relevant institutional bodies. 

In sector terms, governance is not separate from impact. A system that improves efficiency while 

introducing opacity, bias, or avoidable privacy risk may fail a responsible-AI impact test because it 

undermines trust, shared benefit, and accountability. 

 

Recommended evidence categories and sample metrics 

Evidence category Purpose Sample metrics or artifacts 

Problem and 

baseline 

Show the initial challenge and 

why intervention was needed 

Existing service levels, delays, error rates, 

staffing constraints, unmet demand, user 

pain points. 

Innovation and 

redesign 

Show what is meaningfully 

new or better 

Workflow maps, capability statements, pilot 

hypotheses, process redesign notes, service 

model changes. 

Adoption and reach Show who used the tool and 

at what scale 

Active users, eligible population coverage, 

frequency of use, repeat use, user 

segments served. 

Outcomes and 

performance 

Show whether the tool 

improved mission outcomes 

Retention, pass rates, throughput, 

completion times, error reduction, quality 

measures, satisfaction. 
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Evidence category Purpose Sample metrics or artifacts 

Equity and inclusion Show whether benefits and 

harms are fairly distributed 

Disaggregated outcomes, accessibility 

usage, gap analysis, mitigation steps, 

targeted support strategies. 

Human oversight 

and trust 

Show whether people 

understand and can challenge 

AI use 

User notices, escalation pathways, override 

logs, satisfaction with transparency, 

complaint data. 

Privacy, security, and 

safety 

Show responsible protection 

of rights and systems 

Privacy impact assessments, security 

controls, incident logs, red-team tests, 

safety reviews, monitoring plans. 

Governance and 

accountability 

Show leadership ownership 

and review discipline 

Accountable owner, committee reviews, 

approvals, audit findings, periodic 

reporting, remediation records. 

Public and societal 

value 

Show benefit beyond 

efficiency 

Community outcomes, workforce 

development outcomes, partner feedback, 

public-good indicators. 

 

A one-page template for institutional AI use cases 

An institution can document each AI use case in a single page using the following structure. This creates 

comparable records across projects while keeping the process lightweight enough for adoption. 

AI use case evidence profile 

•​ Use case title and sponsoring unit 

•​ Mission area: teaching, student experience, research, healthcare, operations, HR, safety, 

governance, data/security, or public service 

•​ Problem statement and baseline 

•​ Why AI was appropriate 

•​ What is innovative or significantly improved 

•​ Primary beneficiaries and affected populations 

•​ Key outcome metrics 
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•​ Equity considerations and disaggregated measures 

•​ Responsible AI principles mapping 

•​ Governance and risk review completed 

•​ Known limitations or risks 

•​ Decision: continue, modify, scale, pause, or retire 

This structure can support inventories, governance reviews, annual reports, and institutional storytelling 

without forcing every unit, school, or campus into a single rigid metric model. 

 

Practical interpretation for institutional leaders 

For senior leaders, the central question is not whether a project uses AI, but whether it creates 

mission-relevant improvement under responsible governance conditions. An initiative should not be 

labeled innovative because it is technically advanced, widely discussed, or newly purchased. It should be 

labeled innovative only when it solves a meaningful problem in a demonstrably better way and does so 

in alignment with the institution’s values and obligations. 

Similarly, impact should not be reduced to adoption counts or anecdotal enthusiasm. The strongest 

evidence combines measurable outcomes, lived-experience evidence, equity analysis, and documented 

governance practice. That combination allows institutions to explain not only whether AI worked, but 

whether it worked responsibly, for whom, and at what cost or risk. 

 

Adapting across institution types 

Higher education is not monolithic. Mission emphasis, governance maturity, staffing, student 

demographics, and risk profile vary widely across institution types, and a credible AI evidence framework 

should be applied with that variation in mind. The framework is common; the lens is local. Priority 

domains, the depth of governance documentation, and the most meaningful outcome measures will 

differ by institution type. The notes below describe the most common adaptations. 

Community and technical colleges 

For community and technical colleges, the most consequential AI evaluation domains are typically 

workforce and economic mobility, transfer pathways, gateway-course completion, and wraparound 

supports for working adults and first-generation students. Useful outcome measures often include 

short-term credential completion, dual-enrollment success, transfer momentum to four-year partners, 
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time to first credential, employment outcomes, wage gains, and use of food, housing, transportation, 

childcare, and mental health navigation. Equity disaggregation is especially important given the 

populations these institutions serve. Governance evidence should be right-sized: a one- or two-page risk 

assessment, a clear accountable owner, vendor documentation, and a transparency notice may be a 

realistic minimum where dedicated AI governance staff do not yet exist. 

Regional comprehensive universities 

Regional comprehensives sit between research universities and community colleges and typically 

emphasize teaching quality, regional workforce alignment, and access for place-bound and adult 

learners. Useful evidence often includes course success and equity gaps in high-enrollment majors, 

advising capacity for first-generation students, partnerships with local employers and K-12 systems, and 

graduate placement in the regional labor market. Research evidence applies but is usually scoped to 

faculty-mentored undergraduate research and applied scholarship rather than large grant-funded 

programs. 

Research-intensive universities 

Research universities, including those with academic medical centers, will typically use the full 

framework, with the strongest evidence concentrated in research, healthcare, graduate education, and 

large-scale operations. These institutions usually have the staffing to maintain detailed governance 

evidence (formal AI risk assessments, model documentation, monitoring plans, red-team exercises, and 

clinical or IRB review where applicable), and should be held to that higher standard. Particular attention 

should be paid to high-stakes domains such as clinical decision support, biomedical research, hiring and 

promotion, and policing or campus security. 

Liberal arts colleges 

Liberal arts colleges typically center teaching quality, mentorship, residential learning, and 

undergraduate research. Useful evidence often emphasizes pedagogy and assessment design, AI literacy 

across the curriculum, faculty development, integrity in writing-intensive coursework, and the 

student-faculty relationship. Governance evidence may be lighter in volume but should be deliberate 

about academic freedom, faculty consultation, and the role of AI in formative assessment. 

Minority-serving institutions 

Historically Black colleges and universities, Hispanic-serving institutions, tribal colleges and universities, 

and other minority-serving institutions carry explicit equity and community missions, and AI evidence 

should reflect that. Equity impact is not a separate dimension here but a primary one: differential effects 

across student populations, alignment with community priorities, and protection against bias in any AI 

system that touches admissions, advising, financial aid, conduct, or policing should be central to the 
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evidence record. Tribal colleges should additionally consider data sovereignty obligations to tribal 

nations when evaluating AI tools that ingest student or community data. 

University systems and multi-campus institutions 

In multi-campus systems, governance often operates at two levels: a system office that sets shared 

principles, contracts, and risk thresholds, and individual campuses that implement use cases in context. 

Evidence should be collected at the campus level using the common template, then rolled up into a 

system-level inventory that allows comparison across campuses, identification of shared risks, and reuse 

of effective patterns. The system office is also typically the right home for shared infrastructure, vendor 

management, model evaluations, and equity audits that no single campus can sustain on its own. 

Online-serving and adult-serving institutions 

Institutions whose primary audience is fully online learners, working adults, or competency-based 

learners should treat learner experience, identity assurance, support responsiveness, and academic 

integrity as central evidence domains. Useful measures often include time-to-response in advising and 

tutoring, course persistence in asynchronous formats, prior-learning-assessment throughput, and the 

quality of AI-assisted feedback at scale. Privacy and security evidence is especially important given the 

volume of remote interactions and third-party tools involved. 

A note on right-sizing 

Smaller institutions and those without dedicated AI governance staff should not be held to the same 

volume of governance documentation as institutions with mature compliance offices. The expectation 

should be proportionate: a clear accountable owner, a short risk assessment, vendor and data 

documentation, a transparency notice for affected users, an escalation path for concerns, and a periodic 

review. Right-sizing is not a lowering of standards; it is a recognition that the goal is responsible practice, 

not paperwork volume, and that evidence quality matters more than evidence quantity. 

 

Conclusion 

A practical definition of AI innovation in higher education is responsible, mission-aligned use of AI that 

creates new or significantly improved value in institutional functions. A practical definition of AI impact is 

the documented effect of that use on outcomes, equity, trust, and public benefit. 

The most credible evidence model for the sector is therefore multi-dimensional. It should capture 

novelty, outcomes, equity, and governance together, organized across common impact domains such as 

teaching and learning, student success, research, healthcare, operations, workforce, public safety, legal 

and compliance, data governance, and public service. Used consistently, that model can help institutions 
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move from informal anecdotes about AI to a sector-wide discipline of evidence-based, responsible 

innovation. 
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