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Abstract 

Community-engaged Work-Integrated Learning (WIL) is increasingly positioned as a 
mechanism for advancing graduate employability and social responsibility, yet the 
frameworks used to evaluate it remain anchored to countable proxies: employment rates, 
satisfaction scores, and placement completions. This provocation argues that these metrics 
are structurally misaligned with what WIL practitioners actually know about placement 
quality: knowledge that is relational, contextually rich, and routinely invisible in 
institutional reporting. As Generative AI enters WIL evaluation, this misalignment becomes 
urgent. Automating existing frameworks will not resolve their limitations, and risks further 
marginalising the evidence that most reliably signals whether community-engaged WIL is 
working. Drawing on research into practitioner agency in learning analytics, this 
provocation calls for evaluation frameworks that legitimise practitioner judgement, centre 
community partner perspectives, and deploy GenAI in service of relational knowledge 
rather than as a substitute for it. Effective WIL evaluation is not primarily a measurement 
problem, it is a question of whose evidence counts. 
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A prior question 

Universities are under genuine and growing pressure to scale Work-Integrated Learning. Community-
engaged WIL is increasingly positioned as a mechanism for addressing graduate employability, 
sustainable development, and social responsibility simultaneously - an ambitious brief (Wright et al., 
2022; Zegwaard et al., 2020). In response, institutions are investing in the infrastructure to deliver WIL 
at scale and, inevitably, to demonstrate that it works (Cook, 2021). Generative AI is now being drafted 
into this effort, promising to streamline placement reporting, summarise student reflections, and 
surface patterns across large cohorts that no coordinator could manually track (Young et al., 2025). 
The efficiency gains are real. But before institutions accelerate down this path, a prior question 
deserves serious attention: are we measuring the right things in the first place? 
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What the metrics actually capture 

Current WIL evaluation frameworks tend to reach for what is countable. Graduate employment rates, 
typically the percentage of students securing work within six months of placement, are widely cited 
as headline indicators of WIL success (Cook, 2021). Student satisfaction scores, collected through post-
placement surveys, provide a second layer of evidence (Young et al., 2024). Placement completion 
numbers, such as hours logged and positions filled, round out the picture. 

These metrics are not without value. But experienced WIL practitioners know they are incomplete 
proxies at best, and actively misleading at worst. Employment rates reflect graduate labour market 
conditions and student socioeconomic background as much as they reflect the quality of any 
placement (Jackson & Bridgstock, 2021). Satisfaction scores capture surface impressions, not depth of 
learning. Throughput numbers say nothing about whether the work was meaningful or merely busy-
work. Table 1 makes this gap visible. 

Table 1. Common countable WIL metrics and practitioner-valued insights that are often unreported. 

Common WIL Metric (Countable) Practitioner-Valued Insight (Often Unreported) 

Graduate employment rate Quality of student transformation and growth during 
placement, observed by supervisors but absent from 
formal reports 

Student satisfaction score Depth of the student–mentor relationship and 
genuineness of community partnership reciprocity 

Number of placements completed Actual community impact, and whether the work was 
meaningful or merely make-work 

 

The gap here is not a technical problem awaiting a better dashboard. It is structural. What gets 
measured reflects what institutional accountability frameworks were designed to capture — not what 
community-engaged WIL was designed to achieve (Peach et al., 2012; Rook & Sloan, 2021). 

Practitioners already hold the evidence 

Here is what is rarely acknowledged in the evaluation literature: WIL practitioners are not working in 
an evidence vacuum. They hold rich, contextual knowledge about the quality of placements. This is 
knowledge that is real, professionally grounded, and routinely invisible in institutional reporting 
(Young et al., 2025). 

An experienced WIL coordinator knows when a placement has been genuinely transformative. They 
know the student who arrived uncertain and left with a confidence that no satisfaction score could 
convey, who delivered something the community partner now relies upon. They know, equally, when 
a placement went through the motions: when the partnership was token rather than reciprocal, when 
the student completed the hours but nothing of consequence happened for anyone. A field 
supervisor's handwritten note, a community partner's comment in a debrief conversation, a 
coordinator's professional intuition accumulated across dozens of placements - this is evidence. It 
simply isn't legible to the frameworks designed to receive it. 

This mirrors a finding from research into how university teachers engage with learning analytics more 
broadly: practitioners exercise significant agency in interpreting and adapting data tools to their 
contexts, drawing on professional judgement that the system itself cannot replicate (Fulcher, 2025). 
WIL coordinators do the same. The problem is not that they lack evidence, it is that the evaluation 
infrastructure is not built to hold the evidence they already have. 
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Why GenAI makes this urgent 

Generative AI will not resolve this misalignment. In all likelihood, it will deepen it. 

The most immediate applications of GenAI in WIL evaluation are predictable: automating placement 
reports, generating summaries of student reflective journals, flagging completion anomalies at scale 
(Young et al., 2024). These are genuinely useful capabilities, but they operate on the data that already 
exists. If the underlying evaluation framework privileges employment rates and satisfaction scores, 
GenAI will process employment rates and satisfaction scores more efficiently. The structural gap 
remains; it simply becomes harder to see. 

There is a subtler risk. GenAI-generated evidence carries an institutional air of rigour that a field 
supervisor's handwritten note does not. Under accountability pressure, universities will gravitate 
toward outputs that look like data. The relational, contextual, practitioner-held knowledge that 
actually signals whether community-engaged WIL is working gets further marginalised. This is not 
because anyone decided it mattered less, but because the infrastructure was never built to hold it, 
and now a more sophisticated infrastructure has arrived that doesn't hold it either. 

The question is not whether GenAI has a role in WIL evaluation. It does. But there are more promising 
applications than automating existing reporting: helping practitioners articulate qualitative 
observations systematically; supporting reflective documentation that makes tacit professional 
judgement legible; enabling community partners to contribute their own evidence of impact in forms 
the institution can actually receive (Australian Collaborative Education Network, 2024). These 
applications put GenAI in service of the relational, rather than against it. They require, however, that 
institutions first decide what they are trying to measure, and why. 

A constructive provocation 

Three things would help. 

First, evaluation frameworks should explicitly legitimise practitioner judgement as a recognised form 
of evidence, not as anecdote to be noted and discarded but as professional knowledge with standing 
in institutional reporting. This is not a call for subjectivity over rigour; it is a call for a more 
sophisticated understanding of what rigour looks like in relational contexts (Cook, 2021). 

Second, before designing any evaluation system, AI-augmented or otherwise, institutions should ask 
community partners and WIL practitioners what evidence of a good placement looks like to them. The 
literature on effective WIL partnership consistently emphasises reciprocity and relationship quality as 
central to outcomes (Peach et al., 2012; Rook & Sloan, 2021). Evaluation frameworks should reflect 
that centrality, not work around it. 

Third, the arrival of GenAI in higher education is an opportunity to ask hard questions about 
evaluation, not to defer them. The urgency to scale is real. But scaling the wrong framework faster is 
not progress. 

Key questions for future evaluation 

To reorient WIL evaluation toward what practitioners and partners actually value, institutions might 
begin by asking: 

• Did the placement change how the student understands themselves as a professional, not 
merely whether they secured employment six months later? 

• Would the community partner describe the partnership as genuinely reciprocal, not merely 
whether the student completed their hours? 
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• What would a field supervisor say to a colleague unprompted, not merely what they 
recorded on a form? 

These questions do not replace systematic data collection. They redirect it. They make space for the 
relational, contextual evidence that WIL practitioners already hold, and they provide a basis for 
evaluating GenAI tools against a standard that matters: not whether they automate what we already 
measure, but whether they help us surface what we have consistently failed to capture. 

Unless we redefine what counts in WIL, automating evaluation with GenAI will only help us measure 
the wrong things faster. 
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