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Extended Abstract
Frontline workers across occupations—from teaching and
social work, to healthcare and finance—are increasingly
asked to adopt AI systems to assist their work (Brynjolfs-
son, Li, and Raymond 2025). Yet, workers themselves rarely
have a voice in defining what it would look like for AI to
positively augment their day-to-day work, and how to design
and evaluate for it (Kawakami et al. 2026). Today, decisions
about which parts of workers’ work to augment, how to aug-
ment them, and how to measure what “good performance”
looks like are often left to technical experts or organiza-
tional leaders. Without worker involvement in these deci-
sions, AI evaluations often reflect impoverished understand-
ings of workers’ labor and the expertise involved (Yang, Ste-
infeld, and Zimmerman 2019; Yin et al. 2026).

A growing literature focuses on developing AI evaluations
for work (Budler et al. 2025), including through new bench-
marks and metrics to measure the automatability of specific
work tasks (e.g., (Vishwakarma et al. 2025; Bedi et al. 2025;
Wang et al. 2025)). More recently, ML and NLP researchers
have begun to recognize the need to involve workers them-
selves in shaping these AI evaluations (Bedi et al. 2025;
Arora et al. 2025; Gebreegziabher et al. 2025), and have ex-
plored methods to solicit worker feedback to do so. How-
ever, this work has typically constrained worker involve-
ment to narrow sub-activities such as developing test cases
or providing expert labels for benchmarks, without engaging
workers in larger decisions (e.g., what concepts are worth
measuring in the first place?) (Kawakami, Zhu, and Holstein
2026). By contrast, HCI research has solicited workers’ per-
spectives on how new LLM-based systems should augment
their professions in the future (e.g., Brachman et al. 2025;
Woodruff et al. 2024), but has not directly engaged them
in designing concrete measurement instruments. Taken to-
gether, it remains an open question how to meaningfully
support workers in the end-to-end, collaborative design
of AI measurement instruments—from defining what pos-

Copyright © 2026, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

itive AI augmentation, to operationalizing practical mea-
surement instruments that can capture these notions.

This paper presents a case study with a local school so-
cial work organization that is actively exploring how to in-
tegrate LLMs into their work. In partnership with work-
ers, we explore an approach to worker-driven AI measure-
ment design—where workers collaboratively shape deci-
sions around which tasks AI should augment, what “suc-
cessful” augmentation looks like for those tasks, and how
it should be measured. Through an iterative series of eight
workshops with 19 workers, we explore how to engage
workers in (1) identifying realistic LLM use cases for which
workers actually want LLM-based support, (2) developing a
shared understanding of what “good” or “bad” LLM perfor-
mance looks like for a use case, and (3) operationalizing this
understanding through the design of a benchmark (including
an LLM-as-a-judge system and a set of test cases).

Overall, workers collaboratively developed an LLM-as-
a-judge system to evaluate model performance on a spe-
cific use case central to their work: developing useful reflec-
tion questions to guide future meetings with teachers, based
on workers’ classroom observations. Workers first collabo-
ratively designed 16 realistic test cases that they believed
would be challenging for an LLM, based on their past ex-
perience using LLMs. In early workshops, workers identi-
fied a measurement goal that is largely absent in existing in-
dustry AI evaluations: measuring how effectively LLMs can
function as “people challengers” (a play on current LLM
tendencies to be “people pleasers”). In the context of their
work, this meant challenging workers to “reflect on their
own possible assumptions and biases [and helping] them ex-
pand their perspectives, providing opportunities for learning
and growth.” Workers iteratively operationalized this goal
into an LLM-as-judge rubric. Our validation shows that the
resulting LLM-as-a-judge system has strong agreement with
worker judgments, and the benchmark can differentiate the
performance of different state-of-the-art LLMs.

This paper contributes (1) worker-driven AI measure-
ment—a bottom-up, collaborative design approach that
complements existing evaluation practices for AI in work,
(2) an early case study exploring the approach with a local
social work organization, and (3) opportunities for future
work on supporting worker-driven AI measurement design.
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