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Large language models (LLMs) are increasingly used in high-stakes decision support to summarize
situations, propose actions, and communicate rationale. While these systems often produce fluent and
plausible responses, such outputs can obscure uncertainty, weaken grounding, and invite over-reliance
by human decision-makers.

We present Project Comprehension, a forensic evaluation framework that examines LLM outputs as
decision-relevant artifacts rather than isolated answers. The framework combines operationally grounded
scenarios with human-centered annotation to assess plausibility, uncertainty signaling, grounding
transparency, comprehension support, and actionability.

Across empirical testing, we find that surface-level response quality is only weakly predictive of grounding
transparency: a non-trivial subset of responses appear clear and actionable while providing limited
justification or source signaling. These patterns highlight an interpretive risk that is not captured by
accuracy-focused evaluation alone.

We discuss how forensic evaluation can support trust calibration, assurance practices, and the design of
language-enabled decision support systems that better align with human judgment in high-stakes
contexts.
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