
DISCUSSION
• LLM-derived categories capture 

nuance in free responses 
beyond keyword matching or 
multiple-choice scoring

• Strong agreement on category 
selection and less so on ratings

• This approach is generalizable, 
efficient, and scalable for 
proficiency-based training 
evaluation

IMPACT 
• Smarter assessments
• Personalized trainings
• Increased readiness
LIMITATIONS 
• Rating disagreements highlight 

the need for threshold rules and 
partial-credit strategies

• Categories are finite and may 
miss rare or novel responses

• LLM performance depends on 
rubric quality and prompt 
design

 NEXT STEPS
• Refine rubrics and prompts 

based on disagreement patterns 
• Assess the effectiveness of 

personalized training
• Expand to topics such as suicide 
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BACKGROUND
• Military trainings are attendance- 

based and lack knowledge 
checks needed to inform 
proficiency–based, personalized 
content that would reduce 
training burden

PURPOSE 
• Using a novel bystander sexual 

assault training program, we 
show that an LLM can rapidly 
classify free-text responses into 
SME-aligned knowledge 
domains

 

METHODS
• One-group, pre/post design
• Two pre- & two post-scenarios 

with 2 multiple-choice and 3 free-
response items for each

• Average response of 28 words
• Participants were 16 mostly 

female civilians (Mage=46.3) 
recruited from Wright Patt AFB & 
Vandenberg SFB

LLM-AS-A-SCORER
• GPT-4o classified free responses 

using an SME-developed rubric 
with example prompts

• LLM categories and ratings were 
compared with SME grading

RESULTS

BOTTOM LINE UP FRONT
LLMs show promise for scalable, grading of proficiency-based 

assessments using open-ended responses, while keeping subject-
matter experts in the loop

LLM & SMEs CATEGORIES MATCHED 74% OF THE TIME 

CATEGORY DISAGREEMENT DRIVEN BY SPECIFIC SCENARIOS 
(e.g., #6) AND RESPONSES TO SPECIFIC QUESTIONS (e.g., #4)

LLM RATINGS WERE HIGHER & LESS VARIABLE 
THAN SME RATINGS
• Ratings modestly correlated (r=.30, p<.01)
• When category selections differed, LLM  ratings 

were not informative

Category Definition Generic Example Scenario 1 Example

Preventing 
Future 
Harms

Taking action because it 
helps stop a situation from 
getting worse or prevents 

more severe forms of harm 
(e.g., harassment 

escalating to assault)

Speaking out against 
this behavior now 

helps prevent more 
severe forms of 

sexual assault or 
harassment in the 

future

It might make them 
think twice about 
doing the same 
behavior in the 

future

Changing 
Perpetrator 
Behavior & 
Attitudes

Taking action because it 
influences the person 

causing harm to reflect, 
reconsider, or change their 

behavior and attitudes

The individual may 
come to understand 
that their behavior is 

inappropriate or 
unacceptable

They might have 
alternative 

viewpoints to 
consider if they find 

themselves in a 
situation like this in 

the future

Supporting 
the Victim

Taking action because the 
victim feels supported, 

validated, less isolated, or 
safer in the moment

Taking action will 
help the victim feel 

validated and 
supported

The person who was 
harmed might feel 
supported and less 

alone

EXAMPLE SCENARIO, QUESTION & LEARNER’S RESPONSE EXAMPLE SME CREATED RUBRIC
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