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Aims
1. Test generalizability: Evaluate whether a RoBERTa model 
trained on 150-word essays about extracurriculars3 can 
validly assess personal qualities in full-length college 
essays. 
2. Examine extent to which AI scores relate to 
demographic variables and academic metrics (SAT, GPA). 
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Results
Face validity: The model’s top words make intuitive sense: president predicts 
leadership, collaborating drives teamwork, and learned signals learning.

CURF will cover the cost of your 24” x 36” poster (either landscape or portrait orientation), 
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Personal quality Fictionalized excerpts
Prosocial purpose 
Helping others, wanting to help others, 
considering the benefits to others, mentioning 
reasons for helping others, or reflecting on 
how enjoyable or rewarding it is to help 
others.

I go over to my little cousins' house after school and always help them with their homework. At first it was just 
checking their answers, but over time I started bringing over worksheets and making up games to help them learn. 
It feels good to see them get excited about school.

Leadership 
Serving in a leadership role, commenting on 
what they did in their capacity as a leader, or 
discussing the value, meaning, or importance 
of leadership

The next year, I ran for secretary of the club. I thought my job would just be taking notes at meetings, but it ended 
up being way more. I took on the role of coordinating fundraisers, communicating with the principal and 

administration, all while making sure every member's ideas were heard.

Learning
Improving, learning, or developing 
knowledge, skills, or abilities.

When my aunt got diagnosed with lupus, I didn’t know what it was. I started looking it up and reading articles and 
watching videos to  help me understand what she was going through. That same summer, I got into a hospital 

program where I learned how to take vital signs. My hands shook at first, but I kept practicing and asking questions 
until I could do it.

Goal pursuit
Having a goal and/or a plan.

Ever since I started learning how to code, I’ve been hooked on the way small lines of text can build something real.  
Becoming a software engineer feels like the right path. It won’t be easy, but I am determined to pursue a degree in 

computer science and be the first person in my family to graduate from college. 

Intrinsic motivation 
Describing a pursuit or subject as enjoyable 
or interesting. Liking the pursuit or identifying 
with it.

Ever since I was a kid, I was fascinated by the songs that would come on in my dad's car radio. When I was 12, I 
downloaded my first beat-making software. I didn’t have headphones, just cheap speakers and a lot of time. I 
taught myself by messing around, trying to copy the songs I liked. When I’m making beats, I lose track of time. 

Teamwork
Working with or learning from others. Valuing 
what fellow participants bring to an activity.

When we first started planning the mural, everyone had different ideas.  At first it felt all over the place, but then it 
started coming together. I learned when to give suggestions and when to  listen. By the time we finished, I couldn’t 

even tell which parts were mine. That’s what I liked most, that it was something we all made together.

Perseverance 
Persisting in the face of challenge.

In ninth grade, I failed my first geometry test and it made me wonder if I just wasn’t a “math person.” But I didn’t 
want to give up. I started staying after school for tutoring and redoing every practice problem I could find. It took me 

most of the year, but I finally pulled my grade up to a B.

Table 1. Personal qualities and example essay excerpts. 

Evaluate independence of 
personal qualities: 

Introduction
● In college admissions, grades and test scores don’t 

tell the whole story. Holistic admissions processes aim to 
evaluate the “whole candidate,” including personal qualities 
like perseverance, leadership, and purpose. 

● Personal qualities are conceptually distinct from 
cognitive ability, predictive of long-term success, and 
potentially responsive to intervention.1

● Existing measures aren’t scalable. Self-report surveys 
and teacher ratings are vulnerable to faking, while 
performance tasks and biodata are time-intensive and 
inconsistent across applicants.1,2

● AI presents an opportunity to identify personal qualities 
from application text.

● Lira et al. (2023) demonstrated proof of concept.
RoBERTa models4 trained on short 150-word essays scored 
seven personal qualities and modestly predicted six-year 
college graduation (AUC = 0.557–0.568), independent of 
demographics and test scores.

College applicants write 650-word 
essays in response to one of 
seven prompts; N = 1,724.

Subset of 100 are essays 
coded independently by 
2 human raters. 
Inter-rater reliability is 
calculated.

Essays are coded to 
consensus.

Point-biserial correlations are 
computed between the human 
ratings and AI-generated 
scores. 

For each essay, the 
model outputs a 

continuous likelihood 
score between 0 and 

1 for each of seven 
personal qualities. 

Essays are passed 
through a fine-tuned 

RoBERTa model.

Procedure

Figure 1. Complete or partial words on which RoBERTa 
models relied most for generating personal quality scores. 
Font size is proportional to word importance. Dark blue 
words are more common.

Table 1. Correlations between human ratings and AI-generated likelihoods of personal qualities. Inter-rater 
reliability measured with Krippendorf’s α.

Participants: Black (41%), Latino (36%), 
Asian (10%), White (6%), Other/Multiracial 
(6%). Female (65%). Large majority (71%) 
are first-generation college applicants.

AI-predicted personal qualities 
aligned with human ratings 

and showed minimal association 
with demographics or academic 

metrics.

Prosocial Purpose Learning Goal Pursuit

Leadership Perseverance Intrinsic Motivation

Teamwork

AI scores align closely with human judgments when 
predicting the same personal qualities. Moderate to strong 
correlations between human ratings and computer-generated 
likelihoods (mean r = 0.60). 

Both the AI and human raters distinguish between 
conceptually distinct personal qualities. Correlations 
between human ratings and AI scores for different traits are near 
zero (mean r = 0.005). 

AI-generated scores were largely uncorrelated with 
demographics and academic metrics.

After BH correction, only two significant relationships remained: 
male students received slightly lower scores on prosocial purpose 
compared to female students (r = –0.11, adjusted p < .05), and 
first-generation students received slightly lower scores on 
leadership (r = –0.074, adjusted p < .05). All other correlations 
were small (|r| < 0.08) and non-significant.

There were no significant correlations between AI-generated 
personal quality scores and either SAT scores or GPA (all |r| < 
0.09)
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Discussion 

Implications
Scalable, interpretable, and privacy-preserving. 
Unlike generative models like ChatGPT, RoBERTa models 
can be run offline on local machines and provide 
transparent, word-level explanations – practical for 
sensitive contexts like college admissions.

Limitations & Future Directions
● No predictive outcomes. Future work could examine 

whether these scores predict enrollment, graduation, or 
performance in college. 

● Only 27% of students reported SAT or ACT scores, 
limiting analyses of AI scores and academic metrics.

● All essays came from students in National Education 
Equity Lab courses—a highly motivated, possibly 
non-representative group.

● Models were not trained on full-length essays. Future 
work could fine-tune new models on target text sources.


