
Intentionally Setting More Equitable Grading 
Policies: A Machine Learning Approach

First-generation and racially minoritized undergraduate students typically 
face higher rates of Ds, Fs, and Withdrawals (DFWs) and lower average 
grades (López, Santelices, & Taveras, 2023). These disparities are often 
attributed to a complex interplay of historical and deeply rooted systemic 
policies and social structures (Feldman, 2023). Addressing and rectifying 
these inequities is a significant concern in Discipline-Based Education 
Research (DBER) today (Hsu et al., 2021). I suggest that optimizing the 
weighting of assessments in final grade calculations could mitigate the 
extent of these disparities within grade distributions. To the author’s 
knowledge, this is the first instance of grading policies being mathematically 
optimized to minimize grading inequity.

The Issue

Methods

SOLUTION #2: An interactive web app that shows how changing grading 
policies affects grading inequity. Try it out using the the QR code below!
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The Assumption
For instructors, there is an acceptable range of graded assessment weights, dropped assessments, and minimum 
grades that accomplish their pedagogical goals. For example, few instructors would weight a final exam as 1% or 99% 
of students’ final grades. However, the exact parameters chosen (e.g., the final exam is 30% of the grade) is likely not 
an evidence-based, optimized decision.

Many thanks to…
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Stanley Lo, Liam O’Connor Mueller, Sarah Stockwell, and Laurie Smith. The wonderful community of teaching faculty at 
UCSD, T3PN, and SABER for giving me the support to do what brings me joy.

The Goal
Provide instructors with clear methods to lower grading inequities in the classroom by modification to grading policies, 
by providing optimized assessments weights, number of dropped assessments, and minimum scores. 

Note: the grading data in the app is 
NOT REAL to protect student privacy. It 

is only a proof of concept to show 
what you can do with your own data.

Are you interested in applying this concept with 
your own data? You can access all the code at 

https://github.com/keefereuther/grading_equity. 
Alternatively, you can email me at 

kdreuther@ucsd.edu for more information.

Before optimization After optimization

SOLUTION #1: Apply a machine learning optimization function to find 
the grading policies

No dropped 
assessments 

or grade 
minimums

Optimization functions operate by identifying the 
optimal mix of parameters—such as grade 
weights, dropped assessments, and minimum 
grades—that result in the smallest calculated 
value for the median grade difference between 
student groups (Bilal et al., 2020; Ronkkonen et 
al., 2005)

Define boundaries of 
pedagogically acceptable 

weights

Define machine learning 
optimization function: 
differential evolution

Please note that because optimization may result in grade inflation, it is essential to renormalize 
grade cutoffs to ensure that the distribution of A, B, C, D, and F grades remains consistent.

• Canvas survey. Usually hard to receive from 
institution.

• Does not require IRB approval if data is only used 
internally for educational purposes.

1. Collect 
demographic 
and grading 

data

• How will you divide students demographically?
• What metric will you try to minimize?

2. Choose 
your 

variables

• Convert exported Canvas gradebook into a csv file with 
columns representing demographic information and 
assessment grades. 

• Convert scores to proportions (range of 0-1)

3. Clean 
gradebook 

data

• Solution 1: Machine learning optimization (upper right of 
poster)

• Solution 2: Interactive web application (lower right of 
poster)

4. Choose your 
approach

• Use optimized grading policies to assign student 
grades.

• Make sure to renormalize grade cut-offs to prevent 
grade inflation.

5. Amend 
grading 
policies

Results & Directions
All results are based on demographic and grade 
data collected from a lower-division course, 
Organismic and Evolutionary Biology (BILD 3), at 
UCSD in the Spring of 2023. Below are some 
general findings from the application of both 
Solution 1 and Solution 2 to the course data:

• Grade inequity decreases when summative 
exams are weighted less in the final grade.

• Grade inequity decreases when small- and 
mid-level assessments are given more weight.

• Stricter lecture attendance policies have been 
associated with reduced grade inequity.

• Minimum scores had little effect on median 
grade differences; however, they likely 
significantly influence grade inequity in 
D/F/W rates (Feldman, 2023). 

These conclusions may not reflect broader 
patterns. A more extensive and varied set of 
course data is necessary to effectively use this 
technique to identify best practices.


