
  

CrowdGrader

A Tool for CrowdSourcing the Evaluation of 
Homework Assignments

        Luca de Alfaro           Michael Shavlovsky
UC Santa Cruz

SIGCSE 2014



  

How did we get into this?

I started a class on Android development
• Very popular, 80+ students
• Little TA support (1 TA, which does not know Android)
• Simply loading an Android app to grade it takes minutes

I am supposed to know about CrowdSourcing
• I had often worked on reputation systems, crowdsourcing, 

related topics.
• I am supposed to be a good developer!

                       Why not try to help myself?



  



  

CrowdGrader

1. Submission: students submit their solutions (can submit 
in groups).

2. Review: Students are assigned submissions to review: for 
each submission, they enter a review, and a grade/rank.

3. Crowd-grades: CrowdGrader computes a crowd-grade 
that depends both on the quality of their submission, and 
on the quality of their reviewing work.

4. Feedback: students get feedback, and instructors can 
read all reviews.



  

CrowdGrader

Design Issues
● Review assignment

● Grade assignment: how to compute reliable grades

● Incentive design: how to motivate students to do good 
reviews?

How well does it work?
● Participation in reviews

● Amount and quality of feedback



  

Review Assignment

One at a time: each time students are done with a review, 
they get the next submission to review.

This ensures submissions receive a uniform number of 
reviews.  

• CG implements a predictive algorithm that estimates the 
probability that reviews are completed.

• Opens the way to many experiments on optimally assigning 
submissions to reviewers.

    [Also PG, from NCSU, does dynamic review assignment]



  

Evaluate via rank, or grades?

We initially asked students to rank the submissions they 
were reviewing in order of qualiy.

• Ranking requires only a relative, rather than an absolute 
judgement. 

• Simpler.

• Many methods for online and offline rank aggregation.



  

Ranking did not work well

Ranking was skipped 28% of the time!

• Uneasiness about ranking peers

• Considered a coarse instrument: students complained 
about having to arbitrarily rank submissions they 
considered “equivalent”

• Lack of trust that this would lead to an accurate ranking.

We moved to grades.



  

Optimal grade aggregation
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Optimal grade aggregation

Item

Users Grade Variance
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Optimal grade aggregation

Minimum variance linear estimator:
Let  X1 , ...,  Xn be uncorrelated random variables with mean x 
and variances  v1 , ...,  vn . The minimum-variance linear 
estimator of x can be obtained by:       
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Variance =



  

The Vancouver Algorithm

Items Users



  

The Vancouver Algorithm

• Users send to items their grade, 
and their esimated variance.

• We compute grade and variance 
for the items.

Items Users



  

The Vancouver Algorithm

• Items send to users their 
consensus grade, and variance.

• Users update their variance.

Items Users



  

The Vancouver Algorithm

Items Users

Iterate, until we have consensus 
grades and variances for all items.



  

Vancouver: Performance on synthetic data

• 50 items, 50 users, 6 reviews per item.
• Users have gamma-distributed variance, with shape k=2, 

k=3.



  

Vancouver: Performance on synthetic data

100 users
6 reviews 
per item



  

Review Incentive: Crowd-Grade composition

75%: submission

12.5%: review grade precision

12.5%: review helpfulness

The percentages can be changed by the instructor.



  

Review Incentive: Crowd-Grade composition

75%: submission

12.5%: review grade precision

•  f : fraction of reviews done
•   ¾u : standard dev of user
•   ¾r : standard deviation of    

    “standard” random user



  

Review Incentive: Crowd-Grade composition

75%: submission

12.5%: review helpfulness

• Students give feedback on the 
reviews, and rate them:

– +2: very helpful

– ...

– -2: bogus, very unhelpful

• We discard lowest rating, to 
avoid tit-for-tat.

• Average the rest, weighing 
negatives twice as much.

• Add to offset of 0.8, multiply by f



  

Effect of on-line predictive review assignment

: before on-line predictive review assignment was 
  implemented.



  

Variance of grades given to the same 
assignment



  

Difference in consensus grades received by 
pairs of identical submissions

D is the square root of the mean square difference of the 
grades received by identical submissions, expressed as a 
percentage of the maximum grade M



  

Review helpfulness



  

How did the students benefit?

• Motivation: working for their peers.

• Ability to examine other people's work

– If you cannot get it to work, you can look at how others 
solved it.

– Multiple working examples.

– Also multiple examples of errors.

• Learn to be a reviewer (important in code!)

• Lots of feedback!



  

Much more feedback
than from a busy TA 
or instructor.



  

How do instructors benefit?

• Can handle large classes
• Motivate students
• Can assign homework regularly
• Lots and lots of feedback on how the class is going 



  

364 reviews!



  

You can use it at
www.crowdgrader.org

You don't even need to create an account.

Thanks!

Used in 20+ institutions for 200+ assignments, ranging from CS to 
biology, economics, writing, engineering, ...

Over 50,000 reviews.
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