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A Semantic Errors: A Persistent Challenge in Database
Learning

Research Findings from Student SQL Assignment Analysis

156,513+ Submissions Analyzed 730+ Students Multiple Semesters

@ Research Implications = Key Findings ¥* Semantic Error
Distribution by SQL Concept

What are Semantic Errors? 45% Correlated Subquery + GROUP BY a5%

Queries that execute successfully but produce _
incorrect results - representing Semantic Error Rate

fundamental misunderstandings of query Correlated Subquery + GROUP BY Left Outer JOIN + GROUP BY 44%

logic and database concepts.

JOIN + WHERE 43%
Most Problematic Areas 44% _
+ Complex JOINs with aggregation Semantic Error Rate JOIN + WHERE + DISTINCT 32%
- Correlated subqueries Left Outer JOIN + GROUP BY _
+ GROUP BY operations
* Multi-concept combinations Table Update + Simple Query 31%

43%
. Delete with Subquery 22%
Assignment Type Impact

Semantic Error Rate

Students make fewer semantic errors on JOIN + WHERE Clauses
homework vs. exams, suggesting stress
affects conceptual understanding more than
syntax.

Stored Procedures + Functions 21%

95-100% eventual success rate suggests
students can overcome semantic errors with
practice

11%

Learning Patterns

Students build queries incrementally , often
exploring different strategies when
encountering semantic errors.
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Personalized Eeedback: Take 1

CodeLens: A Generative Al Framework for Automated Feedback on SQL
Assignments [2]

l Problem statement
PrairieLearn . L
[ ] ————%' solution query and output]\ OpenAL Completion AP | [ fine-tuned model )
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Preliminary Evaluation

e Summer 2024 (70 enrolled,
n=21), Fa” 2024 (483 enrO”ed, N 0T

I /N7 /N /_
n=102 ) . =\ l\f_.l_ | \_::/I__l__l\
. AI_Supported VS- non_AI grou pS° Yggrhqlljeryhincorrec'tly :elﬁcts prgducts purchased by customers,
o - o which is the opposite of the requirement.
e (Questions with various levels of

Example of a feedback message displayed to

comp | eX|ty students in the Al-supported group.

® Received feedback mechanism
from SQL compiler and
Codelens



Avg Submissions/question
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Average number of
submissions/SQL question
(Al vs. non-Al groups)

For Al, a reduction in
attempts for complex
guestions like Q3



Is this good enough?

Retrieval Noise & Irrelevance: Unstructured text leads to off-target documents
and noisy feedback

Hallucinations & Inconsistency: LLMs may invent details when missing clear
concept links

Gaps in Concept Coverage: Hard to measure student progress if underlying
topics aren’t explicitly mapped

Misalignment with Instructor Intent: Free-form content can drift from course
goals and learning outcomes



Personalized Feedback: Take 2

Data Systems Approach



Structuring Goncepts, Amplifying Insight:
Graph RAG for Al-Personalized Student
Feedback

Instructor-edited knowledge graphs deliver
precise context, empower accurate,

personalized feedback, and enable robust

performance tracking




System Architecture
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Structuring Goncepts

e Given Course Materials (Syllabus, Lecture PDFs, Textbooks), chunk the
document into pieces

e Use an LLM to power the concept extraction and node relationships

e Condense Concepts down to a set of nodes

e Display Graph and allow manual manipulation/improvement

Manual Refine
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Graph RAG for Al-Personalized Student
Feedback

Instructor Student

= Uploao( Course Material Submit Assignment

Receive AL Feedback (Fine-tuned model
e b () eceive AL Feedback (fine-tuned model)
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Graph RAG

A live job streams every new submission and its errors from Postgres into
Neo4j, continuously enriching a student-assessment-error knowledge graph.
When a student requests feedback, the graph’s RAG layer locates the lecture
slide + page for each error keyword and injects those references into a GPT-40
prompt.

GPT-40 replies with targeted advice, direct slide links, external resources (e.qg.,
W3Schools JOIN), and performance metrics such as attempt counts, recurring
errors.



Ontology

e \We can track progress throughout the
semester by tagging questions with the
graph concepts

e

Question 1

| JON || select |

[ Concept A

—

S
Select }[ Where }

/

Question 2

N

| DISTINCT || Select |




Progress tracking
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25 ai-cs411.web.app/knowledge-graph

Y Tag questions with these & G [ : B Mail - Dunham, Dy.. @ Multivariable Calc..  HOME | Torrec
generated concepts using an
LLM

e Promptthe LLM to be . Concept View
conservative with the Tagging

e Color code the tested
concepts

e E.g. % students completed
questions with tag="WHERE’

& Upload SQL Lecture — o & 2%
Materials

Visualize & edit SQL topic relations
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Amplifying Insight

With course concepts mapped and an online assessment platform that
captures student submissions, we can:

e Track student progress across topics using an ontology/knowledge
graph

e Deliver instant context-aware, relevant and personalized feedback
on submitted assessments

e Provide performance indicators that help students track their
performance and identifies areas for improvement/strength

e Generate targeted practice questions or point to extra resources to
strengthen the student areas for improvement.



Personalized, context aware, proactive

feedback !

Concept View 32 nodes, 29 connections
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Student Performance Overview

Student Profile

Assessment: GA3

Question: GA3.2 CS 411
PrairieLearn
Submissions: 1

Errors:

e Ambiguous Column
References

Assessment: Quiz-practicel1

Question: Quiz-practice1.1 CS 411
PrairieLearn

Submissions: 10

Errors:

« JOIN

o WHERE

¢ JOIN, alias errors

e Misuse Aggregate Functions

o WHERE, Ambiguous Column
References

Assessment Advice

Hello Dylan,

Let's address the errors you've
encountered in your SQL queries and
guide you to the relevant lecture
materials and additional resources.

1. Ambiguous Column
References

Error Explanation: This error occurs
when a column name is not unique
across the tables involved in a query,
and SQL cannot determine which
table the column belongs to. This
often happens in queries involving
JOINs where multiple tables have
columns with the same name.

Lecture Reference: Please refer to
Lecture 5, "SQL Joins and Aliases,"
where we discuss how to use table
aliases to disambiguate column
names. You can find this in the PDF
titled
"Lecture_5_SQL_Joins_Aliases.pdf"
on page 3.

External Example: For a practical

example, you can visit W3Schools

SQL Joins to see how to use table

aliases to avoid ambiguous column
references.
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https://ai-csd4ll.web.app


https://docs.google.com/file/d/1iHKwyz-aiOYHEi0GOoq4bqP8mh-InJ0R/preview
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