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Agenda

Context & Challenges

• NAEP HSTS Data and Coding Context

• Challenges in Qualitative Course Coding

Approach & Design

• Machine Learning Approach for Course Coding

• Multi-Phase Experimental Design

Results & Implications

• Results: Accuracy, Efficiency, and Consistency

• Implications for Data Quality in Federal Surveys
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NAEP HSTS Data Collection and Processing Context

Selected a 
nationally 

representative 
sample of HS 
graduates.

Collected course 
catalogs, transcripts, 
and information forms 
from states, districts, 

and schools.

Standardized 
credits to 

Carnegie units 
and grades to a 
four-point scale.

Coded courses 
from catalogs 

using the SCED 
classification 

system. 

▪ National Assessment of Education Progress (NAEP) High School Transcript 
Study (HSTS) is a national data collection conducted by the National Center 
on Education Statistics (NCES) that focuses on understanding students’ 
coursework and academic outcomes at the end of high school.
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Data Components of NAEP HSTS
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•Courses

•Grades

•Credits Earned per 
Course

• NAEP Assessments

• School Questionnaires

• Student 
Questionnaires

•Graduation 
requirements

•Grading scale used

•Course Title
•Course Description
•Course Level
•Grade Level
•Credits
•Sequence

Course 
Catalogs

NAEP 
Grade 12

NAEP High School Transcript Study

Information 
Form

Transcripts
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School Courses for the Exchange of Data (SCED) Coding 
System

▪ A voluntary classification system designed for prior-to-secondary and 
secondary education courses.

▪ Can be used to compare course information, maintain longitudinal data 
about student coursework, and efficiently exchange coursetaking records.

▪ Developed by the National Forum on Education Statistics through the NCES.

▪ States like Virginia and Iowa utilize SCED in their student data systems by 
using it as course identification codes. 

▪ Other states and local education agencies have used portions of SCED or its 
structural framework for their own course IDs.
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SCED Components and Structure

▪ The first component is a five-digit course 
code that identifies the course. 

▪ The first two numbers of the base code 
identify the subject area.

▪ HSTS also includes flags for special 
education, course language taught, and 
online courses.

▪ 23 Subject areas:
－ 01: English Language and Literature
－ 02: Mathematics
－ 03: Life and Physical Sciences
－ 04: Social Sciences and History
－ 05: Visual and Performing Arts
－ 07: Religious Education and Theology
－ 08: Physical, Health, and Safety Education
－ 09: Military Science
－ 10: Information Technology
－ 11: Communications and Audio/Visual Technology
－ 12: Business and Marketing
－ 13: Manufacturing
－ 14: Health Care Sciences
－ 15: Public, Protective, and Government Services
－ 16: Hospitality and Tourism
－ 17: Architecture and Construction
－ 18: Agriculture, Food, and Natural Resources
－ 19: Human Services
－ 20: Transportation, Distribution, and Logistics
－ 21: Engineering and Technology
－ 22: Miscellaneous 
－ 23: Non-Subject Specific [NOT USED FOR HSTS]
－ 24: World Languages
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Source: National Forum on Education Statistics, National Center for Education 
Statistics (NCES).



Examples of 
High School 
Course Catalogs
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Course Catalog Coding in Large-Scale Survey Operations

What is being coded?

▪ Course titles

▪ Course descriptions

▪ Credit and sequence information

▪ Grade level

▪ Flags for special education, 
course language taught, and 
online courses.

Why is this step important?

▪ Supports consistent 
classification of courses across 
education agencies.

▪ Supports national reporting 
and analysis.

▪ Central to data quality, 
consistency, and 
interpretability.
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▪ Convert locally defined course information into standardized SCED codes.



Operational Challenges in Qualitative Coding

Approximate volume of data 
collected by HSTS in 2019

▪ Variation in Course Information

• Inconsistent course titles across education 
agencies.

• Limited or uneven course descriptions.

▪ Reliance on Human Judgment

• Interpretation required to determine course 
content.

• Potential for inconsistency across coders.

▪ Scale of Processing

• Hundreds of course catalogs.

• Resulting in tens of thousands of course records 
to code per cycle.

▪ Operational Burden

• Time-intensive manual coding.

• Training and quality control requirements.
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Count 2019

High schools ~1,400

High school graduates ~47,300

Sources: U.S. Department of Education, Institute 
of Education Sciences, National Center for 
Education Statistics, National Assessment of 
Educational Progress (NAEP) High School 
Transcript Study (HSTS), 2009 and 2019.

Catalogs ~900

Catalog courses ~344,000

Transcript courses ~2.3 million



Challenging Cases Requiring Human Judgment
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E.g., Advanced Math Topics, Integrated Science

Ambiguous course titles

E.g., STEM Seminar, College Readiness Mathematics

Locally defined or non-standard courses

E.g., Physics of Music, Environmental Science & Policy

Multi-subject or interdisciplinary courses

Limited detail in catalogs or transcripts.

Courses with insufficient or vague descriptions

Courses are not well represented in the SCED coding system yet.

New or evolving course offerings



Applying Machine Learning (ML) Models to Support 
Standardized Coding

▪ Represent course titles and descriptions as semantic embeddings using 
natural language processing (NLP), which uses ML techniques.

▪ Capture contextual meaning beyond keyword matching.

▪ Compare each course to a database of previously coded HSTS courses.

▪ Compute similarity scores to identify likely SCED codes.

▪ Provide ranked suggestions (top-k) to support human coding decisions.

▪ More robust than lexical or rule-based approaches.

▪ Human coders retain full discretion, including selecting codes outside 
model suggestions.

11



Applying NLP in HSTS

▪ Purpose: SCED code output for course title input.

▪ Dataset: HSTS 2019 coded catalog courses.

▪ Generates embeddings for all titles in the 2019 dataset.

▪ Generate and compare input embedding to 2019 dataset embeddings to 
find the most similar ones (similarity scores are generated for 2019 
course titles).
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Course Title State SCED Code

Algebra 1 Texas 02052

Introduction 
to Fitness

Georgia 08016

Principles of 
Engineering

Kansas 21004

Advanced 
Composition

Michigan 01103

Spanish III Maryland 24056



Applying NLP in HSTS (cont.)
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▪ Potential 2019 course title 
matches are linked to 
their SCED codes.

▪ Coders are presented 
with potential SCED 
codes.

▪ For initial testing, 5 
matches were shown.

• Precedent from other 
NCES projects using 
matching programs.



Example of ML-Supported Course Coding – 
AP BIOLOGY
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Multi-Phase Experimental Design of ML approach in HSTS
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System 
Integration

Integrated ML 
into the 
computing 
environment and 
coding database.

Evaluated 
compatibility with 
existing 
workflow.

Output 
Validation

Compared model 
suggestions to 
final SCED codes.
- 72% first suggestions 
matched the final codes.

- 91% of the top five 
included correct codes.

Coders could 
select codes 
outside the 
model’s 
suggestions.

User 
Testing

Experienced 
coders coded with 
and without ML 
support.

Assessed impact 
on accuracy and 
efficiency.



User Testing

Counterbalancing experimental 
design with 2 treatment groups Analyses focus on questions:

▪ Does coding time improve using 
ML?

• Mean coding time per course.

▪ Does coding accuracy improve 
using ML?

• Proportion of courses with codes in 
agreement with the correct answers.

▪ Do the users feel comfortable 
using ML?
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User Testing – Results on Coding Speed and Accuracy
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ML increased accuracy:
▪ ML – 74% correct codes.
▪ Non-ML – 66% correct codes.

Correct codes were defined 
based on the assigned SCED 
codes from the HSTS 2019 cycle.

Median coding time 24 seconds with ML per 
course, compared to 35 seconds without ML.



Lessons Learned from ML-Supported Course Coding

▪ Human + ML performs better than either alone.

▪ The top-k suggestions are more effective than single predictions.

▪ Performance gains are strongest for routine, high-frequency 
courses.

▪ Human oversight remains essential for ambiguous or novel 
courses.

▪ System performance depends on the quality and coverage of 
training data.
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Implications for Data Quality in Federal Surveys

▪ Improves coding accuracy, consistency, and efficiency, 
supporting faster processing and more cost-effective operations.

▪ Reduces variability in the interpretation of course descriptions.

▪ Enhances the reproducibility of coding decisions.

▪ Supports standardization across course codes.

▪ Aligns with federal data quality standards, emphasizing 
reliability, comparability, and transparency.
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Thank you!

Judy H. Tang

JudyTang@Westat.com
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