
Enhancing Qualitative Data 
Coding in Federal Statistics: 
A Human–Machine Learning Framework

Federal Context: NAEP HSTS

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

Transcript courses ~2.3 million

Catalog courses ~344,000

Catalogs ~900

The NAEP High School 
Transcript Study (HSTS) is 
a national data collection 
conducted by NCES that 
focuses on understanding 
students’ coursework and 
academic outcomes at 
the end of high school.

Approximate volume of data 
collected by HSTS in 2019:

High schools ~1,400

High school graduates ~47,300

Challenge

Qualitative data coding remains a persistent challenge 
in large-scale federal data collections. Transforming 
unstructured, locally defined information into 
standardized variables introduces:

	›Variability in terminology and descriptions

	›Ambiguity in interpretation

	› Inconsistency across coders

	›High reliance on human judgment

	›Scale of processing

Conclusion: Insights and Success

	›Human plus machine learning improves performance: 	  
	Outperforms either alone; top-k suggestions beat 
	single predictions.

	›Human-in-the-loop is critical: Humans resolve 
	ambiguous cases; performance reflects training data 
	quality and coverage.

	›Human–machine learning framework improves federal 
	data quality: Enhances accuracy, consistency, efficiency,  
	reproducibility, and standardization.

Impact on Coding Performance

ML increased 
accuracy:
	� ML—74% 
	 correct codes

	� Non-ML—66%  
	 correct codes

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

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

Note: ML = machine learning

Multi-Phase Experimental Design Evaluation

	y Compared model suggestions 
	 to final SCED codes:

72% of first 
suggestions 
matched 
final codes.

91% of top five 
suggestions 
included 
correct codes.

	y Allowed coders to select codes 
	 outside the model’s suggestions.

Output 
Validation

	y Counterbalancing  
	 experimental  
	 design with two  
	 treatment groups.

	y Assessed impact 		
	 on accuracy 
	 and efficiency.

User 
Testing

	y Integrated 
	 machine learning 	
	 into the 
 	computing 
	 environment and  
	 coding database.

	y Evaluated 
	 compatibility with 
	 existing workflow.

System 
 Integration

Human–Machine Learning Framework

Compare to 
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coded HSTS 
courses
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likely codes
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Human- 
in-the-loop: 

coders 
retain full 
discretion

Capture 
meaning 
beyond 
keyword 

matching

Represent 
course titles/
descriptions 
as semantic 
embeddings
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