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Team
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Next Generation Science Learning

A Roadmap
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Next Generation Science Learning

New Standards  for  Sc ience  Learn ing

Framework for K-12 Science Education (NRC, 2012)
Next Generation Science Standards (NGSS Lead States, 2013)

Next Generation Science Standards
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Three-Dimensional Learning Expectations
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Challenges: Assess students’ performance 
on three-dimensional learning

• Multiple-Choice questions are not able to assess three-dimensional 
learning

• Constructed responses are needed
• Performance-based assessments are needed
• Scoring students are time-consuming and timely feedback is not 

available

Next Generation Science Learning
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Assessment Practices
• Identifying learning goals
• Eliciting performance 
• Interpretation observations
• Decision making and action-taking

Observation Interpretation

Cognition

http://nextgen
scienceasses

sment.org
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Innovative  Assessment
Technologies extended the nature of the problems that can 
be presented in assessments, as well as the approaches of 
eliciting and interpreting evidence, and thus enhancing the 
assessment practices. 

• Construct: latent trait of examinees (e.g., knowledge-in-
use)
• Functionality: evidentiary reasoning processes
• Automaticity: human efforts
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Levels of Innovative Assessments
• Degree to which we could approach the assessment
goals that serve education2

Substitute

Transform

Redefine
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Why Machine Learning?

Traditional 
Programing

Rules
Results

Response

Machine 
Learning

Rules
Response
Results
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What is Machine Learning?

• Learn from labeled dataSupervised ML

• Learn from raw dataUnsupervised ML

• Learn from both labeled and raw dataSemi-supervised ML

Training/
learning Validation Testing/

Predicting

Develop Algorithmic Model
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Framework for ML-based Next Generation Science
Assessment
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Machine Learning Ensemble Classifiers

Response

1

3

5

7

2

4

6

8

Predicted 
Score

SVM, supervised latent dirichlet
allocation, logitboost, classification 
trees, bagging classification trees, 
random forests, penalized 
generalized linear models, and 
maximum entropy models
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Cross-validation

Computer Algorithm

Training set: Human labeled

Machine labeled

Human labeled
Validation set:

Human-machine 
Cohen’s Kappa



Application 1: Automatically Assess Argumentation Learning Progression
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A Framework for Argumentation in Science
Osborne et al. 
(2010) based on 
Toulmin’s structure 
for practical 
arguments.
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Methods
• Created 19 items to cover nearly the entire construct map 
for scientific argumentation. Set in three different science 
contexts.
• 931 responses were collected from 2 sources in 
California
• Analytic coding rubrics were designed to identify the key 
components of argumentation for each item
• Two coders trained for each item set until IRR > 0.7; then 
coded ½ remaining data set independently, with an 
overlapping subset for final IRR calculations
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Level Constructing Critiquing
0a Constructing a claim
0b Identifying a claim
0c Providing evidence
0d Identifying evidence
1a Constructing a warrant
1b Identifying a warrant
1c Constructing a complete argument
1d Providing an alternative counter argument
2a Providing a counter-critique

2b Constructing a one-sided
comparative argument

2c Providing a two-sided comparative argument
2d Constructing a counter claim with justification

Methods-Sample Item and Rubrics
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Methods – Sample Item and Rubric
Analytic Component Examples
COMPONENT A: Possible claims

A1: The sugar dissolved 21.  The sugar was dissolved in the water. Because the grains of sugar 
are so small, they blend with the water and become unnoticeable to the 
naked eye.

COMPONENT B: Possible evidence

B1: The sugar disappeared, or you can no longer 
see the sugar.

29.  The sugar dissolved into the water, forming a mixture, so that the 
individual sugar grains are no longer visible.

COMPONENT C: Possible Warrant/Reason

W1: The sugar broke into pieces 9.     The sugar gets dissolved, and the particles break up until they are 
spread out throughout the liquid and you no longer can see them with the 
naked eye.

W2: The sugar mixed or combined with water. 21.  The sugar was dissolved in the water. Because the grains of sugar 
are so small, they blend with the water and become unnoticeable to the 
naked eye.

W3: Physical act of stirring 2505. I think that the sugar in the cup dissolved in the water because after 
they stirred it, the sugar was no longer visible.
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Wright Map of Argumentation Items
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Machine Scoring Accuracy

21

Item Human-
Computer 

agreement (𝜅)

# of levels in 
rubric

Item Human-Computer 
agreement (𝜅)

# of levels in 
rubric

S1 0.75 4 B6 0.88 3
S2 0.82 2 G1 0.63 2
S3 0.81 2 G2 0.74 2
S4 0.73 4 G3 0.60 4
S5 0.68 4 G4 0.71 3
B1 0.93 3 G5 0.71 3
B2 0.87 3 G6 0.65 3
B3 0.69 4 G7 0.59 3
B4 0.71 4 G8 0.70 4
B5 0.74 4
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Students’ mastery patterns in the seven classes
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Probability of mastering each skill for three students 



Application 2. Automatically Assess Drawn Models
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What is Scientific Model?

• Constitutes System, components, relations between components
• Reflect causal relationships or underlying mechanism of 

phenomena
• Abstraction
• Multi-representative
• Revisable
• Use and reflect consensus knowledge of the science community
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Theoretical Perspective: What is Scientific 
Modeling?
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Student Explanation of the Phenomena--Model
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What is Scientific Modeling?

Phenomena Mental Model Representation 
(Model)

Scientific Model
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Is this a scientific model?
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Convolutional neural network building blocks and 
residual learning 
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Findings—Drawing Representations
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Findings: Written Descriptions



33

Correlation on Drawn Models and Written Descriptions
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Conclusions and Future directions
• Multi-representations as a means of developing inclusive, 
equitable assessments
• Insights into applying machine learning in responsive 
assessments
• Accuracy issues
• Validity issues
• Efficiency issues
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Assessment Format: ICC = 0.28
Subject Domain: ICC = 0.42
Construct: ICC = 0.21
School Levels = 0.15
Algorithm: ICC = 0.45
Supervision: ICC = 0.17
ICC = Intraclass Correlation Coefficient

Factors Impact Accuracy

Zhai, X., Shi, L. Nehm, R. (2020). A Meta-analysis of machine learning-based science assessments: Factors impacting 
machine-human score agreements. Journal of Science Education and Technology. 30(3), 361-379.
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News~~

• Special Issue in Journal of Science Education and 
Technology, Applying Machine Learning in Science 
Assessment
• AI for Tackling STEM Education Challenges, Frontiers in
Education
• Machine Learning Applications in Educational Studies,
Frontiers in Education
• Uses of Artificial Intelligence in STEM Education. (Zhai & 
Krajcik, Eds.), Oxford University Press.

https://link.springer.com/journal/10956/volumes-and-issues/30-2
https://www.frontiersin.org/research-topics/28397/ai-for-tackling-stem-education-challenges
https://www.frontiersin.org/research-topics/34393/machine-learning-applications-in-educational-studies
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