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Multi-Dimensional 
Science Assessment



National 
Research 

Council
(NRC)

(NRC, 2012; NRC, 2014)

Disciplinary Core Ideas (DCI)

Crosscutting Concepts (CC)

Science and Engineering 
Practices (SEP)



Next 
Generation 

Science 
Standards

(NGSS)
(NGSS, 2013)

Disciplinary Core Ideas (DCI)

Crosscutting Concepts (CC)

Science and Engineering 
Practices (SEP)

• Structure of Matter
• (3-5) Matter exists as particles that are too small to see; conservation of matter; identifying materials 

by their properties.
• (6-8) Molecular composition can be used to explain properties of materials, states of matter, phase 

changes, and conservation of matter. 

• Cause and Effect
• (6-8) Students classify relationships as causal or correlational. Can use cause and effect to predict 

phenomena. Sometimes phenomena may have multiple causes.
• (9-12) Students understand that evidence is required to differentiate between cause and correlation. 

• Planning and Carrying Out Investigations
• (K-2) Simple investigations to provide evidence and support claims.
• (3-5) Investigations that control variables. 
• (6-8) Investigations that include multiple variables.
• (9-12) Investigations provide evidence for and test conceptual models. 



Multi-
Dimensional 
Assessment
(Harris et al.; 2019)



Automated Analysis of 
Student Constructed 
Short Answer Response



Automated 
Scoring

• Various researchers have used more than 20 programs or 
platforms to study the automatic scoring of science learning 
assessments (Zhai et al., 2020c).

• A few examples:
• Using “c-rater,”  the Liu team from ETS developed multi-level rubrics 

and found the machine was capable of automatically scoring 
student responses, achieving moderate to high agreement between 
humans and the machine to provide information about student 
performance (Liu et al., 2014).

• Mao et al. (2018) applied the c-rater-ML to provide automated 
feedback to students and aid them in revising their responses.

• The earliest development of programs besides c-rater, is the SPSS 
Text Analysis (Nehm & Haertig, 2012), that required humans to 
develop word libraries manually.



Automated 
Analysis of
Constructed 
Response
(AACR)

• Developed to serve classroom needs for formative assessment 
purposes.

• Currently, it is used for both exploratory and confirmatory 
factor analysis in item development

• AACR Web Portal developed eight algorithms that can be 
employed simultaneously.



Automated 
Analysis of
Constructed 
Response
(AACR)

• AACR Web-Portal uses a cross validation 
approach by using some of the scored 
responses to train the algorithm while 
reserving the rest to test it.

• The feature extraction analysis sort the 
constructed responses into categories based 
on lexical features called “n-grams.”



Questions
1. How reliable were human raters in 

scoring multi-dimensional responses? 

2. Could machine learning algorithms 
score multi-dimensional assessments 
as accurately as humans? 

3. How are key phrases in student 
responses associated with machine 
scoring of the multi-dimensional 
assessments?



Methods



Crafting 
Engagement for 
Science 
Environments 
(CESE)

• Conducted across two regions in the United States.

• Project based science learning intervention.

• NGSS aligned content.

• Multi-Dimensional Learning and Assessment.
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Sample

• 6700 High School Students
• Gender

• 51.5% were female students 

• Race:
• 29.2% of students identified their race as white
• 47.5% identified their race/ethnicity as Hispanic
• 11.9% identified their race as black 
• 5.0% identified their race as Asian

• Home Language
• 74% reported speaking Spanish in the home. 



Assessment
Instrument & 
Rubrics

• National Assessment of Educational Progress 
(NAEP)

• Multiple Choice
• Constructed Response



Assessment
Instrument & 
Rubrics

• The rubrics were created to capture whether 
students engaged multi-dimensional reasoning 
in their responses. 

• While rubrics were a bit different for each item, 
in general the categories for classification were 
designed to capture the reasoning involved in 
the response.

1. Incorrect – a student provides an incorrect or 
nonsense response.

2. Correct - The student answered the item correctly.
3. Multi-Dimensional Correct (MDC) – The student 

answered the item correctly and used reasoning 
associated with multiple dimensions of learning.





Rubrics





Rubrics





Rubrics





Rubrics



The Process



Cycle 1: 
Human Scoring



Cohen’s Kappa (k)

• Agreement between raters adjusted for chance agreement or guessing
• Used for categorical data



How reliable were human 
raters in scoring multi-
dimensional responses? 



• Human agreement by wave



Students’ 
Use of Multi-
Dimensional 
Reasoning



Cycle 2: 
Machine Scoring



Human-to-Human
vs  

Machine-to-Human
Agreement

• The machine algorithm 
• Agreed well with human 

scores.
• Scored somewhat lower than 

humans on most items.



Descriptions of human and 
machine Scores



Accuracy by 
Dimension
• The algorithms scored well 

regardless of the dimensions being 
measured.

• The algorithms scored most 
accurately when

• Each category was well 
represented.

• Human raters were in high 
agreement.



• Human and machine 
percentage of score, 
agreement, certainty and 
dimensionality



Probability of a Correct 
Response & Language Use



• Key phrases associate with 
the machine scoring





Item 
Response 
Theory

• Difficulty shows the ability level where the 
probability of a correct (or given) response 
becomes greater than 0.5 (Raykov & 
Marcoulides, 2018). 

• Discrimination shows how well an item 
differentiates between students of a given 
level of ability (Raykov & Marcoulides, 
2018). 



Item parameters may differ depending upon 
characteristics of the individual rater (Wu, 

2017)

• Some raters may score higher or lower.
• Some raters may make more “mistakes” than 

others.

Estimates of a student’s ability may differ 
based on which scores are used to estimate 

parameters (Wang & Yao, 2013; Wang & Sun, 
2018).

• e.g. estimates of a given student’s ability may 
appear lower if a rater scores lower. 

! = ! =



Ethical 
Concerns
• Some argue that machine learning algorithms may reflect bias 

(conscious or unconscious) of the developers and have the 
potential to harm minority groups, or others who are members of 
already disadvantaged groups (Lee, 2018; Yapo & Weiss, 2018).

• in the case of scoring academic assessments, bias could directly 
impact students’ educational outcomes.

• Machine learning has a difficult time scoring more unique texts 
(Balfour, 2013), which could introduce bias if there are significant 
differences in language use between groups.



Questions
1. Do item parameters change when 

calculated using machine scores?

2. Is the machine algorithm likely to 
score differently than humans by 
race, ethnicity, gender, or 
languages spoken in the home?



Difficulty & 
Discrimination

There were overlaps in the 
confidence intervals for all 
difficulty and discrimination 
parameters.

The machine also tended to show 
somewhat lower discrimination 
than did human raters. 



Difficulty and 
Discrimination 

Parameters 
Using Human 
and Machine 

Scores



Bias
The AACR algorithms showed 
the possibility of bias for two of 
the three items. 
Bias was not consistent across 
items.
So that bias is not inherent in the 
AACR algorithm.



Diversity in Research Other



Languages spoken in the homes of students who 
reported their race as one that was grouped into 
the category of “Asian”



Analysis

We created a binary variable indicating whether the machine score was
• Lower than the human score.
• Higher than the human score.

The odds of student i being scored lower (or higher) by the machine than the human raters: 

𝑝

1 − 𝑝
= exp (𝛽଴ + 𝛽ଵ𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑜𝑟௜ + 𝛽ଶ𝑀𝑢𝑙𝑡𝑖𝑝𝑙𝑒𝐶ℎ𝑜𝑖𝑐𝑒௜)

And the probability score from AACR was that the score of student i was correct was regressed 
similarly:

𝑃 𝐶𝑜𝑟𝑟𝑒𝑐𝑡௜ = 𝛽଴ + 𝛽ଵ𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑜𝑟௜ + 𝛽ଶ𝑀𝑢𝑙𝑡𝑖𝑝𝑙𝑒𝐶ℎ𝑜𝑖𝑐𝑒௜ + 𝜀௜



Analysis (Multivariate)
The odds of student i being scored lower (or higher) by the machine than the 
human raters: 

௣

ଵି௣
= exp (𝛽଴ + 𝛽ଵ𝑅𝐸 𝐻𝑖𝑠𝑝𝑎𝑛𝑖𝑐 ௜ + 𝛽ଶ𝑅𝐸 𝐵𝑙𝑎𝑐𝑘 ௜ + 𝛽ଷ𝑅𝐸 𝐴𝑠𝑖𝑎𝑛 ௜ +

𝛽ସ𝑅𝐸 𝑂𝑡ℎ𝑒𝑟 ௜ +𝛽ହ 𝑅𝐸 𝑀𝑢𝑙𝑡𝑖𝑝𝑙𝑒 ௜ + 𝛽଺𝐿𝑎𝑛𝑔 𝑆𝑝𝑎𝑛𝑖𝑠ℎ ௜ +
𝛽଻𝐿𝑎𝑛𝑔 𝐸𝑛𝑔&𝑆𝑝𝑎𝑛𝑖𝑠ℎ ௜ + 𝛽଼𝐿𝑎𝑛𝑔 𝑂𝑡ℎ𝑒𝑟 ௜ + 𝛽ଽ𝐿𝑎𝑛𝑔 𝐸𝑛𝑔&𝑂𝑡ℎ𝑒𝑟 ௜ +
𝛽ଵ଴𝑀𝑢𝑙𝑡𝑖𝑝𝑙𝑒𝐶ℎ𝑜𝑖𝑐𝑒௜ + 𝛽ଵଵ 𝑁𝑢𝑚𝑊𝑜𝑟𝑑𝑠 ௜)

And the probability score from AACR was that the score of student i was correct 
was regressed similarly:

𝑃 𝐶𝑜𝑟𝑟𝑒𝑐𝑡௜
= 𝛽଴ + 𝛽ଵ𝑅𝐸 𝐻𝑖𝑠𝑝𝑎𝑛𝑖𝑐 ௜ + 𝛽ଶ𝑅𝐸 𝐵𝑙𝑎𝑐𝑘 ௜ + 𝛽ଷ𝑅𝐸 𝐴𝑠𝑖𝑎𝑛 ௜
+ 𝛽ସ𝑅𝐸 𝑂𝑡ℎ𝑒𝑟 ௜ +𝛽ହ 𝑅𝐸 𝑀𝑢𝑙𝑡𝑖𝑝𝑙𝑒 ௜ + 𝛽଺𝐿𝑎𝑛𝑔 𝑆𝑝𝑎𝑛𝑖𝑠ℎ ௜
+ 𝛽଻𝐿𝑎𝑛𝑔 𝐸𝑛𝑔&𝑆𝑝𝑎𝑛𝑖𝑠ℎ ௜ + 𝛽଼𝐿𝑎𝑛𝑔 𝑂𝑡ℎ𝑒𝑟 ௜ + 𝛽ଽ𝐿𝑎𝑛𝑔 𝐸𝑛𝑔&𝑂𝑡ℎ𝑒𝑟 ௜
+ 𝛽ଵ଴𝑀𝑢𝑙𝑡𝑖𝑝𝑙𝑒𝐶ℎ𝑜𝑖𝑐𝑒௜ + 𝛽ଵଵ 𝑁𝑢𝑚𝑊𝑜𝑟𝑑𝑠 ௜ + 𝜀௜



When the Machine Scored Lower 



When the Machine Scored Higher 



Certainty of Prediction



Machine and Human Disagreed (High and Low Combined)



Discussion & 
Conclusion



Maintaining
Human-to-Human 
Agreement

• Human scoring 
• Extensive training exercises
• Scheduling inconsistencies
• Training new raters
• Fluctuations in inter-rater agreement



Efficiency

• Training humans was time and labor 
intensive. 

• Once completed, the algorithms scored 
remaining responses much faster than 
human raters were able.



Setbacks

• Although the bias was not 
consistent across items, the 
machine algorithms showed 
bias on some items. 

• Changes to difficulty and 
discrimination parameters 
may require adjustments in 
assessment development.

• Items where scoring 
categories are 
underrepresented are more 
difficult to score.



Conclusion

• Automated analysis is an effective method for 
researchers to reduce time and labor costs in scoring 
student constructed responses and should be used 
with appropriate caution.

• Obtain high agreement between humans.
• Consider the importance of difficulty and 

discrimination parameters in the study. 
• Explore each algorithm for bias.

• At the classroom level, teachers would 
need to search existing item banks for 
items already being used with machine 
scoring as large training sets are needed.
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