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Overview to Today 

• Brief theoretical framework for design & research 

 

 

• Brief overview to methods/studies leading up to current 
research 

 - methodological approaches to understanding how students learn, how 
we can assess them, and support them in learning 

 
 

• Recent & current research and development 



Since our goal is to assess and assist 

students, we have a theoretical framework 

based on: 

 students’ misconceptions in science 

 causal model construction 

 model-based learning and teaching 

 diagram comprehension  

 text comprehension  

 the integration of text and diagrams 

 



Why this theoretical framing important to assessment? 

 One’s view of learning undergirds their 

perspective on how to approach 

learning environments 

 … also how to design assessment items 

and how to interpret them 



To date, 3 types of work 

1) Studying affordances of learning with 

representations/microworlds 
  - various methods to collect data/make inferences about mental processes. 

  - these inferences affect item development and item interpretation.  

 

2) How to assess students’ science inquiry skills with microworlds 

  - i.e. performance assessment of learning with microworlds 

  - involves analyzing log files using machine learning and educational data mining. 

 

3) How to scaffold students’ inquiry with microworlds 

  - involves pedagogical and methodological issues of how to determine when to 

“jump in”; EDM & KE are used here (in progress). 
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Some prior studies 

Method Goal 

Think aloud & drawing 

protocols 
Characterize expert-novice differences in 

Architectural interpretation (1988, 1989) 

Drawing protocols  Characterize understanding & MBR in Plate 

Tectonics (1999, 2000) 

www (WISE) Support dyads in MBL across the US (2004) 

Orienting tasks, 

propositional analysis, 

reading times 

To influence and measure students’ processing 

of science text/diagrams 

(1999, 2005) 

Logging of students’ 

interactions with 

simulations  

Characterize learning in Biologica & Dynamica, & 

Connected Chemistry  
 

& Epistemological influences on learning (2011) 



 

Framework for research & assessment development  

 
 Learning (regardless of medium) is an active and 

constructive process 

–  “ the nature of a learner's processing of the target material largely determines 

the learner's memory representations, reasoning, etc. for that material.” (Craik & 

Lockhart, 1972) 
 

• Textual representations in learning materials/ assessments use 

words to describe science phenomena--non-isomorphic. 
 

• Vs. 

• Diagrams/illustrations represent spatial structure, can be 

isomorphic, but static. 
 

• Implications: 
  - search & knowledge acquisition processes differ 

  - whereby, prior knowledge schemata direct knowledge acquisition for 

 visualizations 

  - nature of inference-making is different 

 

 

 



MBL: interaction between learner & visualization 

External Models, 

i.e., microworlds, 

representations, 

etc. 

             

Resultant mental 

model, i.e., internal 

representation 

(Johnson-Laird) 

Cognitive processes construct 

mental model.  

Prior knowledge influences 

model.  

Assessment items are used to 

infer learning/reasoning 

processes 

Knowledge bring assessed 

is influenced by: 
-- Content knowledge 

-- Inquiry skills 

-- Epistemology 

-- Engagement 

-- UI features, etc 

  



Affordances 

Term, affordance: 

 

First used by J.J. Gibson (1977), a perceptual psychologist 

- what is made possible for the learner, etc. INDEPENDENT of 

the learner’s skills, knowledge, etc. 

 

D. Norman, (1988, The Design of Everyday Things) 

- From HCI community extended this  

- success of affordance is DEPENDENT on learners’ skills, prior 

knowledge, etc. 

 

- We need to be thinking about the AFFORDANCES that are 

important in students (individual differences here). 
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US students continue to fall behind in STEM 

 
PISA Science test results 2013 
 



Students differ on many dimensions in 
science: 

- Prior content knowledge that helps guide learning 

- Skills to conduct science inquiry 

- Attitudes/motivation for science learning 

Why are we falling behind? 



Standardized tests – not the right “stuff” 

Test Grade 

School/State assessments use M/C and fill-in-blank items of rote 

science facts 
 

From these,  

- skill assessment is very limited 

- educators can not know who needs help 

- feedback is given too late to be formative 

- many students may struggle in silence 



How can we foster deep learning? 

 

How can we leverage technology & data mining 

to: 
– understand learning? 

– develop better materials? 

– assess students’ learning? 

– react in real time to scaffold inquiry skills? 

– react in real time to students’ affective states? 

 

 



Interactive labs have assessment potential  
 
 

 Offer greater authenticity  

– & greater validity than m/c tests 

– currently not used fully to assess the 

skills/knowledge they were designed to foster!  
 

 Generate rich log files 

– can be used skill assessment when combined 

with computational analyses 
 

 

 Both work products & inquiry processes 

can be used for assessment  
 

 Can scale to many learners! 
 

 Can give immediate feedback; blending 

learning and assessment 

– extra assessment time is not used 

 
 

 

 



Challenges to inquiry assessment here 

 

 Complex tasks take longer => fewer measures of “one type” => 

reduced reliability (Shavelson et al, 1999)  
 

• More than one way to conduct inquiry =>  variability in student 

responses 
 

• Sub-tasks are not independent from each other => assumptions of 

conditional independence do not hold (i.e., Classical test theory; Mislevy 

et al, 2012) 
 

 

• Traditional measurement methods tough to apply due to changing 

skill level as students learn in real time (cf. Levy, 2012) 
 

• Theory needed to both distill/aggregate data (Quellmalz et al, 2009), 

and to design categories a priori  
 

- so that results are pedagogically meaningful (Gobert et al, 2013).  

 
 

 

 



Our solution: Inq-ITS! 

 

•  An assessment environment for 
middle school Physical, Life, & 
Earth Science using microworlds 

 
•  Implemented during content unit 

to provide formative data for 
teachers 

 -- data driven class instruction 

 -- help individual students in real time 

 
 

• Assessment & real time 
scaffolding are done in real time 

 

Hello! You are going to be a 

scientist today and conduct 

experiments in a virtual 

laboratory! 



 

Why microworlds? 

 
 

• Microworlds permit authentic science inquiry 

assessment 

  - because they share many features with real apparatus, 

leveraging perceptual affordances (Norman, 1993) 

 

• With microworlds students can 
 

- develop a hypothesis 

- design & conduct an experiment 

- analyze data 

- warrant claims 

- communicate findings (NRC, 2013) 



Pedagogical Design of Inq-ITS 

 We seek to strike a balance between direct vs. 

discovery approaches to inquiry 

 - (cf., Kirschner, Sweller, & Clark ’06 v. Hmelo-Silver, Duncan, 

 & Chinn, ’07– direct versus discovery inquiry debate). 

 

 

 

 

 

 

 
 

 



Discovery Learning: The good, bad, and the ugly 

Because students have difficulties with many aspects of inquiry  
– forming testable hypotheses 

– choosing the correct variables to work with  

– collecting data that is non-confounded 

– linking hypotheses and data 

– drawing correct conclusions from experiments 

 

If discovery is too open-ended: 
 

- Students struggle with monitoring what they do (de Jong et al, 

2005),  
 

- & can become lost and frustrated; their confusion can lead to 

misconceptions (Brown & Campione, 1994), 

  

- Teachers spend considerable time scaffolding students’ content 

and procedural skills (Aulls, 2002). 

 

 



Regarding hypothesizing 

Students: 

 
– have difficulties forming testable hypotheses & choosing which 

variables to work with (Chinn & Brewer, 1993; Klahr & Dunbar, 1988; Kuhn et al., 

1995) 

 

– may not know what a hypothesis should look like (Njoo & de Jong, 1993) 

 

– avoid stating hypotheses that could be rejected (Van Joolingen & de Jong, 

1993; Klayman & Ha, 1987; Klahr, Fay & Dunbar, 1993) 



Regarding designing & conducting experiments 

 

Students: 

 

•   may not test their articulated hypotheses  
(Van Joolingen & de Jong, 1991b, 1993; Kuhn, Schauble, Garcia-Mila, 1992; Schauble, Klopfer, 

Raghavan, 1991) 
 

 may not gather sufficient evidence to test hypotheses  
– by running only one trial (Kuhn, Schauble, Garcia-Mila, 1992)   

– running the same trial repeatedly (Kuhn, Schauble & Garcia-Mila, 1992; Buckley, Gobert & Horwitz, 2006) 
 

 change too many variables (Glaser et al., 1992; Shute & Glaser, 1990; Kuhn, 2005; 

McElhaney & Linn, 2008, 2010) 

 

 run experiments that are enjoyable to watch as opposed to 

hypothesis testing (White, 1993; Schauble, Klopfer & Raghavan, 1991; Njoo & de Jong, 

1993a). 

 



We seek to scaffold inquiry skills because… 

 

- they can compensate for low domain knowledge (Hulshof & de Jong, 2006) 
 

- strategies such as control for variables (CVS) do not develop 
naturally (Kuhn, 1991) 
 

- CVS can be successfully taught and transfers to other topics (Klahr & 
Nigam, 2004) 
 

- middle school may be the time that this learning is optimal (Schunn et al, 
2007) 
 

- science inquiry skills make a statistical contribution to learning 
outcomes over and above: 

 
-  intelligence (Shute & Glaser, 1990),  

- general reasoning ability (Schunn & Anderson, 1999) 

- metacognitive skills (Veenman & Elshout, 1995) 
 
 



Thus… 

 To us, our goal of scaffolded instruction of inquiry 

processes, strategies, etc., is not equivalent to direct 

instruction of formulas and rote science facts. 

 

 We are addressing not whether direct or discovery is 

better but  
 

 How can we assess inquiry skills in real time at scale? 

 How can we scaffold these in real time? Is this effective? Do skills transfer? 
 

 

 

 

 

 

 



Approaches to assessment for simulation-based 

learning 

1) Knowledge engineering from theory (Gobert & Koedinger, 2011, 

2013) 

 

2) Machine learning/educational data mining (top down & 

bottom-up) (Sao Pedro et al, UMUAI, 2011; Gobert et al, 2013) 

 

 



1) Knowledge Engineering 

 Human writes rules of what it means to demonstrate skill 
– E.g., Designing controlled experiments => Sequential controlled trials only (McElhaney & 

Linn, 2010)  

 

 Model “traces” student processes  
– Provides a qualitative, process-oriented coding each students’ inquiry 

 

 

 However, there are many ways to demonstrate this skill 
– Non-sequential trials; Run 2 repeated trials, change one variable,… 

– Play around with simulation and then get down to business… 

– NB. Students do not conduct inquiry they way we do! 

 

 

 

 



 Uses text replay tagging (Baker et al., 2006) 
– Human coders label segments of log files (clips); like protocol analysis 

– Leverages humans’ ability to recognize demonstration of skill 
 

 Machine learns rules based, in part, on student log data 
(using Rapid Miner 4.6) 
– Determine what gets coded a priori (based on learning literature) 

– Determine what it means to demonstrate skill(s) from data, not ad-hoc 

– Verify model “goodness” by testing data not used to build the models 
 

 End product: a model that recognizes skill; metrics are 
used to compare this to human-coding 

 

 

2) Machine learning/EDM 



 

   Collaborators on today’s study 
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Goals/ Research Questions 

• Can we develop valid metrics to autoscore students’ 

inquiry skills based on data mining methods? 

 (see Gobert et al, JEDM, 2012) 
 

 

• Do our algorithms built for Phase Change generalize 

to another Physical Science topic, density? (see 

Gobert et al, JLS, 2013) 

 

• Do our algorithms to  transfer to Life Science complex 

systems microworld (see Sao Pedro et al, ITS, 2014)? 

 



Why start with these inquiry skills (Test hyp & DCE)? 

 

•  …b/c of their richness and complexity 

 

• Also, these are considered, by some, to be the 

lynchpin skills of inquiry (D. Kuhn), and if these are 

“buggy”, all subsequent inquiry processes are 

confounded/irrelevant to hypothesis 

  - therefore, lost learning and assessment opportunities for subsequent 

 inquiry tasks/skills 

 

(NOTE: Designing controlled experiments to us is broader than cvs– we 

take entire data set for which hypothesis is tested and all trials during 

experimentation) 

 

 

 

 



Participants & School Demographics 

Participants 6 classes of 8th grade 

students (n=145). 

Suburban school in Central MA 

 

 < 25% of students are on free- or reduced lunch. 

 Mostly Caucasian 

 MCAS Science performance: 66% below proficient 

 

 

 



Data 

Content and Inquiry Assessments 
• 13-item multiple choice inquiry test assesses students’ 
understanding of hypotheses, designing of controlled 
experiments, and analyzing data. 

 

Phase Change Microworld (next) 

 including all log files 

 

Density Microworld 

 including all log files 

 
 

        

 



State Change Microworld 

Students 

sets their 

variables. 

 

All 

student’s 

actions are 

logged. 



Driving Question 

Find out how each ivs (below) affect the dvs: 

       Independent Variables: 

- size of the container  

- amount of substance 

- level of heat 

- cover status 

 

 Dependent Variables: 

- melting point of ice  

- time ice takes to completely melt  

- boiling point of water 

- time water to completely boil  

 



Inquiry skill: Make a hypothesis 



Inquiry skill: conduct an experiment- Task 1 (Trial 1) 



Inquiry skill: conduct an experiment- Task 1 (Trial 2) 

 



Inquiry skill: interpret data from table 



Inquiry skills: interpret data & warrant claims with data 



Inquiry skill: communicate findings (not discussed here) 

• Explanation prompts based on work of M. Chi, ‘94; Gobert, ‘97, ‘05. 

• Explaining supports long term retention, Sao Pedro & Gobert, 2009 



Our main use for educational data mining 

 Study what log features are critical for 

assessment and prediction for a 

particular skill,  
– In turn, can provide information about the underlying construct  

 



1: Change Hyp V

2: Change Hyp DV

3: Change Hyp rel

4: Add Hyp

5: Hyp->Exp

6: Change Heat Lo->Hi

7: Run

8: Reset

9: Change Heat Hi -> Med

10: Run

11: Exp -> Analyze

12: Analyze Action

13: Analyze Action

…

20: Analyze -> Exp

21: Cover on->off

22: Run

23: Pause

23: Run

24: Exp -> Analyze

25: Analyze Action

…

37: Analyze->Done

Hypothesize

Experiment

Analyze Data

Experiment

Analyze Data

Tagging, EDM, Validation Summary 

Build Text  
Replay Clips 

Tag Clips           
for Skills 

Define Features 
w Rapid Miner 

Build & Validate 
Detectors 

Collect Data 



Final feature set used for assessment algorithm for State Change 

 complete run count  

 changes to variables made when designing 

experiments 

 changes to variables associated with stated 

hypotheses when designing experiments  

 adjacent and pairwise controlled experiments counts 

(both with and without considering repeats) 

 pairwise and adjacent repeat trials counts  

Sao Pedro, et al, AERA ‘12 (BEST student paper for AERA  ‘12 ALT) 



“Goodness” of our auto-scoring techniques  

(against hand-scored log files) 

• A’ = probability of correct labeling given 2 examples (+ and – examples); 

 

• Kappa = does the predictor do better than chance (chance level = 0; 1= 

perfect)  

Testing Stated 

Hypothesis 

A’ = 0.91 Kappa = 0.7 

Designing 

controlled 

experiments 

A’ = 0.94 Kappa = 0.45 



Regarding research goal 1… 

Our detectors for State Change are very 

promising… 
 

 They can autoscore when a student is:  
– testing their stated hypotheses 91% of the time. 

– designing controlled experiments 94% of the time. 

 

– Kappas of .70, and .45, respectively, indicate that each of these 

detectors is better than chance (chance level = 0; 1= perfect). 

 

 



Goal 2 

 How well does this algorithm work to assess 

students’ experimentation strategies for 

Density? 

 

 This provides another level of validation that 

the algorithm does capture/assess the 

designing controlled experiments skill 



Density Microworld: Archimedes 

Enables students to inquire about the relationships between mass, volume, 

and density and is based on Archimedes’ principle of buoyancy. 



Differences between State Change and Density activities 

In Density,  

• Students write hypotheses and analyses in 

open response boxes 

 -- no inquiry widgets were present in this activity at this point.  

 

• Students engage in hypothesizing only once.  

 
Thus, different pedagogy; will it lead the same features be “found” 

to autoscore log files? 

 

 

 



1: Change Hyp V

2: Change Hyp DV

3: Change Hyp rel

4: Add Hyp

5: Hyp->Exp

6: Change Heat Lo->Hi

7: Run

8: Reset

9: Change Heat Hi -> Med

10: Run

11: Exp -> Analyze

12: Analyze Action

13: Analyze Action

…

20: Analyze -> Exp

21: Cover on->off

22: Run

23: Pause

23: Run

24: Exp -> Analyze

25: Analyze Action

…

37: Analyze->Done

Hypothesize

Experiment

Analyze Data

Experiment

Analyze Data

Applied same methodology 

Build Text  
Replay Clips 

Tag Clips           
for Skills 

Define Features 
w Rapid Miner 

Build & Validate 
Detectors 

Collect Data 



Correspondence between hand scoring & our auto-

scoring technique for Density 

• A’ = probability of correct labeling given 2 examples (+ and – examples); 

 

• Kappa = does the predictor do better than chance (chance level = 0; 1= 

perfect)  

Designing 

controlled 

experiments 

A’ = 0.82 Kappa = 0.55 



Regarding research goal 2… 

 Algorithm can autoscore when a student is 
 

– Designing controlled experiments 82% of the time for Density 

– Kappa of .55, indicate that each of this detector is better than 

chance (chance level = 0; 1= perfect) 

 
 

• The same eight features were found to be best to 

auto-score students’ experimentation strategies for 

density as state change 

 - providing evidence that the algorithm captures/assesses the skill 

 

 

 

 

 



Discussion regarding skill assessment 

 Using these methods, we have 

– Developed an assessment for science inquiry (some skills), an ill 

defined domain. 

 

• Unlike other knowledge engineering approaches (cf., Chen & 

Klahr, 1999), which are either too stringent or too lenient, we are 

able to differentiate whether a student knows now to design 

controlled experiments 

 - even when the student chooses not to conduct sequential trials.  

 

 



Cont’d 

 Important to note-- Phase Change and Density, are 

both Physical Science domains  
– the underlying causal models typically involve one iv and one dv; linear 

relationships. 

– these perhaps increased the generalizability of our detector. 

 

 Will algorithm transfer to domains where causal models are 
different? E.g., Life Science activities (e.g., Ecosystems) 

– particularly for designing and conducting experiments because the 

simple control of variables strategy (cf., Chen & Klahr, 1999) is not as 

clear cut. 

– I have some data on this (Sao Pedro, Gobert, Betts, 2014) 



Assessment Implications: Scalability 

 Automatic, rigorous scoring of inquiry processes  
– more efficient than hand-scoring  

 

 Transferability permits scalability 
– generalizability to new students not used to build model 

– generalizability to new domains without re-training the 
machine learned models 
 

 Approach has the potential to inform the design of 
future assessments for science inquiry skills (Mislevy et 
al, 2012).  

 



Also contributes to ITS literature 

 Contributes to intelligent tutoring for science  

 
– the bulk of which has been done in WDP e.g., math (Koedinger 

& Corbett, 2006),  & programming (Corbett & Anderson, 1995),  

 

 We contribute to ITS for science, some prior work 
here is: 

  
– Koedinger, Suthers, & Forbus, 1999 

– Schunn and Anderson, 1999  

– (both of which use knowledge-engineering) 

 



Digital production & revision 

 lowers costs 

Other benefits of this approach 



Other current work by SLINQ group 

 
 Developing assessments for all other inquiry skills for three 

domains: Physical, Life, & Earth Science 
 

 Implementing real time scaffolding for all inquiry skills in all 

domains using REX, a cartoon dinosaur 

 

 Detecting students’ eye tracking patterns and guides 

knowledge acquisition patterns 

 

 Identifying & detecting disengagement in students’ learning 

using EDM 

 

 Developing microworlds & assessments for Engineering 

middle school- UG 
 

 
 



 

Thank you! 

 
 

• See Youtube, Janice Gobert 

• MIT MooC this fall  

• For papers, see: http://slinq.org 

Or contact me at: jgobert@wpi.edu, 

janice@apprendis.com 

•   Thanks to NSF & IES * 
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