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» \We were interested in seeing how machine learning could be applied Student agency Student Uncertainty
to educational research contexts. This collaborative project brought Research Questions: How often are experimentation decisions Research Questions: what do students do when met with uncertainty?
together cognitive and learning sciences, STEM education, and justified in the lab notes”? How often are these decisions based on past Is there a correlation with uncertainty and how much conceptual
machine learning experts from both Tufts University and Cornell data analysis or existing observations” How often are decisions based diversity they cover?
University to experiment in the use of machine learning algorithms in on theoretical assumptions? When students consider how theory Development of Coding Scheme:
understanding student’s lab reports and lab notes. iImpacts their experimental decisions, are they attempting to confirm or > Started from data looking at the different concepts student chose
» Benefits of this novel utilization of machine learning include being refute a model, do they have a more neutral stance, or are they to research, specificity of claims, where they got their data, and
able to greatly expand the scope of learning science’s research by perhaps attempting to discover a new model? How do these forms of how they evaluated the quality of their conclusions.
sifting through significantly more data at higher rates. justifications vary across units and time? > |nitially hoped to characterize “what students’ were up to” by
» Analysis of student’s reports rooted in literature on grounded theory Development of Coding Scheme: following how the research question developed across the paper
and framework analysis. While very data-driven and largely bottom- » Started with three categories: procedural decision making, but the scope became unreasonable to capture in one scheme.
up, there were key questions that informed what the researchers epistemic decision making, and other (e.g. emotion and hedging). > Finally focused on uncertainty as a topic of inquiry, analyzing the
looked for in their qualitative analysis such as focusing on » We cut the other category and focused on students’ justifications source of the uncertainty and how students chose to account for it.
justification (physics) and instances of uncertainty (biology) when of procedural decisions and interpretations of results. Implementing Coding Scheme:
students constructed arguments. » Finally, we cut the interpretation of the results section, although it > Characterized types of uncertainty/certainty:
was interesting, the scheme was too comprehensive for one round = Uninterpretable vs interpretable pattern
e of analysis. = = Contrary vs consistent to hypothesis/theory/expectation
Croundad | Frameowork . g/lolserlclzlggment vs alignment between multiple replicates or data
— Completed Analysi — S u
ekl | e op Down mo - e == » Characterized reactions to uncertainty:
o "‘""’"“':’"fngmm == —n * Proposing an interpretation/explanation
Obeeriaion. = Loy = Articulates expectation
== T = Articulate research question
» Made note of explicit actions students carried out in their = Concludes by supporting an idea
» Physics Lab Notes experiments. = Concludes by rejecting an idea
VR S » Characterized justifications connected to those actions as " ldentity possible source of error
o e o P R S e g e s » Assuming theory: A justification based on one or more " Proposes new experiment or modification
™ | Theory cause GEESR—s coused s 1052 e of e e crghl hal e et > creel & new ki ox e hak S0 co Gy, assumption about how a model works
Assumpuors- Because we were seeing marked uncertainty in the incremental degrees, and we wanted to try and get at a larger model for the k-values as L, . . . .
v | Completed Ansiyis or Obesrvation O DA 1 S M S MO = Explaining theory: Justifications for the aim to confirm a model,
ST roase . ot vy oo o T A D b refute a model, or develop a novel representation “
o [ chengad s messuremart o be ny 17 cn En— = Based on previous data: An argument is made using evidence
= Pt v ey g o eeumenf 5 g sk o s s o e that has already been observed or analyzed » Coded 160 physics notes
Experiment - driven suggested. But, when the measurements showed a high degree difference from the model, being the lowest k-value on record, we had to . . . o . . e . . - .
v | Theory e oo » Based on experimental design: A justification that a particular » Initial findings demonstrate the ability of the machine to cluster the
:;f’:’: P el and fo v hoded 110 ng 4 G AT 1) B Ko f 0 LDk action was taken to fulfill some experimental purpose or physics notes by unit and structure
} Neutral/Refute Resulrs;emenewdls:;buﬂonofk |OgiStiC8| need
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Until approximately generation 35, the high mutator and the low mutator appear to be evenly matched, as both the blue and the red lines on the top-left graph
¢44 *° hover around 50%. Then, the high mutator strain in the red appears to develop a mutation which increases its fitness, thus allowing it to outcompete the blue " . "
{{ LLL *7" strain of low mutators. We found that the simulation output was incredibly sensitive to its input; for example, a slight decrease in metabolic-benefit and a = the justification something Is the action caused by > U Se ma Ch Ine I earnin g a I g O rlth ms (tO be d eve I O ped ) tO ana I yze
r 22 slight increase in lethality in the example above would likely yield drastically different results. Regardless of what the parameters are, though, most e foung whils collecting dats o .
999 . i Range: 4404-4743 User: saldrich in the image above, in that the two strains coexist for several generations until one strain eventually - g L s L P h YSICS data further

{{ L 0 Interpretable pattern and that after one strain has dominated the other for many consecutive generations, the population of the

- opposite strain to repopulate and then take over as the dominant strain. The lack of stability in these sorts

d » Finalize bio codes and run it through machine
0 ation rate is ultimately better than the other; instead, the performance of each strain depends heavily on the _Yes — o S of & aualitative N . . .
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