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Goals

o Highlight the importance of student reflection in learning data science
and engineering via IDLE modules

o Propose a solution to address the lack of built-in reflective activities in
existing IDLE modules

o Demonstrate the effectiveness of embedding reflective activities

0 Learn more on additional reflective activities that can be embedded into
IDLE modules

o Learn more on proper assessment approaches/tools
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Problem with typical IDLE modules for data science and engineering education (71'1 e e
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{x} We start by demonstrating how Figure 7.1 can be reproduced. Let's begin by loading the data.

o o Lack built-in reflective

y = Wage[ 'wage']

O age = Wage[ 'age’] aCtiVitieS

Throughout most of this lab, our response is Wage[ "wage'], which we have stored as y above. As in Section 3.6.6, we will use the poly() I:l Leamers Often Scroll

function to create a model matrix that will fit a 4th degree polynomial in age.

[ 1 poly_age = MS([poly( age', degres=4)]).fit(Wage) and glance through
M = sm.0L5(y, poly_age.transform(Wage)).fit() . ®
summarize (M) Wlthout muCh reﬂectlon
coef std err t P>|t] On What they are

intercept 111.7036 0.729 153.285 0.000

poly(age, degree=4)[0] 447.0679 39915 11.201 0.000 leaming

poly(age, degree=4)[1] -478.3158  39.915 -11.983 0.000

[}

poly(age, degree=4)[2] 1255217  39.915 3145 0.002

poly(age, degree=4)[3] -77.9112 39915 -1.952 0.051

This polynomial is constructed using the function poly(), which creates a special transformer poly() (using sklearn terminology for feature
<> transformations such as pca() seen in Section 6.5.3) which allows for easy evaluation of the polynomial at new data points. Here poly() is

referred to as a helper function, and sets up the transformation; roly() is the actual workhorse that computes the transformation. See also the 3
= discussion of tfransformations on page 129.




Role of reflection in learning

o A critical component of experiential learning

o An essential process that solidifies the connection between what a
learner experienced and the meaning/understanding they derived from
that experience

“We do not learn from experience. We learn

from reflection on experience”
— John Dewey
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Proposed solution
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We start by demonstrating how Figure 7.1 can be reproduced. Let's begin by loading the data.

[ 1 Wage = load data('Wage")
y = Wage[‘wage"]
age = Wage['age']

Throughout most of this lab, our response is wage['wage' ], which we have stored as y above. As in Section 3.6.6, we will use the poly()
function to create a model matrix that will fit a 4th degree polynomial in age .

[ 1 poly age = MS([poly('asge’, degree=4)]).fit(Wage)
M = sm.0LS(y, poly_age.transform(Wage)).fit()

summarize (M)

a4 coef std err t Pyt
intercept 111.7036 0.729 153283 0.000

poly(age, degree=4)[0] 447.0679 39915 11201 0.000
poly(age, degree=4)[1] -478.3158 39915 -11.983 0.000
poly(age, degree=4)[2] 1255217 39915  3.145 0.002
poly(age, degree=4)[3] -77.9112 35915 -1952 0.051

/Questic:n: How many terms, including the intercept term, are included in the model m? (Hint, you c%

see from the summary above, or you can run M.params to find out)

Question: What are the actual input variables (i.e., predictors) that are used in the OLS fitting?

v (Hint: based on the code above (M = sm.0LS(y, poly age.transform(Wage)).fit(),
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o Embed reflection
activities into IDLE
modules

o Provide hint whenever
necessary

Jse the poly()

o Encourage learners to
get their hands dirty

hinology for feature
5. Here poly() is
mation. See also the

\ poly age.transform(Wage) is the actual input. Run it to find out.
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CHEN 5970/6970/6976 Big Data Analytics and Machine Learning
in Process Industry

o Totally 14 students: 7 in Control group, 7 in Experimental group,
randomly assigned by Canvas.

0 Totally 9 lab modules
o Control group use the original modules come with the textbook
o Experimental group use the modified modules with embedded reflective activities

o Each modified module has 10~20 reflective activities
o The effectiveness was accessed by in-class quizzes

o Embedded reflective activities are not directly related to quiz questions
— always check to avoid direct linkage
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Experimental group used No 1nterventi0n — all used Experimental group used
modified modules textbook modules modified modules




CHEN 5970/6970/6976 Big Data Analytics and Machine Learning TFA
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m Control  ®m Experimental
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together. I
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Takeaways

0 Students learn from reflection on experiences

o Not superficial scroll/glance through experiences — not good 1f you see a student
only scroll their mouse without touch their keyboard

o Need to get their hands dirty — try different (hyper)parameters, see how results
change, get bad/unreasonable results, even break the codes and get error
messages...

o Embedding reflective activities into IDLE learning modules 1s relatively
easy and 1t works!
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