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Machine Learning and the Perils of ProI

labelling help, and explanatory captions, I
did not know what I was looking for or at
in the three different student designs. As a
result, I was unable to make comparisons
from one solution to the other.

«9» I see in Figure 1 there is a reflec-
tion space for students to make comments
on their own work using multiagent mod-
elling. I wish we had learned more about
these. In constructionist projects, all par-
ticipants should be acknowledged as actors
in research and learning. They are all part of
the same narrative. In an exploratory proj-
ect like this one, student voices are essential
data and must be recorded and reported on.
Why bother to include a space for student
comments and then not include their ob-
servations in the final results?

Narrative wrap-up

«10» I said at the outset of my com-
mentary that the article by Hjorth and
Wilensky is important. But perhaps I should
have said potentially important: potentially,
because although important things are
hinted at, they are never quite revealed. The
technical tool certainly warrants attention,
but without being privy to some of the hows
and whys mentioned previously, I found it
difficult to evaluate the nature of concept
changes being explored. Here we have no
narrative account of the methodology either
from the researchers’ point of view or from
the students. Without this complementary
perspective, we are getting an incomplete
picture of the experiment. For a very good
introduction to the benefits of narrative ap-
proaches, see Brian Schiff (2017). The best
methodology for constructionists should
include both qualitative and quantitative
techniques in the same narrative.
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> Abstract - Horth and Wilensky have
taken an important first step in in-
troducing a new method for captur-
ing changes in student thinking, one
that draws from the field of machine
learning. However, | argue that there is
much work to be done by educational
researchers, as we seek to understand
how best to apply methods from ma-
chine learning, and to appropriately in-
terpret the results they produce.

Introduction

«1» Arthur Hjorth and Uri Wilensky’s
target article describes work that makes
multiple contributions to educational re-
search. These contributions include, for ex-
ample, the development of a novel simula-
tion environment and an associated social
studies curriculum, both of which are well
grounded in prior research. As the authors
indicate (§1), the design of curricula for
social studies is an area that is understud-
ied. However, the authors clearly intend for
the main contribution of the target article
to be the presentation of a novel analysis
method. Thus, it is there that I focus this
commentary.

«2» The authors’ analysis focuses on
student responses to one short written
prompt that students were given before and

after the curricular activities (§28). In re-
sponse to this prompt, each student wrote a
short response. These responses were then
coded by the authors in terms of a set of
“causal nodes.” Finally, the authors used As-
sociation Rule Mining (ARM) to identify a
set of rules that connect the causal nodes.
It is this last piece — the use of ARM - that
is the most novel aspect of this approach.

«3» There is much to be admired in
this novel approach. In essence, what we
are seeing is the use of a technique from
machine learning to create a new type of
quantitative method, one that is intended
for use with the sort of data that is often
produced in studies of student learning.
This new method is akin to traditional
quantitative methods in the loose sense
that multi-step mathematical algorithms
are used to reduce complex data to a rela-
tively small number of values. However,
it is unlike most traditional quantitative
methods in an important respect: meth-
ods from machine learning are intended
for data exploration and pattern discov-
ery, rather than hypothesis testing. In this
way, these new methods may surprisingly
be better suited to the aims of researchers
who have, in the past, found themselves
more drawn to qualitative methods than
traditional quantitative methods (Sherin,
Kersting & Berland 2018).

« 4 » However, because the use of this
sort of data in our field is new, there is lit-
tle in the way of conventions, established
ground rules, or rules of thumb to guide
the authors’ analysis, and our own read-
ing of their work. We do not yet know,
for example, how much data is sufficient
for an analysis, what counts as a “striking”
pattern, and what values of measures are
small, and which are large. Without these
existing conventions and rules of thumb,
the authors have had no choice but to in-
vent them; when faced with a choice, they
had to make their best guess.

«5» Given the newness of the ap-
proach, this is exactly what the authors
should be doing. However, it is worth tak-
ing the time to reflect on the authors’ deci-
sions, and to start laying the groundwork
for shared conventions and rules of thumb.
This will also help us to decide what we can
conclude from the particular results pre-
sented in the target article.
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Identification of rules

«6» I begin with the process whereby
the authors identified “interesting” rules.
In this regard, the key passages are in §48
and §49. Here we are told that the authors
initially identified 433 rules. They then nar-
rowed the set to those 47 rules that appeared
in at least seven of the 41 total responses in
both the pretest and posttest results. Next,
they used the [ift measure to further narrow
the set of interesting rules to just five. In par-
ticular, they identified rules with a change of
at least .15 in lift between the pretest and
posttest responses. To an untrained reader,
this sequence of steps might seem radically
ad hoc.

«7» Now, the literature is replete with
guidance for identifying interesting asso-
ciation rules (e.g., Bayardo & Agrawal 1999;
Lavra¢, Flach & Zupan 1999; Omiecinski
2003). However, in virtually all cases, these
techniques use multiple measures, and re-
quire the ad hoc introduction of cut-off
values. So, in that regard, the authors of the
target article are in good company.

« 8 » However, the research reported in
the target article is unlike most published
uses of association rules in that the amount
of data is quite small. So, perhaps more than
prior work, we need to be perspicacious in
our acceptance of any patterns uncovered;
we need to be careful that we are seeing
meaningful patterns, and not just noise. In-
deed, thinking about the 47 rules that sur-
vived the first cut, we would expect some
inherent variability in lift from pre- to post-
test, and thus some random variability in the
deltas that are observed.

«9» Let us look more closely at some of
the values of lift that are identified. For the
five interesting rules, lift on the posttest re-
sponses ranges from 1.17 to 1.37. It is a little
hard to know what to make of these numbers.
Are these relatively large numbers? Suppose a
rule were supported seven times on the post-
test responses, but the rule would have been
predicted to occur six times, if the causal
nodes had been independent. This gives a
lift of 1.17. Viewed in this light, the observed
values of lift on the posttest do not seem very
large, given the small scale of the data corpus.
Similarly, the changes in lift from pre to post-
test do not seem overly dramatic.

«10 » Thus, it is hard to know whether
the rules uncovered by the ARM analysis
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represent meaningful patterns in the data,
as opposed to a statistical fluctuation. Fur-
thermore, this is not a problem that is easily
solved by introducing some sort of hypoth-
esis testing (Lallich, Teytaud & Prudhomme
2007).

«11» One way to deal with these diffi-
culties is to inspect the patterns that we un-
cover, and to look to see if those patterns add
up to a coherent story, and one that makes
sense given the context, as well as human
inspection of the raw data. This sort of in-
spection is, indeed, evident in the target ar-
ticle, such as in the passages in §50 through
§52. However, all of the rules involved just
nine causal nodes, all of which were closely
related to the explanation task given to the
students. Thus, it seems reasonable to worry
that we might still be able to tell a reason-
able story about any rules involving this set
of causal nodes, in any combination.

«12 » This is perhaps the central danger
in applying these methods from machine
learning: namely, the methods are prolific
in uncovering patterns, but they are per-
haps too prolific. It is a problem faced by
most attempts to apply machine learning to
the social sciences, including my own work
(Sherin 2013). Thus, my first and primary
question is: How can we avoid the perils of
prolific pattern-finding? (Q1)

Interpretation of the rules

«13 » Assuming that we accept that the
identified rules reflect meaningful and im-
portant patterns in the data, we are then
faced with the task of understanding what
these rules mean. The authors do attempt
to assist the reader in interpreting the rules,
for example in §48. But this is an inherently
subtle business, and it is worth emphasizing
that the use of ARM in the target article is
of a very different sort than typical uses of
ARM in machine learning.

«14 » The authors tell us they are in-
terested in causal reasoning. Furthermore,
ARM produces rules of the form {a, b} 2 {c,
d}, where, in this case, a, b, ¢, and d are
causal nodes. However, I do not think there
is any sense in which the arrow in the rule
can be interpreted causally. The rules reflect
cooccurrence and predictiveness; they do
not necessarily tell us anything about the
structure of the explanation that is given.
But then how should we interpret the arrow?

Does it tell us anything about the meaning
of the rule?

«15» Note, further, that at the time of
the pretest, some of the 5 interesting rules
have a value of lift that is less than one. This
means that, at the time of the pretest, the
causal nodes on the right side of the rule are
less likely to occur than they would be if their
occurrence were simply independent of the
nodes on the left. Does this indicate some
sort of negative rule? These observations, to-
gether, lead to another question: How should
we interpret the rules? In particular, what is
the relationship between identified rules and
the students’ causal explanations? (Q2)

Conclusion

«16 » The authors have taken an impor-
tant first step in introducing a new method
for capturing changes in student thinking,
one that is drawn from the field of machine
learning. But, as I hope to have illustrated in
this commentary, there is much work to be
done within the field of educational research
as we seek to apply these new methods, and
to appropriately interpret the results they
produce.
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> Abstract - Hjorth and Wilensky’s tar-
get article describes two important tools
for helping students debug their concep-
tual misconceptions: the NetLogo model,
and results from Association Rule Min-
ing. In this commentary, | focus on these
tools’ contributions to the debugging
process, and the way they allow students
to improve their conceptual knowledge.

«1» Digital technology can be an im-
portant resource for supporting knowledge-
construction processes. Activities using
these technologies help make the concepts
and strategies learners use to solve problems
explicit. In addition, based on the results
students get, students can reflect on what

they have done in terms of the concepts and
strategies used, and, with this information,
debug misconceptions they might have.
Debugging, therefore, is an important step
towards improving and constructing new
knowledge. I found it particularly interest-
ing that the present article, though it uses
technologies in knowledge-constructing
activities, does not mention the debug-
ging process. Thus, I would like to discuss
debugging in two contexts: with respect to
the NetLogo model, and with respect to the
ARM findings. Finally, I will address the
teacher’s role in debugging activities.

«2» The debugging concept was cre-
ated within the computational area (Suss-
man 1975), and is a fundamental notion in
the development of products using digital
technologies. It is the process by which a
programmer finds and corrects errors in a
computer program. According to this con-
cept, the error is seen as a bug, and debug-
ging is the act of eliminating the bug. The
use of debugging in education was devel-
oped by Seymour Papert (1980), who saw a
learning opportunity in computer program-
ming. Finding and fixing bugs is a unique
context for learners to understand what they
are doing and thinking.

«3» Although debugging was related to
programming, this concept has been appro-
priated by other areas, such as the produc-
tion process. The Japanese created the kai-
zen (B E) concept, referring to the constant
improvement of ideas, working conditions,
and operations performance (Imai 1986).
These continuous improvements lead to the
creation of new procedures for performing
tasks and, as a result, become the source of
knowledge generation. Thus, debugging can
be seen as the motor for learning, which can
be applied in any circumstance or domain.

« 4 » However, it is not enough to create
opportunities for students to reflect upon
what they have done. It is also unlikely that
they will be able, by themselves, to come up
with appropriate concepts to fix their prob-
lems. The role of the teacher is important,
as well as how she approaches the learning
situation.

Debugging related to the NetLogo

model

«5» The use of the NetLogo model
created the opportunity for the students to

design interactive learning activities. In §25
the authors mention that the model lets stu-
dents interactively articulate a casual expla-
nation, test it, and potentially revise it. From
§26 through §29, it is possible to understand
that the articulation step refers to design and
implementation phases; testing refers to im-
proving and assessing the model’s success,
part of the data analysis phase; and revis-
ing is related to the second part of the data
analysis phase.

« 6 » The article does not go into detail
regarding the revision aspect of the inter-
active learning activity. In §56, the authors
say that they “speculated” that collaborative
simulation might have influenced the stu-
dents’ thinking. Thus, I wonder, is it pos-
sible to record the revisions students made
during model simulation so that the analysis
of these changes can contribute to an un-
derstanding of how students debug their
misconceptions related to the question the
target authors focus on in §28? (Q1) If we
are trying to understand students’ concep-
tual changes, the information provided by
the revision process is important data to be
analyzed and used for debugging purposes.

Debugging related to ARM findings

«7» The ARM findings can be seen as
important information regarding patterns
in changes during students’ construction of
causal nodes. This can be very helpful when
analyzing students’ conceptual change,
both at the individual and at the classroom
level. Yu Guo, Wanli Xing, and Hee-Sun
Lee mentioned that ARM results allow
for teachers to have important insights re-
garding students’ knowledge. According to
these authors “Such insights can be used to
improve teaching and learning, and to in-
form the design of future instructional in-
terventions” (Guo, Xing & Lee 2015: 268).
Other authors (e.g., Berland, Baker & Blik-
stein 2014) have also mentioned the use
of educational data mining for debugging
activities.

«8» If we analyze the ARM results
and the students’ responses, it is possible to
identify that there are still misconceptions
regarding geographic/spatial location, com-
muting, and desires or possibilities related
to income. Thus, the question is: How can
teachers use the ARM results to help stu-
dents debug their misconceptions? (Q2)
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