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Introduction Example Annotated Dialogue

Experiment

When students are working together solving a problem, can a
computer gauge how often they show understanding? In the
COMPS (COMputer-supported collaborative Problem-Solving)
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U1 Our experiments clustered transcript data into 20, 70 and 100
2 topics. Our best results we discovered using J48 Decision
Trees algorithm, closely followed by the LogitBoost Additive
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project, students in small groups engage in typed-chat problem- 9 9 9 '
. . . . Student A and the static variable 0 0 0 0 35317 29 738 14104 0.491555 0 0 .
solving dialogues. The Instructors can oversee and join the Example Extracted Topics &
conversations. This project applies topic modeling toward real-time | most popular words found
: . calculatePayment can only access totalCurrentMortgages since they are
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Working from transcripts we manua”y annotated dia|ogue turns it can return a value, but the method itself cant acccess anything that isnt agree (23) move (18) makes (25) principal (23) variable (16)
N : . : : Student B static 0 1 0 0 0 24418 102 -18983 1592  0.447435 0 1 (14) wrong (14) problem total (16) number (16) current
where students exhibit understanding or reasoning in the domain . (12) cool (12) explanation (15) class (15) double (15)
Of the exerC|Se In these experlments the Students were 80|V|ng Student C thats sort of accessing it or is it not? 0 0 0 13563 64 -4932 801 0.729796 0 0 Sen(slel()ll) parameters (14)
Java programming prOblemS. Then we applled tOplC mOdellng to and since the other variables arent static you cant reference them in the
automatically annotate the same turns with automatically-derived Student 8 method V= ° o 0 108 B ° '
features. Finally we trained machine classifiers to recognize the Student A it doenst ask about returning anyhting 0 0 0 0 13147 38 -6192 1261  0.731059 1 0 :
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UnderStandlng'turnS, USIng the aUtOmatlca”y'denved features' Student C i know i was confues about accessing and returning values 0o 1 0 0 0 8585 0 3860 616 0.496142 0 1
accessing a variable means using it in the method. the method can only use N
_ _ _ Student B the sttaic variable of totalCurrentMortgages 0 1 0 0 0 10529 57 3288 1032 0.461964 0 1
ReaSO n I n g I n th e D O m al n Student C so thats our answer then . 0 0 0 19382 79 2615 1228 0.726893 0 0 R eS u |tS
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The target behaVIOr IS reaSOnlng In the domaln that eXthItS SOme calculatePayment can only access totalCurrentMortgages since they are
understanding_ Even incorrect understanding counts. The manual Student B both static and static methods can only access other static variables 0 1 0 0 0 1015 3 -728 187 0.728157 0 1 o _
. n . _ J48 Decision Trees LogitBoost
annotators identified dialogue where students: S agreed 0 1 o o 263 > 19901 4 0734474 0 0
a) Utilized Java knowledge: Java Concepts prOgramming Num Precision Recall Percent Precision Recall Percent
, Student C | agree with it 0 1 0 0 37353 11 8683 18496 0.489226 0 0 TOp|CS Correct Correct
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b) Showed some thinking about the Java. Simply uttering a [Legend for transcript header] (Do we want to keep U0 and U1? or just U?) 0 730% 332% 71A%le7s%  454%  72.3%
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Topic Modeling

Software Processing Overview

Transcript data includes the text from which topics are

It can be noticed that, as the number of clusters (topics) usec
Increases, the Precision seems to decrease while the Recal
Increases, and the overall percentage of correctly classifiec
Instances remains roughly constant.

Transcript data instance extracted, as well as the additional annotated attributes Receiver Operator Curve
(some by hand and by calculation) from the transcript as Transcript data ].. (J48: 20 Topics) Area under curve =.64
calculatePayment can Bocess totalCurrentMortages, but seen above. o
E"’[””'ﬂf_m steto I =nd [— Name/Entity recognition is applied to the transcript text SE
B to remove unhelpful data (i.e. the names of students, as N I I
Eﬁﬁiﬁi!iéi they address each_ other). This issue_s tha_t topics do not
form around a subject based on who is being addressed.
s - The Topic _I\/Io.del Intakes a.s_tring of cle_aned text, _and
| outputs a distributed probability of how likely the given
text contains each of the predefined themes, which
becomes our primary feature vector.
. . Understanding Feature Set
Topic modeling is a clustering algorithm commonly used to analyze The Feature Label, also called a class variable, this is ¥
the thematic meaning of large volumes of unlabeled text. what we are trying to classity with our model, and Is the Feature Label: Topic Probability - Attributos
A COMPS dialogue transcript can be thought of as a collection of S BERE Ponent I/ prediction. (Fer trainingjsitlis understanding gy Distribution Feature Vector , , |
already defined so that the system may learn. This 0.34 0.55 0.76

mixed topics, each dialogue turn contains some of these topics. The
topic modeler uses Latent Dirichlet Allocation (a probabilistic model)
to discover collections of words that tend to occur together within the
same dialogue turns. One topic Is a probability distribution over
words.

system aims to predict cognitive reasoning In the l
learning domain.
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Each dialogue turn is modeled as containing a mixture of the topics.

The intuition behind this work is that the words used together during
reasoning in the problem domain may be discovered as topics.




