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Establishing multiple contexts for student’s
progressive refinement of data mining

David Kwartowitz, Sean BropHy N. Horace Mann If

Abstract - Students’ systematic investigation of challenges dm
different perspectives provides a richer learning gperience than
lecture and traditional book based learning. Studets in a course
in Data Mining, which was taught through a computer science
department, were presented challenges in the fieldf Biomedical
Engineering in addition to text book problems thattargeted a
variety of domain areas. The combination of focusednquiry

around two contexts provides students with multipleexamples to
apply and differentiate their knowledge. This paper presents
preliminary results from this pilot implementation of the
instructional method and next steps for the courseffering in the

spring semester.

Index Terms—Interdisciplinary, Crossing Domain Areas,
Computer Science, Biomedical Engineering
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knowledge about a field with which they are unfamiliar. This
underlying goal of cross domain teaching will help thelsis

in future interaction with domain experts and with other
engineers working on the same project.

An important aspect of this multiple context appnoac
educating students to be able to realize what information they
do not know and need to find. For a learner, understgndin
what they do not know can sometimes be as important as
understanding what they do know [2] [3]. The ability to
formulate questions to either be asked of a domain expert or
found in a reference is paramount to the ability of a stutden
use their knowledge in contexts outside of their current
knowledge. The field of data mining is of specific interfest
presentation in this interdisciplinary motif because oftttead
focus in which it can be implemented. Data mining is a general
field with applications in multiple contexts such as medicine,
consumer

Engineering and computer science are fields that continualyofiling, and information management. Data Mining involves
require interdiscip"nary Support to achieve the goa|s ofr théhe implementation of traditional statistical models to ralost
projects. Therefore, instruction needs to include experiencéata thus meeting the needs of clients.

that prepare students with the skill sets necessary to manage

project that contains unfamiliar domain knowledge. While
there is some trend to teach certain courses using real w
examples, this trend has not spread far enough and soime o
strengths of this technique have not yet been realized. M
courses taught using real world examples tend to choo

arfd> ) _— :
cofalistics or were taking statistics concurrently with taead

examples from a scattered number of domain areas

approach the examples as singular experiences as oppos
building an understanding of the underlying concepts.avée
learning
experience in a cohesive set of example sets that continuall

researching the benefit of anchoring students’

help reinforce their ability to make sense of a particulanalo
area.

Exposing students to a more focused set of challevigieb

build around a central theme can be shown to help stude
gain a grasp of concepts with respect to the theme |

Application of this model will help students to learn subject

being taught with a context of the model or examples bei
used to demonstrate the subject. This exposure of stuaent
examples from a different domain area from the general subj
of the course can prove beneficial in teaching studentsniypt o

the domain areas, but techniques in which they can gain
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?ﬁhe course was taught for the first time in Fall 2003 and

sisted of seven fourth year Computer Science students.
g(]ase students had minimal background in data mining and
a analysis prior to enrollment. Some had already taken

mining course. Only a few had experience with databases.

The course was offered as a technical elective and the
stﬁdents were informed before they registered that a differen
instructional method was going to be used in the couldee
course was designed to implement the theories presented in a
National Academy of Science report called How People Learn
HIL [4], in concert with sections taught in a traditiod#actic
yle. The original instructional design planned to use dat
lining techniques for analyzing medical records (predicting
identifying gene sequences (categorization

ethods) and
ggpthods). Students were presented with challenges in which

y were given the opportunity to explain what they knew
about the problem, then compared and contrasted various data
mining methods to identify the strengths and weaknesses of
each analyzing the specific problem.
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most of their time making decisions about how to prepage th
The assessment scheme in the course was to have studdatesfor analysis and analyzing the results.
complete a pre and post test for each major subject area We are now in the process of identifying more case
covered. The pre- and post-assessments were designed t@xamples within bioengineering that we can use to anchor
similar in order that the pre-assessments would guide theidents experiences with data mining techniques. Since
students to the important questions to be answered a&and WEKA was not available we needed to rely on the examples
post-assessments would demonstrate to students theithgroprovided in the textbook to provide the context for the
overtime. Students were also presented with a series kofowledge the students were learning to apply [7]. The
challenges which led to a "grand challenge.” The "granihterviews with the students indicated that these examples d
challenge” was chosen from the field of biomedicahot provide the cohesiveness we are looking for in maltipl
informatics, examining medical and diagnostic records aontext of the content. The students found the WEKAnpta
patients who were suspected of having breast cancer. Tdrel breast cancer case extremely compelling and wanted more
students were provided various information from thef that sort of exploration early in the semester. Ourt nex
Wisconsin Breast Cancer Database [5] which contains recomféering of the course consists of a series of learningitetv
of patients from the University of Wisconsin, Madisofhe that progressively lead students through the process of
students were provided with a tool called WEKA [6], ammop preparing data for analysis, performing analysis, and evaduat
source data mining application, which provides a collection d¢ifie robustness of the analysis.
different data mining techniques packaged under a common
Graphical User Interface (GUI). The GUI is fairly intuitivedan V. BKNOWLEDGEMENTS
well received by the students. This tool was chosen bedause
allows the students to interact with the various data minifthis project was supported by the Engineering Research
techniques minimal financial and academic overhead. Stude@snters Program of the National Science Foundation under
were interviewed following the class. Using a think aloudward number EEC- 9876363.
protocol, two students were asked to solve a challemgiasi
to the "grand challenge” related to predicting breast cancer. REFERENCES
Because data minin_g contains my”ad techniques’ the ability 9 Cognition and Technology Group at Vanderbilhe Jasper Experiment.
students to determine the optimal technique for the probl€ifjsqale NJ: Lawrence Erlbaum, 1997.
which was presented to them is [2] J. Bransford, Human Cognition: Learning, Understanding, and
essential to the diagnosis of their understanding of iid. f Remembering Belmont, CA: Wadsworth, 1979. _ _
These interviews were conducted in the Spring of 2003 af@ .J. GreenolTrends in the theory of knowledge for problem solving. Hillsdale,
. . . . .. : Lawrence Erlbaum, 1980.

the students were given time In which theV were not vaug [4] J. BransfordHow People Learn, expanded ed. National Academy Press,
the material on a daily basis. The main purpose of this evaszboo.

examine both what they learned and what they retained. [5] C. Blake and C. Merz, “UCI repository of machifearning databases,”
1998. [Online]. Available:

http://www.ics.uci.eduwmlearn/MLRepository.html
1. RESULTS AND DisCussION [6] I. H Witten and E. FrankData Mining: Practical Machine Learning Tools
and Techniques with Java Implementations. Morgan Kaufmann, 1999.
The first implementation of this course provided an irtgo@r [7] J. Han and M. KambeBata Mining: Concepts and Techniques. Morgan

pilot test of our hypothesis and identification ofuiss and Kaufmann, 2000.
opportunities for refinement. The pre-tests indicatediesits
awareness of data mining methods used for consumer
marketing questions such as predicting consumers potémtial
spend based on their buying profiles, but were not awatteeof
application to biomedical engineering situations. Only glu

of the students could differentiate the concepts of data,
information, and knowledge. By the end of the courset wios

the learners could define these terms well in general terms. Our
original goal was to have students use a server delivered
version of WEKA to compare and contrast various data mining
techniques for biomedical contexts. Numerous technical
problems minimized the performance of this system making it
unusable for the students. Therefore, many of the assigism
had to be completed by a traditional approach of working out
small problems by hand. Late in the semester a desktopersi
of WEKA became available. Students used this version to
complete an end of semester project that asked them to
compare and contrast three data mining techniques to analyze
the Breast Cancer Data set. Students reported having little
difficulty understanding how to use the software andnspe
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