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Teachers, school administrators, and researchebéerx have started a collaborative effort to e
educational data from schools to target the indi@icheeds of students in the classroom. In thiepape
report on our observations of using a data drivethodology to individualize education. First, wedliss the
common types of data that schools now collect &eddifferent types of actionable knowledge thatldde
valuable to students, teachers, principals, distsiate and national administrators. We also disauays that
data mining and analysis can 1) provide guidancedoh individual student, 2) suggest temporargteting of
students for targeted instruction, and 3) combaa drom multiple tests with demographic and ofhetors to
separate the effects of curriculum and teaching@és from uncontrollable factors that affect stadearning.
We welcome academic collaborators, who can worlh wi$ to find solutions to challenges in mining of
educational data.
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1. INTRODUCTION

Improving the quality and effectiveness of eduagatoan issue of high priority to nations
across the globe. In the US, both the general pusid the policy makers have shown
renewed interest in improving education throughgpaims such as Race to the Top and
No Child Left Behind. Along with these policy refos, there also have been substantial
technology enhancements in the classroom. Instéaeating the classroom as a black
box, there is serious effort to understand the ohios and the inner workings of this
complex system [Black 98]. Standardized tests, igign be indicators of the strengths
and the weaknesses of the students, are being istenéal in the classroom. Curriculum
based formative assessments are growing in populamong schools. These
assessments can be used to gather highly granulatdythat describes each student’s
zone of proximal learning which, in turn, informssiructional changes. Black et al. in
their influential publication on the advantagesfaimative assessment [Black 98] point
out that they know of no other way of raising stis$ for which such a strong prima
facie case can be made. Professional Learning Gmities [Hord 97] are being
developed for the educators to encourage datarddeeision making and sharing of best
practices.

The combination of the policy and the technologharements along with other
factors such as global competitiveness and the gm#ion of an innovation driven
economy, have created a tipping point for both dpportunity and the need to
individualize education, i.e., customizing the teag experiences according to the
individual needs of the students. At Xerox Reseavel have an ongoing project that
complements the existing paper workflows in theosth and helps them to gather,
manage, and store fine grained data on studenbrpmhce. We also have started
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extensive data mining of student performance orh baimmative and formative
assessments from local schools. We believe thabmpining information from multiple
sources and by analyzing highly granular perforreashata, deep insights that can help
understand the instructional needs for each studanbe extracted.

Many of the challenges facing those involved incadional data mining is also
shared by the broader data mining data communisirjBach 03], e.g., there has been
an explosion in the amount of data that is avadlabhta is high dimensional because of
integration from multiple sources, and the usehttgrns are masked by several layers of
noise. The popularity of formative assessmentsfimdber exacerbated this problem as
data is more granular and is being collected moeguently. A unique aspect of
educational data mining is that there is a hienaroh end users for the actionable
knowledge that could be extracted from educatiatah. At the first level, there are
students who could assess their own performanceder to identify their strengths and
weaknesses. At the next level, teachers could aigise®ffectiveness of their instructions
and adjust their lesson plans accordingly. The @lchdministrators, who are at the next
level, could perform an internal appraisal of tlegfprmance of their classes at the grade
level and at the same time could compare the paence of their schools with other
similar schools. Finally, the district and the stével administrators could detect and
proactively fix system-wide problems. Thus, thoulglé underlying data is the same, the
analysis and the reporting has to be customizedtferusers at each level in this
hierarchy for it to be truly actionable. Ultimatelhe goal of all users of the data is to
address the needs of the students. Fig 1 showsdterchy of end users for data mining
in education and their knowledge requirements.
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Fig 1: The Education hierarchy and the knowledgeirements

Recently, there has been a lot of interest in thdiéial Intelligence and Machine
Learning community to mine data from an educaticsetting [Aleven 06, Baker 07].
The focus of much of the work in this field has e cognitive tutors, educational
software technology, modeling student learning, &m@casting student performance.
The focus of our work is on mining data that is muwore closely tied to the school,
curriculum and students. The purpose of this papetwo-fold: First, to share our
experiences working with students, teachers andrastmators in order to identify their
problems that could be solved by a data driven atgitogy, and second, to invite open
innovation partners, who would be interested itadxarating with us to find solutions to
these problems. The reminder of this article isaaiged as follows: Section 2 describes
the common types of data that schools are curremtlgcting on student performance
and newer varieties they could collect. In Secti®nae present challenging issues facing
students, teachers, parents and administratomne $oeliminary thoughts on data driven
methodologies that can be used to tackle theselggnabare also discussed. The final
section summarizes this paper and articulates extrsieps.



2. STUDENT DATA

In recent years, there have been drastic improvenierthe scope and the extent of data
collection and management in schools. Student mmfdion Systems (SIS), which
originated as electronic grade management systamsiew collect information related
to student demographics, attendance, health, disejpetc. The SISs can also store
results of as many assessments as the schoolsecttoadminister and enter. They have
become data warehouses ripe for mining. The oppityt for the educational data
mining community is that we have ready access ta tteat can help explore how student
performance might be impacted by information alyeadllected as noted above, e.g.,
student demographics and attendance, in highly @agnd non-obvious ways.

Standardized tests are widely used by schoolsetatify the areas that they need to
focus on, for their students to graduate. Thests tae deliberately designed to be
predictive of future student performance. Howetleere is no single test which is a true
and representative indicator of the student perfowe. So, the schools administer
several different tests from multiple testing adesat different points of time over the
school year. The test scores from these agenaesoasolidated with the hope that some
consistent patterns will emerge from the amalgadhd#&ta. Fig 2 shows the consolidated
test scores for the students at a single grade. laltestudent and test names have been
redacted for the purposes of privacy. The probleth the consolidated data is that it has
high dimensionality and it can be noisy. Becausthefhigh dimensionality, it is hard to
find significant patterns in the correlation of thi@ident performance that are consistent
across multiple tests. Also, different tests migatmeasuring different attributes of the
students e.g., some tests are strongly math odewntigile others could test both the math
and language skills. Data mining techniques tharate on the latent attributes of the
students that are derived from the test scoresduoelimore accurate than the techniques
that operate on the raw test scores.

Students, Scores

Fig 2: Consolidated test scores for students atglesgrade level

A growing number of school districts are also adapformative assessments to
measure student skills in core subject areas tiautgthe school year. Fig 3 shows the
results from formative assessment for the studengssingle class. The main benefit of
the formative assessments is that the teacheranget timely feedback about the
effectiveness of their instructions and can adihbstr instruction plans accordingly. To
the data mining community, the availability of figeained data is both an opportunity as
well as a challenge. By analyzing highly granulatad it is possible to detect actionable
and otherwise non-obvious patterns of interest. &l@m, the patterns might be hard to
detect because of high dimensionality of the data.
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Fig 3: Results from a summative assessment: Gegrsents a correct response. Red and orange denote
incorrect and skipped responses respectively.

2.1. Example Application — Co-clustering from Studet Assessment Data

Clustering of students, based on their performgratéerns, is a common application of
student assessment data. In a typical classrodferatit student groups have different
learning needs and clustering can help identifge¢hgroups. However, the limitation of
classical clustering algorithms (e.g. K-means, &fiehical clustering) is that they can
only identify student groups, but not the learnimegds within the group. Co-clustering
based approaches can be used to simultaneoustyvdisstudent clusters as well as gaps
in their learning (e.g. a set of questions that $shedents answered incorrectly or a
specific concept which a set of students could master). In order to identify the co-
cluster from the data, we first represent the i@tahip between students and items as a
bipartite graph, where edges are drawn betweeundgst and an item only if the student
performed a mistake on the item. The bipartite lgrégp then transformed into an
adjacency matrix, which can be highly sparse. $pedecomposition techniques are
used to identify dense regions of the adjacencyimdthe “Spectrum” values of a graph
are the Eigen vectors of a graph ordered on tlengtin of their corresponding Eigen
values. The spectrum provides valuable insights the connectivity of a graph. After
the spectrum of a graph is identified, clusterinigosthms can be applied to
simultaneously identify a set of students and teens on which they had performed
mistakes. It is also possible to apply hard clusteon students, to first divide them into
disjoint sets, and then apply soft clustering emi, in order to assign the same items to
multiple student clusters. An example of co-clustdiscovered from student data is
shown in Figure 4.
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Fig 4: Two co-clusters discovered from studentqrenfince data on an assessment



3. KNOWLEDGE DISCOVERY FROM EDUCATIONAL DATA

In this section, we provide a few examples of aahlde knowledge that can be
extracted from the student achievement data. Weeal#borate on the types of problems
that the discovered knowledge would help addresdffe various agents involved in
education.

3.1.Students For most students, a better understanding ofr teiengths and
weaknesses can help them stay motivated in thedfalarning. A feedback on
their problem areas and a set of specific intef@antecommendations would help
them take the necessary actions to redress theigdbsir learning. However, in
the “one teacher, many learners” setting of todayassrooms, teachers find it
extremely challenging to be cognizant of the leagnheeds of each individual
student in the class. By mining the student perforoe data, it is possible to learn
patterns of interest in the performance of the exttel Automated reports that
inform the students of their weaknesses, and asdh®e time apprise them of their
strengths can engage students in taking respatgsitfiitheir own learning.

3.2. Teachers:Often teachers have to deal with vast amountsfofrimation regarding
student performance that is made available to therm regular basis. Though the
Student Information Systems have improved tremesigiaver the past few years,
not everyone has access to the input or exporatf th the system, however, and
often a data manager works to do that off-site ftbenend users (teachers/admin).
Because of the non-instant access to the data, mamynistrators and teachers
have created do-it-yourself systems using basieagisheet software to store
student data. In the absence of quality tools, ttaymake assumptions about the
data that are not valid or reliable. One such mabfor which they make use of
their intuition is the task of clustering studertientifying clusters [Jain98] based
on the performance data of students gives the éea@mn opportunity to encourage
students with similar educational needs to worketbgr and also to target
instruction and materials meeting their specificed®e Subspace clustering
algorithms [Cheng 2000] can be used to simultargodscover the student
clusters and the problem areas specific to thesterk.

Another problem that the teachers regularly facéhat of finding an accurate
diagnosis for the learning problems faced by thelestits. To remedy the issues
caused by gaps in the student learning, longitlidiaga of student performance
can be mined. Bayesian inference based approaGeshifamani 98], in which the
observations are used to calculate the probalitity a hypothesis may be true,
can used to accurately identify the root causepbalem.

3.3.School Administrators: The school administrators would be most interegted
analyzing the performance of their schools in caomspa with other similar
schools based on certain criteria. A common piifathnalysis such as these is to
just compare the average or the median valueseoftibjects in one group with
that in another group. However, the group as a &hwight have several
component sub-populations, which makes summarystitat non-representative.
Thus, first identifying clusters of students basadhe independent variables, e.g.,
demographics, and then comparing similar clusteasetd on the dependent
variables, e.g., student performance can show whéfiere is a true difference in
the performance between the two clusters.



Many school administrators are also proactive @ntdying students who would
need special assistance in order to improve theifopmance. Algorithms that
help in early detection of anomalous behavior [£h88] from the performance
data can help to identify such students.

3.4.District and State Level Administrators: The district and state level
administrators often want to utilize the studenhiecement data for guided
decision making and to enact systemic changesetsdhools under their purview.
They often have broad-ranging questions regardésgeis such as gaps in the
curriculum, correlation between student performaraced other explanatory
variables such as demographics, teaching methed#thhand attendance records.
Because of the manner in which data is combinedasadlyzed today, they often
propose far-reaching changes based on limited pe@eData analysis techniques
that are robust to noisy and incomplete data aatl ¢thn generate high quality
actionable knowledge can be a value-add to theswin&trators. Ensemble
techniques [Polikar 06] can help avoid overfittimgd can combine multiple base
models resulting in an accuracy that is higher tiet generated by a single best
model. Such techniques can provide unerring arahielinsights into the data for
the administrators.

4. NEXT STEPS

Our work on educational data mining at Xerox Rededs focused on data-driven

methodologies to help individualize education. We eollaborating with teachers and
school administrators to identify their biggest lidages and have also started a
concerted effort of applying data mining algorithms educational data. Xerox has a
history of open innovation to solve challenging lgems, and in this spirit, we are

interested in collaborating with academic partrersrder to find innovative solutions to

the challenges in education.
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