ISC cetls

centre for educational technology
& interoperability standards

Analytics Series

Vol.1, No. 3.

Analytics for

Learning and
Teaching

ByMark van Harmelen and
David Workman

Hedtel td

CETIS Analytics Sel&SN 2059214

Produced WYETIS for JISC



JISC CETIS Analytics Series: Vol.1 No. 3. Analytics for Learning and Teaching

Analytics for Learning and Teaching
Mark van Harmelen and David Workman (Hedtek Ltd)

Table of Contents
L. EXECULIVE SUMIMALY. . ... e iiiiiittte oo et seeeeeeeess s s+ 2222242242222+ 22 & o 42+ 2222255522+ + ¢ st 250 s e e e e e

2. Overview: AnalytiCS iN @AUCALION...........oooi i et e e e e e e e e e e s o
2.1 INtroducCtiQn........ccovvvviriieees e
2.2 Definitions..

2.3 lllustrative examples

3. Uses.. e —— 41444444 e s — 4211114444444 s 44414221114+ 1 11112 e e e e e st s e+ L D)
3.1 Sensemaklng . U UUPPPPTTSRSSRPPRN I 4
3.2 Identifying students at rlsk et ———— 44442114 —— 111411444ttt 1t 444 e e e s e e e e e e s s e [
3.3 Driving pedagogic change
3.4 Use of activity data.....................
3.5 Ancillary benefits.............cccee

4.  Adoption...
4.1 Factors Ieadmg to successful adopt|on L O
4.2 Investment in analytics... 20
4.3 The analytics adoption procesle
4.4 Analytics maturity.... e e 444444ttt 444422114444 ¢ s e e e 2
4.5 Human, social and managerlal aspects of adopt10n25
4.6 Technical infrastructure: Build ar.buy.... et ——— 4ttt 1 ettt e et e e enne 2O

oNBR W

L T ©7o ] (o] [ 1 o o H OO PP PPPPPPPPPPPPPPPP. .
I = (=T =] oo L PSP PPPPPPPPPPPPPPPPPG 7.
ADOUL TNE AULNOIS. ..o ittt e £+ttt et 2 4442 s e e e e DD
(O I ISR Y = 1) o1 SR T Y 4 T TRRPPPRTRRC o |
ACKNOWIEAGEMENTS ...ttt ettt s 222442224ttt it £ 22+ 422t 142224 e et st 11222 e e e nnnn e e e e e 3D
ADOUL thiS MIEE PaPEL......uii ittt ettt st 224ttt e e e e e et 22 e e e e et e e e s e e e e eeeeen e Q)
Y oL 10 | O i I 1 T O UOPPPUPPY” {0



JISC CETIS Analytics Series: Vol.1 No. 3. Analytics for Learning and Teaching

1. Executive Summary

A broad view is taken of analytics for Learning and Teaching applications in Hightri€deiatiominate

between learning biigs and academic analytses for learning analytics are concerned with the optimisation of
learning and teachpreg sewhile uses of educational analytics are concerned with optimisation of activities around
learning and teaching, for example, student recruitment.

Some exemplars of the usmalfytics for Learning and Teaching are to

= =4 -4 -8 —a -9

Idenfly students at risk so as to provide positive interventions designed to improve retention.

Provide recommendations to students in relation to reading material and learning activities.

Detect the need for, and measure the results of, pedagogic improvements.

Tailor course offerings.

Identify teachers who are performing well, and teachers who need assistance with teaching methods.
Assist in the student recruitment process.

Conclusiordrawn in this papeclude:

f
f

Learning and academic analyticsmdeeutilised in UK Higher Education.

There are risks to adoption of analytics, including that measures that are not useful are reveale@uldrough analytics
that staff and students thekknowledge to use analytics. However, thistgatisationdeniquethat help

significantly in nepecialist adoption.

There is also a rfsk institutioribat delayed introduction of analytics may lead to missed opportunities and lack of
competitiveness in the UK Higher Education market. Our judghiens thé¢hatast compelling risk to amortise.
Institutions vary in analytics readiness and matordy,taralgreater or lesser extent be ready for the introduction

of analytiosrincreasgin theuseof analytics.

We stress that there are diffecalessof analytics projects, from small projects that can be undertaken under a

limited budget and time frame, to large projects that may involve, say, creating a data warehouse and employing
experienced analytics staff to build complex models.

A good wagf starting is to undertake small {sodpd analytics projects. These enable institutions to develop staff
skills and/or raise the profile of analytics in the institution.

Largescale analytics may involve the activities of staff who may vaaoastyrizeals analystanodellersr

data scientists. These staff are often in short supply, but reference to local departments of statistics may provide e>
help.

There are commercial solutions that work in conjunction with commonly a@apiécg\viEtvabinments and
student information syt @,ms8. an &andestinpdionweveeleiicae e o6 pl
purchasghey should be evaluated for suitability, particularly with respect to intuitional pedagogic approaches and
concerns.
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2. Overview: Analytics in education

2.1 INTRODUCTION

In this paper, we examine the use of analytics in education with a bias towards providing information that may help deci
makers in thinking about analytics in their institutions. Qarafpoatiagsn providing a guide for this purpose: we

concentrate on illustrating uses of analytics in education and on the process of adoption, including a short guide to risks
associated with analytics. As befits the audience we avoid a detailecoéxechimatbaspects of analytics.

We stress upfront that:

i Analytics exists as part of a-seatmical system where human denoskimg and consequent actions are as
much a part ofigsuccessful analytics solution as the technical components.

i There are a variety of success factors for analytics adoption. Many of them are more human and organisational in
nature than technical. Leadership and organisational culture and skills matter a lot.

i The nature of a se@ohnical system is the intezdrlass dfsparts. Design of the technical affects the social,
anddesign of the social affects the technical.

i It is important to maintain perspective, not to get lost in data, technology or meaningless analytics outputs, and inst
to keep in mind &@¢cpedagogic or business aims and focus analytics efforts on contributing to those aims.

T1téds unlikely that institutions wil/| arri vomofat optir
technical and social aspedtaegt to inforomgoingmprovements.

Analytics as applied in the educational domain is providing measurable advances to learning and teaching, and offers tt
hope of more convenient evideas®ed decision making, action and personalisation in diverse areas of education. In this,
beneficiargeinclude learners, teachers, lecturers, departments, educational institutiongrehdaggmdeatél

stakeholders.

Varieties of analytics
Analytics is fAthe use of data, stati sttdaodaloneomalexy si s, &
i ssues .2012]] Bi chsel

Others have a broader view of analytics. D&tef{2010] characterise analytics as answering questions that generate
both information and insight (table 1).
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Past Present Future
Information \Whathappened? \What is happening [What will happen?
now?
Insight How and why didit |[What 6s t hWhat 6és t he
happen? action? can happen?

Table 1: Questions whose answers are sources of information and insight, addressablpasiegpanabttial
2010]

Learning analytisshe application of analytic techniques to analyse educational data, including data about learner and
teacher activities, to identify patterns of behaviour and provide actionable information to improve learning and learning
related activities.

Within éucation, there are uses of analytics that lie outside of Hoernéacrdefjnition of learning analytics. For

example, use of analytics to select good candidates from a pool of applicants who wish to study on a particular program
This is, in otgrms, not learning analpcsse we use the teanademic analyticsencompasses analytic activity that

is not strictly learning analytics, while helping educational institutions fulfill their mission.

In Table 2 Long and Siemens [2011] disetmtwaien learning analytics and academic analytics similarly, and show the
main beneficiaries of each.

TYPE OF ANALYTICS LEVEL OR OBJECT OF ANALYSIS WHO BENEFITS?

Course-level: social networks, Learners, faculty
conceptual development,
) discourse analysis, “intelligent
Learning curriculum”
Analytics
Departmental: predictive Learners, faculty
modeling, patterns of success/
failure
Institutional: learner profiles, Administrators, funders,
erformance of academics, marketing
owledge flow
2;‘:3“.2‘: Regional (state/provincial): Funders, administrators
yH comparisons between systems
National and International National governments,
education authorities

Table 2: Learning analytics and academic drfalstis®f analytic activities and beneficiaries [Long and Siemens 2011]

To provide a flavouthaf applications of analytics, we mention a few potetdial uses

9 Identify students at risk so as to provide positive interventions designed to improve retention.

Provide recommendations to students in relation to reading material and learning activities

Detect the need for, and measure the results of, pedagogic improvements.

Tailor course offerings.

Identify teachers who are performing well, and teachers who need assistance with teaching methods.
Assist in the student recruitment process.

= =4 -8 —a -8
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Furtheusesare discussed in Sectipar@accompanied byemplars in Sections 2.3 a&hd 4

As well as learning analytics and educational analytics a third term that readers neayestionaiteata mining

Often this r ef er squesdoniine Rrgaidste sets fo discdver gctiahable mformatiendohn educational
purposes, as discussed in [Ferguson 2012]. This kind of educational data mining is one of a range of techniques that m:
applied to learning and academic analytics.

A secondmore restrictive meaning for educational data mining refers to the use of the same data mining techniques

to analyze... data in order to resolve educational research issues. EDM is concerned with developing
methods to explore the unique types ofathteaitional settings and, using these methods, to better
understand students and the settings in which they learn. [Romero and Ventura 2010].

The US Department of Educationds Office ofprdvidesaati onal
discussion of this kind of educational data mining.

In this paper we confine ourselves to discussing learning analytics and academic analytics.

A very brief history

The number 100 represents the peak search volume
100

a0
60
40

20

2005 2006 2007 2008 2009 2010 2011 2012

m learning analytics
= academic analytics
= educational data mining

Figure 1: Relative levels of interest for the terms learning anaiyicsnatgits, and educational data mining as
revealed by Google trends
[Google 2012, with layout changes for this document].

The first use of analytics in education that we hava fi@f8&lexperiment that examined student retention and

performancat Wichita State University [Sanjeev and Zytkowt 1995] reported in [Romero and Ventura 2006]. However, it
appears from Figure 1 that widespread interest in analytics has only been increasing since 2007 when analytics, includi
examples from the 1990se Wweing brought to widespread attention by EDUCAUSE via its foridicanimhes,

[Campbell et al 2007] and [Campbell and Oblinger 2007].
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The UK has lagged somewhat behind thesbiBly the earliest UK advance in analytics for Learningnandaeachi

provided in [van Harmelen 2007] where one of the authors of this paper, noting the commercial uses of analytics and thi
of interest in attention data (subsequently called actibiyuddtiaanalytics to the attention of JISC in [vamHarmel

2007]. JISC subsequently funded projects to further analytics based on behavioural data in the HE library sector, and, n
recently, a small set of rapid innovation projects descrilet 30K a),

This report is commissioned byCEICS apart of th€ETIS Analytics Seriescontinue to help raise awareness of
analytics.

Anticipated trajectory for analyticstime UK

The adoption and use of learning analitied)iseems likely to follow the following trajectory:

9 Inspired by amidawing from successful use of analytics for prediction and optimisation in industry and commerce, th
use of learning analytics has already been implemented by early adopters and is making a tangible difference in thi
institutions.

i Learning analyticetawv (in late 2012) poised on the verge of rapid growth.

1 The New Media Consortium predicts mainstream adoption of learning analytics in a two to three year time frame [N
2012]. This is a {déntric view.

i Inthe UK, we believe that mainstream addpmemumiit a two to five year time frame.

i For some period, the use of learning analytics in UK universities will provide a differentiator in student learning
services.

i Mainstream adoption will be followed by a perioelipflmatdianegdverse institoris.

We make no predictions about UK uptake of academic analytics. But we do note that analytics systems that support stu
recruitment might become popular in the UK.

Scale and usefulness

Finally in this introduction, we stress that there arsdhffss@itanalytics projects, from small projects that can be
undertaken under a limited budget and time frame, to large projects that may involve, say, creating a data warehouse al
employing experiene@dlystso build complex models. We recomméhiihgteacope projects in institutions that

want to experiment witllyticgjevelop staff skills and/or raise the profile of analytics in the institution.

2.2 DEFINITIONS

Besides the definitions proffered above, we present definitions from Mesdlitefdhese definitions are concerned

with learning analypes serather than academic analytics. Sometimes, however, the literature is concerned with a wide
variety of definitions of analytics; whole papers can and have been written, @eécfoniextéogyle [van Barneteld

al2012].

A base definition for learning analytics is prov&sedibg Analytics and Knowl&ageannual conference in the field

Learning analytics is the measurement, collection, analysis and reportingleadaeamnd their
contexts, for purposes of understanding and optimising learning and the environments in which it occurs
[LAK2011]

The New Medi a HQiaan RepdNMT 20X mrovide8 4 rAore comprehensive definition:



JISC CETIS Analytics Series: Vol.1 No. 3. Analytics for Learning and Teaching

Learning analytiegers to the interpretation of a wide range of data produced by and gathered on behalf of
students in order to assess academic progress, predict future performance, and spot potential issues. Data
are collected from explicit student actions, suchedimg@sgignments and taking exams, and from tacit

actions, including online social interactions, extracurricular activities, posts on discussion forums, and other
activities that are not directly a@cabotlsamiegd as part
analytics is to enable teachers and schools to tai
and ability in cleereal time. Learning analytics promises to harness the power of advances in data

mining, interpretatiand modéng to improve understandings of teaching and learning, and to tailor

education to individual students more effectively. Still in its early stages, learning analytics responds to calls
for accountability on campuses and aims to leveragartieeintisf data produced by students in

academic activities.

Diaz and Brown [2012] define learning analytics in terms of goals:

1. Isthe analysis of many kinds of lgaodkiced and learnelated data
2. Seeks to monitor learner activity and progresgraditt learner outcomes
3. Enables interventions and decision making about learning by instructors and students.

Adding to these definitions, there is a wide variety of functionally different definitions of learning atealyscs and related
egvan Barnevedd al[2012] note the use of analytics, business analytics, academic analytics, learning analytics as used il
academia, learning analytics as used in industry, predictive analytics and action analytics. Despite this diversity in
nomenclaturgan Barneveddal 201 2] #Aacknowledge that, functionally, d
cohesive and integrated whole that serves the needs of

Purpose can also usefully segment analytics. Fer Eragugbn [2012] provides the following segmentation:

i Educational data mining was primarily focused on the technicaHomattangee extract value from
these big sets of learniglgted data?

1  Learning analytics was primarily focused on ttienecheiéengelow can we optimise opportunities for
online learning?

I Academic (and action) analytics were focused on the political/econorfiowitaienge:
substantially improve learning opportunities and educational results at national tnieks?nat
[Ferguson 2012]

Morearbitrary classifications can be useful, so creating a view based on a melding of activities and processes, purpose
end use. Thus Brown [2011] breaks down learning analytics into the following concerns

1  Data coll¢ion: This entails the use of programs, scripts, and other methods to gather data. This can be
data from a single source or a variety of sources; it can entail large to very large amounts of data, and the
data can be structured (e.g., server logs)umtwnestr(e.g. discussion forum postings). The specific
design of the collection activity is informed by the goals of the LA [learning analytics] project.

I Analysis: Unstructured data is usually given some kind of structure prior to analyslgettesldata is su
to an appropriate combination of qualitative and quantitative analysis. The results of the analysis are
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reported using a combination of visualizations, tables, charts and other kinds of information display.

I  Student Learning: This core goal uishieg learning analytics from other kinds of analytics. LA seeks to
tell us about student learning: what learners are doing, where they are spending their time, what content
they are accessing, the nature of their discourse, how well they areambgressingthe
individual or cohort level or both.

I Audience: The information that LA returns can be used to (1) inform instructors, (2) inform students, or (3]
inform administrators. Common to all three is that the reports enable appnbjoriateTyperaky (1)
and (2) enable coulseel interventions, while (3) informs interventions at the departmental, divisional,
and institutional levels. The kinds of data and analysis employed depend on the intended audience.

1 Intervention¥he reasofor doing LA is to enable appropriate interventions at the individual, course,
department, or institutional level. LA can do more than just identify students at risk. By analyzing the digit:
Abreadcrumbso t hat st ud egpdctsofgeuarseritastpessibletioecobserpea r t i
student progress at specific stages and at specific activities in a course. The potential of LA is to be able 1
indicate what is working and what is not at a much finer level of granularity thareewehitetore, e
course is in progress.

[Brown 2011]

This multiplicity of definitions should not be taken to indicate a field in confusion, but rather indicage the richness of th
domain and the multiplicity of approaches to it. Ferguson [2012] prozédiedh ke vprigle to the development of the
field and its terminology.

2.3 ILLUSTRATIVE EXAMBLE

In this section we provide examples of analytics. The first two are learning analytics examples that predict individual stu
performance. They are Course Sigmelatively early example of learning analytics that is in use today, and

Desire2Learn Analytics, which will reach the market in 2013. The third example is the use of academic analytics to pred
enroliment by potential students, so as to focusmeeftortse The fourth is a recommendation engine used to

recommend books to library catalogue users. Besides these, three examples-avadainecaciailiy systems

appear in Sectiol84

Purdue University: Course Signals

An early and staodte x ampl e of | earning analytics is Purdue Unive
2007, Course Signals is currently marketed by SunGard [SunGard 2011], which in turn has a relationship with Blackboa
[Gilfus 2012]

Course Signals analyses individual student performance to predict those students who are at risk of performing badly, s
to enable positive interventions aimed at reducing this risk.

Course Signals uses an algorithm to work out if a studentriseidi@nhoar high academic success risk group and a
simple traffic light colour code is shown to students and academic staff. The risk categories are updated when the instr
runs Course Signals rather than happening in real time.
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Instructorsthenu@S® ur se Signal so& f a<iskbtidenisars provale ioterventiens of vadouse wi t h
kinds, for example meeting with students, or using programmatic facilities to automatically recommend resources to hell
riskstudents

\
Iz BlackBerry
Sigmals

Detailed Effort Help
Report Tracker Resource

John Doe
r:«r!.ml“ Fall Semester
S0
s,
oM

Course

|—,£ MATH 101
| L2 ENGL 110

o STAY 3O)
o oM

PURDUE

|-.£ CHEM 121

| 2 STAT 303

|¢ IT 247

PURDUE

Figure 2: Mobile and web interfaces to Course Signals [Purdue 2012].

For students on a particular course the

é algorithm that predicts oerforchangeteastredrby sk st at uses
percentage of points earned in course affdgtas defined by interaction with Blackboard Vista,
Purduedbds LMS, a s c riorpcademid histomgluding acddemid pseparapoe, dighs ;

school GPA, and standardized test scoreg;)@ewt, characteristmsch as residency, agesredits

attempted. [Arnold and Pistilli, 2012, our italics]

In a recent development, it appears that Course Signhals now uses 44 different indicators as input to its algorithm [Gilfus
2012].

Arnold and Pistilli [2012] have done an analysis ofshoéeseaf Course Signals. There was, overall, a 10% increase
in numbers of As and Bs awarded in sdoresturses, and a 6.41% decrease in Ds, Fs and withdrawals from the
courses after the introduction of Course Signals. Retention alsodmpreasesaaccording to the number of Course
Signals enabled courgegeachstudent participates in.

Arnold and Pistilli [2012] also provide the results of
Course Signalsisahelp]l and i mportant tool that aids in their ove
provided positive feedback on the benefit of Course Signals, includingislentifgiegtaand that students seemed

more proactive after exposuCetose Signals, for example starting large assignments earlier, and posing more questions
about assignments.

10
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Desire2Learn Student Success System

Desire2Learndéds current offering, diDergpprisenseseand n Anal yt i c
retention, identifyrisk students and track intervention and outcomes, and report against institutional metrics. Staff users
can drill down in detail examining competencies, engagement and assessment responses. Various model management
forecasng and data visualisation capabilities are available for system customisation.

However, Desire2lLearnés forthcoming Student Success Sy
risk students. In describing S3, Essa and Aya@@ZH Aropose that use of a single prediction model as used in

Course Signals can not provide adequate predictive accuracy given the variation in individual courses within an institutic
for example, the way they are taught, the experience of thehedeuetof difficulty of content, and/or the motivation

of students. To better respond to influences caused by course variation, S3 uses an ensemble technique where the resi
multiple predictimedels are combined on a céwyseurse basis.

S3 pays attention to visualisation and providing actionable information. For example, using screenshots from [Essa and
2012], we see that an example student is at risk in maths, and we drill down to see he is both disengaged and under
performing, aimlclearly identified as at risk of dropping out.

&0 - EilcCooparc trofle, L —) 'Risk Quadrant Scatter Plot |~ Sociogram
::.« L 2 65" A 57% Under-Engagement Risk On-Track/Not At Risk
o College Preparedness College Success Index ‘
P L]
Pacuty of Aty Mastion Sememnn bem (e P o et
p Py ©
SR LT o z @ <
~~~~~ - 2
B0 pscia009s
IE o : .
ada o Nore or Reberra : i t.l,!.!.“.!!.“ h‘::— g .. .
BeCL 130002 § Eric Cooper
i A .
i [11[1111 —
3 et - e "~
MUSC 1170-03 .
° Withdrawl/Dropout Risk Academic Performance Risk

i
v

e

IS S
37 et - e

COURSE SUCCESS INDEX

Figure 3: S3 student overview and part -gfoavdritiew, showing engagement caxtseaxd performance onthe y
axis [Essa and Ayz@ll24

For each student on each course S3 provides am @iviastiers contributing to success in that course, to aid in the
construction of appropriate interventions. Thiiguretdate, while performing just better than class average, is seen

to have a predicted grade 8% less than class averagetv@relisseeming an ideal student; her preparedness index

and attendance and completion ratings are up. But her participation and social learning are down, likely explaining the
prediction. Drilling down to a sociogram, we see that Kate is natianse@atingedia. We are then able to start to

design an intervention to address the problem.

11
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Risk Quadrant Scatter Plot | Sociogram
Kate

ohnson % @ )
:0:245545 ./ .Q./
\./ g

Fulltime \ T /.\ ®
Faculty of Science V] =) °
Biology .L// /
@ ¢
Contact [ \
]
/ \ Kate Johnson
Average History v ® g
SEUUET attl R  |0 A 58
PREPAREDNESS 9% '-
SUCCESS INDEX -6% "
Attendance 14% =
Completion 1% i-
Participation -5% .|
Social Learning 3% _i
PREDICTED GRADE -sx ]
Current Grade 4% |
Figure 4: S306s overview of contributory indexes for a
2012]

S3 provides, via its notes screen, a basic case management tool for managing interventions, with the aim of (later in the
development cycle) also measuring the effectiveness of interventions.

Eric Cooper — Notes and Referrals & Sening
Ao aNete  Make s Referrm (v an rove Search
fEric —
Cooper ML) Wotes(3) Referrais (3) Sertoy: Owe .
D 734054
Program Agvisor referral by Arthur Mason
s et 71, 2010 | 1382 9%
o s Couges % 8 verben of the sty Chatreg Yowm (1050 - 011, s eacthce comvetreents aov apgromieirty 1 Seurs ot wemt
P e - pertuomance Ths & mmy v Toe Coagen ey sgeren be
- eett Cam o ermong 21 mereqen b (e =ised
Work Study referral by Arvta Kanalopols
T s v o Ve v - g M st
Suen m' ":_":'. :: 10 ame shcass o e guats e v o0 sevmens g
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Figure 5: S30 s-stenashavs aracora gt@siand intergentifiissa and Ayad 2012a]
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One could imagine that analyses of effectiveness ratings and the corresponding case data could be used to inform an
institutional programme to improve the effectiveness of interventions.

Baylor University Adissions

Baylor University reported using SAS Enterprise Miner fompiaslicity@pplisdadmissions, retention and
fundraising (alumni donations) [Bohannon 2007]. We concentrate on admissions.

Baylor identified eight variablese in modelljito predidhe likelihood of enrolimeiidiy Texaesident applicants
[Campbell et al 2007]

i Attendance of a premier event

Campus visit

Extracurricular interest

High school attended

Mail qualifying score (Baylor level of interest)

SAT score (foomTexas residents, this variable was replaced by the number of solicited contacts)
Number of séffitiated contacts

Telecounselor score (Baylor level of interest)

=A =4 8 -4 —a -2 -9

Students were scored with the predictive algorithm on a weekly basis to segamémpioihle apgbliarget those most
likely to enroll. Students with high scores were sent more promotional materials than low scorers, were telephoned by
admissions tet®unselors, and sought out by admissions counsellors visiting high schazilal P08iipbell

In the current climate for UK HE, it is worth examining how widespread the use of analytics is elsewhere. Some data for
USA is supplied by Namlitz [2011a], who administer a national electronic poll of undergraduate marketing and student
recruitment practices that is emailed to enroliment and auffriesairell accredited tyear and foyear degree

granting institutions. For 168 private institutions and 65 public institutions respondifiguetGeskowgihe use of

stdistical modelling for enrollment prediction, and its perceived effectiveness.

Use and effectiveness of statistical modelling to predict enroliment

-

co3 85883888

left: for enquirers, right for admitted students

B using W very effective I somewhat effective M minimally effective

13
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Figure 6: Percentage of a sample of 133 US tertiary institutions using statistical modelling to predictsf particular enquire
(left) and admitted students (right) Wilaedrimstitutional ratings of the effectiveness of models and tools in use.
Preparedly the authoftom data in [Naadvitz 2011a]

This should be seen against a backdrop of costs of recruitment in the USA. According to a 2011 survey the median cos
private college and university recruitment of an undergraduate was US$2jt83(JNds|

Open University RISE

The OpenUniger t y6s Recommendations | mprove the Search Exper
of £68,000 (including a £50,000 JISC grant). RISE is a good example that refutes the idea that analytics necessarily ne
large, complex and expenapproaches.

Instead RISE uses a relatively simple database (containing data about the activities of library users anel the courses the
on) to provide recommendations to users using the Open
recommendations are offered:

1T Search rel ated: ifiPeople using similar search ter ms ¢

T Relationship based: fAThese resources may be related
resource also |l ooked at éo

T Course basedr dPeopéEespPnviyewed. . . 0

In April to December 2011 the RISE interfaces served just under 20,000 page views, and users clicked on 6,600
recommendations [ Nurse 2012]. I n a survey of RISE wuser
Aveefyulbé or fAquite useful d. Some triangulation i s supp
or figuite relevanto.

RISE Are recommendations useful?

J RISE How relevant where the recommendations?
Not sure

Not useful
31%
Very useful

41%

Figure 7: Ratings for RaASEhown [RISE 2011]
Left: Usefulness of recommendatponsr p| e =n & v edrqyud ,t edr e e
Right: Relevance of recommendgtionr pl e = O6verydé, green = O0quitebd

While RISE was only supposed to be-eshanhd experimental system (to answer the question of whether students
using discovery systems would find recommendations to be useful), the Open University continues to provide and obsel
use of recommendasi@ia the RISE Google gadget [Nurse 2012].
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3. Uses

Examining the student lifecycle is one place to start looking for leverage that may be achieved by the use of analytics. ¢
definition of stages in the student lifecycle is provided by JISC [CRanil#88nHor that, the stages, with some
speculation, are:

=

Preapplication (targeting enquirers/future applicants)

Application (targeting applicants/future enroliments)

Preregistration

Registration

Induction (personalised induction componentsigepefaditors such as language, home location)
Teaching and learning processes (see elsewhere in this report)

Pastoral care (hand in hand with learning processes)

Employability and careers services (discovering employability matches)
Graduation (dataurcé degree subject, type and pass level)

Alumni processes (fundraising)

Gathering marketing data from graduate career progression (data source)

=4 =4 =8 -4 -8 -8 8 8 -2 -9

Elsewhere, in a recent EDUCAUSE survey of US institutions using analytics [Bichsel 2012F séusmbtatedjorie
potential use were identified.

In Figure 8, the histogram on the left shows actual use. Most institutions were collecting data in all greas, but only the tc
three areas (enrollment management, finance and budgeting and studéowwedgressh8% of the surveyed
institutions used analytics.

Again in Figure 8, the histogram on the right shows t&h
asked to rate the potential of analytics to address varionaliokttlgiges while considering both the potential
benefits of analytics and the inherent magnitude of th

One aspect of the results surprised us, the amount of existing use of analytics for finanderaay Ibeiggeiiag.

that this is a result of analytics being cast pabtioatilyto the survey respondbatE DUCAUSE working definition

of analytidgs thai Anal ytics is the use of data, stati sghts$ cal anal
and act on Talknmihdt eéekinitiondosits lmmgsingditution tlesdtaminedata on its financial performance

could be performing analytics.
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m;liz;;;!m::i ----- Understanding student --.
Finance and ----- demographics and behaviors

budgeting

Student progress ----- Optimizing use of resources ---I
sl ||| Bl

Central IT

Helping students learn mare

student learming | NN I 1 effectively/ gracuate
Progress of

strategic plan ----. Creating data transparency/

sharing/federation

Alumni/

savancement NN I

Research

Demonstrating higher education’s ---
Library ----I Improving administrative
Costt services
ost to ----
complete degree Containing/lowering
Human resources ----I costs of education
Improving facul
- cung iy

Faculty promotion

|Fil'ld tenure ----| Reducing administrative --
Faculty teachin
performancg ----. o 0% 20 40 al 80 100

Procurement ---. Percentage of respondents reporting a large or major benefit of analytics
Faculty research
performance ---

0% 20 40 60 80 100

W Use proactively B Monitor
W Make predictions I Dormant data

Mo data

Figure 8: Survey results on thefum®alytiddeft) and areas were analytjpsrceived to bring large or major benefit
(right) [Bichsel 2012]

However the categories in the above by no means describe all use of analytics in education. For egaaiple, Bienkowski
[2012] providmter aliaan overview of educational data mmiymémic personalisation of online learning.

Since the potential uses for learning analytics are many and varied, we will limit ourselves to a brief discussion of a few
specific uses in the following sections. These uses are the imporsamnseEiksgind predicting student

performance, a forward looking discussion on the use of learning analytics to drive pedagogic agendas, and use of lear!
behaviour to drive resource recommenders and resource management systems. We close wignafitstefon other
embarking on an analytics programme.
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3.1 SENSEMAKING

To make rational, informed decisions in the world, including the world of education, and to act on themgewe need first to
sense of the world.

Sensemaking a motivated, continuous &ffariderstand connections . . . in order to anticipate their
trajectories and act effectively. [Klein et al. 2006]

As Siemens notes [Diaz and Brown 2012] the-baisksh@gorming role of learning analytics plays a strong role in the

processafensemakg | n t hi s, Siemens [2011] maintains that #fALea
change in educationd and provide evidence on which to
decisions.

3.2 IDENTIFYING STUDERTSREK

Identifying students at risk is a predictive task that seeks to identify studentsp¢rfisknthgratea time far enough
in advance that there are still opportune moments tarnbedetméncrease the probability of student success.

One kind of predictive model for identifying students at risk is built using tthestadianeddentified links between
certain measurable data attributes describing past student behaviour and the performance of a student. Thus, this kind
modeihg is dependent on a body of historical data.

Another kind of predictive model can be built using social network analysis, where connectedness of a student to others
participation in welediated knowledge sharing and learning activities issusezbjaséar proxyneasure for
student engagement and learning.

Identifying causal models can be a large task and may not be desirable for all institutions, and purchase of a package tc
the édheavy | i ft jforegxdmpBum@ardoned nBolraec kdbeosa rrdadbsl ever si on of Co
With such an approach, there should be a phase of testingtafezlagtion to ensure that the predictive model in

use by the chosen systéliprovide useful predictive insights.

Besi@s choice of indicators and model construction, there are other considerations to be takédwitdiogiccount
predictive systenifiese considerations include

9 Quality of data. Any model is only as good as the data being used to driveistbéiagygstesidered that
requires data that is either not being tracked or not being tracked accurately enough, then steps must be taken first
record or improve the data.

1Thestandarduse of the word causal in the literature is potentially confusing and needs careful consideration
causal models do not explain or imply causality, they are merely concerned with the relationship between input variables a
outputs from the model.

17



JISC CETIS Analytics Series: Vol.1 No. 3. Analytics for Learning and Teaching

9 Real time or manual. Is the model going to be providiegesalts orlvthe model be run manually on-an on
demand basis? Réale results can be used to drive notifications and provide current insight into the data, but these
come at a cost, usually of significantly more resources being needed to calculate results.

3.3 DRIWNG PEDAGOGIC CHANGE

While it is tempting to think of learning analytics as providing an easy means of proving that one pedagogic approach is
superior to another, this should be viewed with suspicion. The multiplicity of uncontrolled vatlabjrespagtmake
unlikely.

Instead, learning analytics may be to drive pedagogic change: Decide what pedagogy you want to use, and consider ho
learning analytics can support the use of that pedagogy. For example, consider how learning analgtics could be used t
support an interest in constructivist ldgmingps of peassisted learners. One scheme that could be used in such a
scenario is shown in Table 3, where a system is proposed to predict students at risk, according to isolation from the res
thegroup, as measured by engagement with social media. Success in subsequent interventions that contribute towards
success in the use of constructivist learning may in turn be used to drive forward the social constructivist learning agenc

Dimension Values
Stakeholders Data subjects: a group of learners.
Data clients: tutor, discussion moderator.
Objective Reflection: Analyse student interactions in a forum discussion, identify network

connections between students, and identify isolated students to bring them back
into the discussion.

Data Protected dataset: Student interactions and posts in the discussion forum of the
LMS.

Relevant indicators: Posts published, posts replied to.

Time scale: what time frame is applied to the analysis?

Instruments Pedagogic theory: socio-constructivist, hypothesis is that active participants in a
discussion show better learning outcomes.

Technology: Social Network Analysis (SNA), statistics.

Presentation: network diagram visualisation, stats table.

External limitations Conventions: (1) Privacy: is the analysis in accordance with privacy arrangements,
are the students properly informed?

2) Ethics: What are the dangers of abuse/misguided use of the data?

Norms: Are there e.g., legal data protection or IPR issues related to this kind of use
of student data?

Time scale: will the students still be able to benefit from the analytics outcome? Is
the analysis post-hoc or just-in-time?

Internal limitations Required competences: (1) Interpretation: Do the data clients have the necessary
competences to interpret and act upon the results? Do they understand the
visualisation or presentation of the information? (2) Critical thinking: Do they
understand which data is represented and which data is absent? How will they use
this information?

Table 3: Amxample illustrating how analytics might support learners who might operate better within a constructivist
approach to learning. [Greller and Drachsler 2012]
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While the above, from [Greller and Drachsler 2012], is an evocativatsketckeviefoletajinecessarily
incompleté&urther aspects of inteirdtude the nature of the interventions, addition of intervention skills as a required
competence, and the nature of the Social Network Analysis to be applied.

In fact Greller and DrachsleR]2@E the learning analytics framework they advance as part of a larger endeavour in
pedagogy somewhat similar to the use advanced here.

Pedagogic

R Pedagogic
behaviour

consequences

Figure 9: Learning analytics influenced by and influencing pedagogy [Greller and Drachsler 2012].

3.4 USE OF ACTIVIDATA

The RISE example in section 1.2.4 introduced the use of learning analytics to automatically recommend resources to
learners on the basis of actions by other users. RISE is an example that usedatetithibt decard actions by
userd in his case data recording use of library resources by users.

Data about resource use can be used for resource management purposes, including purchasing decisions. By understa
how resources are actually being used, it becomes possible to pléimetyorndafieging library resources is the use

that most readily springs to mind, but any resources whose use is trackable are amenable to this kind of treatment. We
seen activity data being used to improve diverse educational services.

3.5 ANCILLARY BENHES

As reported by Brady [2012], at the University of Roehampton, staff development occurred agagiesuiit dhataff en
University'$ulCRM Project:

Staff in Learner Services refreshed their approach to what they do with student®éaisdtohiienow n
rolled out across all academic areas to ensure a seamless approach), but we have also developed new skills

in the application of service analysis tools which should be beneficial to the development of the institution as
a whole.
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4. Adoption

A muitude of factors lay the ground for and lead to successful adoption and application of analytics in educational
institutions.

4.1 FACTORS LEADING TUICEESSFUL ADOPTION

Campbeét a[2007] describe characteristics of successful analytics projects as having

1. Leaders who are committed to evidasee decisianaking
2. Administrative staff who are skilled at data analysis
3. A flexible technology platform that is available to collect amahes ez

In part Campbetlal 200 7] dr aw omesedsah that surveyedn380sinsteudiond in tlee US and Canada, and
interviewed 27 individuals from 21 institutions and tv

success using academi c an alb5)lnthis contextnGolistedn canmentsemr € ar e a s ¢
management culture and its effects on successful analytics:

We looked to see what relationships exist between institutions that reported successful outcomes and
institution type, management climate, techntitogy, plad the ways in which they use academic
analytics. Across these categories, the most signi
management climate and successful outcomes. In fact, there are three attributes of manhgement climat

all have strong relationships with each of the institutional outcome measures:

i Institution provides effective training

i Staff are skilled at academic analytics

i Leadership is committed to evidesesl decision making

Each of these factoradsociated with positive institutional outcomes.
[Goldstein 2005]

More recently, Bichsel [2012] identified that survey respondents and focus group participants had four major areas of
concern in the introduction of analytics:
i Institutional culture anddestup
i Staff expertise in the technical business of performing analytics and in making decisions on the basis of analytics.
9 Access to data that is of the requisite quality for analytics
i The affordability of analytics

Along similar lines, we point toiasagta component in stabnical systems, and therefore emphasise both the
human and the technical aspects of analytics. Foramaptigle is a basis for human decision making and action: a
solution that involves analytics can only be asbgdlodheshuman and technical components.

4.2 INVESTMENT IN ANAICS

As well as the human resource aspects mentioned above, financial commitment is also needed for analytics. However,

can vary in scale; one example provided above, RISbaaditbeaommendation system, was implemented and rolled
out at a cost of £68,000.
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On the other hand, in ab&%ed survey of 378 institutions using learning analytics seven years ago [Goldstein and Katz
2005], the top spenders were spending in excess Of$40(fi0@ year expenditure is shown in Figure 10).

More than $2 million,
12%

Less than $100,000,
23%

$1.2 million—$2 million,
1%

$100,000-8399,999,

$400,000-$1.99 million, 26%

28%

Figure 10: Eight year old figures for spending over five years by 378 US institutions [Goldstein and Katz 2005]

4.3 THE ANALYTICS ADGPNIPROCESS

For a process of adoption, Diaz and Brown matetativarcycle of stages is required to use analytics:

To be effective, learning analytics must be based on an iterative looping. Siemens presented a model for the
analytics cycle, entailing the following:

The collection and acquisition of data, guliz=d\srall purpose
The storage of the data

The cleaning or regularizing of the data

The integration of data into coherent data sets

The analysis of the data

The reporting and visualization of the analysis

The actions that are enabled by the evidenoeddmtée reports
[Dias and Brown 2012]

= =4 & & —a 2 -9

We advance a model of stages in adoption of analytics, starting from institutional strategy and ending in an ongoing cyc
iterative improvement. Obviously there are many variations, for example jnstéyiartichlzre may have been an
early analytics project that predates an institutional strategy.

Our general model for adoption is shown in Figure 11.
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institutional
strategy | data survey
. . data I ) data invest.
prej et Al ’ collection & clean
model
f’ visualisation
implement /
rollout
use
> intervention
iterative improvement *
& evaluation

Figure 11: A model for adoption, use and improvement of analytics

In this model two feedbamd@rearticulariyoteworthy:

i Inthe process of formulating a model on which to base analysis, we note potential feedback between data collectic
data investigation and data cleaning, and modelling. What models may be designed or fountadepend on the da
available, and a given model may influence what data is collected and sanitised.

9 Analytics should not be a static process; evaluation of the results of analytics and intervention (any kind of action
triggered by analytics results) should resulimiaatéon of how the process can be improved. This is the iterative
improvement shown in Figure 11.

Other feedback is neither shown, nor precluded, for example between modelling and visualisation as system developer:
build and improve an analysis system.
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Of course this iterative looping should be subject to process improvement in the individual stages. For dxample, the qua
data produced by analytic processes may be improved as a result of iterative experimentation.

4.4 ANALYTICS MATURITY

Davenport artarris [207]advance the following five stages of organisational progression to full adoption of analytics

Analytically Impaired

The organization lacks one or several of the prerequisites for serious analytical work, such as data, analytic
skills, oremnior management interest.

Localized Analytics

There are projects of analytical activity within the organization, but they are not coordinated or focused on
strategic targets.

Analytical Aspirations

The organization envisions a more analytical futstablistsed analytical capabilities, and has a few
significant initiatives under way, but progress aftelolwecause some critical DELTA factor has been

too difficult to implement.

Analytical Companies

The organization has the needed human anlddecimesources, applies analytics regularly, and
realizes benefits across the business. But its s
analytics to competitive advantage.

Analytical Competitors

The organization routinely asakytics as a distinctive business capability. It takes anvadeerprise

approach, has committed and involved leadership, and has achtaleddaudts. It portrays itself both
internally and externally as an analytical competitor.

[Davenport drHarris 20¥]

Using the acronym DELTA, Davenpd®010hlso define five assets and capabilities for analytics, providing information
on how to transition each aspect across the various stages of analytic maturity shown above.

The DELTA assets aagabilities are;

f
f

Data: accessible, clean,-gighlity data

Enterprise: An enterpagentation enables leverage of analytic results across the organisation, rather than
in just one part of the enterprise and analytics data contributing togesstimalab& sourced in

different parts of the enterprise.

Leadership: Leaders are committed to data driven decisions, processes and customer relationships, with a
desire to drive the organisation towards a data driven style decision making.

TargetsAnalytics targets demonstrate a good Return on Investment, and are valuable because, often,
enterprises have neither the resources nor the analysts to make the entiredrorapany data

Analysts: The human resource that builds and maintains thet drodebngilytics, and that helps

business stakeholders interpret the results of analytics.

[Davenpodt al2010]
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Davenpo#dt al[2010maintain that it is useful to progress each of these in step across the each of the five DELTA assets
and capabilities. In such a way a cofapanyeducational institutiaay) avoid the problems arising from leadership
wanting analytibasedlecisiomaking before the data or enterprise orientation is in place to enable this.

Equally, the authors also maintain that an organisation does not need to be at the most mature level, competing on the |
of analytics, in order to gain advantage froicsaialys, for example, localised analytics is a good place to be, with

some benefits appearing from anayticajtéo a later and more mature status. Again, this is very much the position
advanced in this paper, that localised analytics advaressaamal builds experience and readiness to move on to

greater levels of analytic maturity.

Drawing in part on Davergi@tBichsel [2012] constructed a measure for analytics maturity tailored for educational
institutionas follows.

Bichsel elicitede following topics from focus group participants as important in assessing analytics maturity:

Accessibility of data

Centralization/integration of data

Quiality of data

Data capacity

Number and expertise of analytics professionals
Communication betwdeand IT

Databased decision making as a part of the overall culture
Analytics as part of the strategic plan
Documented fiwinso using analytics
Budgeting for analytics

The availability of appropriate tools/software

The existence of policies regardingedaitdty and privileges
[Bichsel 2012]

=4 =4 =4 -4 8 -8 8 8 5 -5 9 -9

Results of a questionnaire based on the abdhenfsrtor analysed to produce these five indicators of analytics
maturity

Culture/Process
Data/Reporting/Tools
Investment

Expertise
Governance/Infrastructure
[Bichsel 2012]

== =4 =4 A
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A comparison Biclse | irfdisators of matuvifyh Davenpatad s D E L TisAppéass inttable vhile it appears
that there is some divergence, using one or another set of measures sholldjowithf theestment, eaabl
relatively rapid assessment of institutional analytic§ maturity.

Data/ Culture/ Governance/ |[Expertise Investment
Reporting/ [Process Infrastruct.
Tools

Data similar

Enterprise similar similar similar

Leadership similar

Targets possibly simil

Analysts similar

Table 4: Comparison of maturity indi @ORELTA found by Bi
indicators (y axis)

4.5 HUMAN, SOCIAL ANDNWSERIAL ASPECTSAIFOPTION
The human, social amahagerial aspects of analytics adoption are geared towards building an organisation that values

evidench ased decision making over 6égut feelingsd and O6int
these aspects of adoption, witbdbof the five aspects being concerned with the human sigeloiisatiystems:

i Enterprise
i Leadership
i Targets
i1 Analysts

The social aspects of analytics adoption aredmastlysne or gani sati onal change, althc
that can be done in the form of targeting recruitment at employees with demonstrated anabmieal akitlsdata
their cheen capacity.

A key aspect of building an analytical organisation is ensuring the availability of requisite skills farcamagitics. This is r
at several levels of the organisation, including:

2Hedek Ltd, authors of this report, undertake analytics maturity surveys for educational institutions and provide consultanc
transitioning to greater maturity.
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Inspired leadership that drives forward the us¢éicd apptpaches throughout the institution.
Managerial leadership that encourages the adoption and use of analytics.

Analysts who provide requisite modelling skills.

Users who are enthusiastic about the use of data driven decision making anditexskille¢oemiand
intervene on the basis of analytics output.

=a =4 —a A

With an eye to adopting learning analytics within an educational institution, the above applies, but, depending on the sc
of analytics driven operations, there may also be a nereskitisfegthin evidebesed pedagogy and the use of
analytics to design courses, student interventions and other aspects of learning.

The creation of a dat&nted institution is a gradual process that requires continuous focus at aéXpeatnda,our
borne out by the literataneinitial focus on analytics, followed by a small successful analyticdbpilgramme
institutional competence and leads to further adoption of analytics.

4.6 TECHNICAL INFRASTRURE: BUILD OR BUY

The technical@ects of an analytical infrastructure are amenable to purchasing, with a wide variety of components that ce
be purchased, ranging from data gathering components faifalyticand services.

A useful set of questions in forming any build dsiomyfdethe technical components of an analytics solution is:

i Are the data sources required available?

i Are there any commercially available solutions that support your aims in your analyicprpgvarkmeth
your platforms and/or data so(possibly after some work in interfd€ingf, the only available route is build.

i Does the proposed solution, build or buy, rely on skills that the institution does not (yet) possess? For example, if
statistical knowledge is required, is it avaAitelitegre sufficient developrasatirceand skills for build?

i Depending on the components, build may require additional expertise e.g. data visualisation designers, hardware
designers, software engineers, project management.

1 s the institutideliberately embarking on a programme of developing its capacity to implement its own analytic
solutions? How will build contributedséndevelopment skills? Might the introduction of a bought system lead the
way in terms of an early success, oitiraghn the case of a data warehousing and data mining solution, provide
facilities to develop analytics soluttomssie?

Finally, having come to a build or buy decision for various aspects of technicabéndraatritiiatdouying does not

mitigate the need for aspects of build in an institution; many of the social/managerial aspects in the table below will neet
attention. Further, for a beingiata warehousing and analysis appnoaefijngnd visualisation may still need

attention.

4.7 BUILD
We discuss some aspects of building the technical component of an ana§tice sfithiese also might apply to a

buy decision, for exanfipiding and cleaning data sources, building predictiire andatelsvarehousing soludioth
integrating different purchased systems.

In the following we concentrate on data sources, modelling and visualisation.
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Data sources

The choice of data has aspects of some sensitivity, for example, should we or should we not include in analyses data al
student background, particularly, where it is available, social deprivation, ethnicity or religion? Much depends on the ain
analyits; thus a wellotivated case for the inclusion of social background would be in the case of building a system to
assist in identifying potential students as part of a programme encouraging wider participation in HE. However, the inclu
of informatia@bout student ethnicity in a system to monitor student performance is unlikely to be viewed in a positive ligh
the UK, either by staff or students. As Greller and Drachsler [2012] carefully state:

We have to preventomfirming olbtablished guelices of race, social class, gender, or other with
statistical data, leading to restrictions being placed upon individual learners.

With this in mind we can consider possible data sources. One reasonably comprehensive list of sources is supplied by
Campbll and Oblinger [2007], reproduced in Table 5.
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Table 5: Some of the types of instituti@fdiiiata that might act as indicators, with sample data values, sources and
frequencies of update [Campbell and Oblinger, 2007]. Acronyms are Sliffdomstiatesystem, and CMS for
Content Management System.

For institutions starting out with analytics, an initial institutional data survey is a good first step abtistateery of avail
sources. This information should be made availabléstéoafatyse construction and refinement of their analytic
models.

Thought should also be given to the storage of data théeqoesntity of data to be stargdata cleansing that
might be required, and storage and réttexiates
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