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ABSTRACT
7KLVFKDSWHUSURYLGHVDQH[DPSOHRIKRZDUHFRPPHQGHUV\VWHPH[SHULPHQWFDQEH
FRQGXFWHGLQWKHGRPDLQRIOHDUQLQJDQDO\WLFV /$ 7KHH[DPSOHVWXG\SUHVHQWHGLQWKLV
chapter followed a standard methodology for evaluating recommender systems in learning.
7KHH[DPSOHLVVHWLQWKHFRQWH[WRIWKH)32SHQ'LVFRYHU\6SDFH 2'6 SURMHFWWKDWDLPV
to provide educational stakeholders in Europe with a social learning platform in a social
QHWZRUNVLPLODUWR)DFHERRNEXWXQOLNH)DFHERRNH[FOXVLYHO\IRUOHDUQLQJDQGNQRZOHGJH
sharing. In this chapter, we describe a full recommender system data study in a stepwise
process. Furthermore, we outline shortcomings for data-driven studies in the domain of
OHDUQLQJDQGHPSKDVL]HWKHKLJKQHHGIRUDQRSHQOHDUQLQJDQDO\WLFVSODWIRUPDVVXJJHVWHG
by the SoLAR society.
Keywords:5HFRPPHQGHUV\VWHPRIĂLQHGDWDVWXG\XVHUVWXG\FROODERUDWLYHāOWHULQJ
LQIRUPDWLRQVHDUFKDQGUHWULHYDOLQIRUPDWLRQāOWHULQJUHVHDUFKPHWKRGRORJ\VSDUVLW\

With the emergence of massive amounts of data in
various domains, recommender systems have become
a practical approach to provide users with the most
suitable information based on their past behaviour and
FXUUHQWFRQWH[W'XYDO  LQWURGXFHGUHFRPPHQGHUVDVDVROXWLRQÜWRGHDOZLWKWKHÙSDUDGR[RIFKRLFHÚ
and turn the abundance from a problem into an asset
IRUOHDUQLQJÝ S SRLQWLQJRXWWKDWVHYHUDOGRPDLQV
such as educational data mining, big data, and Web
DQDO\WLFVDOOWU\WRāQGSDWWHUQVLQODUJHDPRXQWVRI
data. For instance, data mining approaches can make
recommendations based on similarity patterns detected from the collected data of users. Furthermore,
DVXUYH\FRQGXFWHGE\*UHOOHUDQG'UDFKVOHU  
LGHQWLāHGUHFRPPHQGHUV\VWHPVDQGSHUVRQDOL]DWLRQ
as an important part of LA research.
Recommender systems can be differentiated according
to their underlying technology and algorithms. Roughly, they are either content-based or use collaborative
āOWHULQJ&RQWHQWEDVHGDOJRULWKPVDUHRQHRIWKH
main methods used in recommender systems; they
recommend an item to the user by comparing the
representation of the item’s content with the user’s
SUHIHUHQFHPRGHO 3D]]DQL %LOOVXV &ROODERUD-

WLYHāOWHULQJLVEDVHGRQXVHUVÚRSLQLRQVDQGIHHGEDFN
RQLWHPV&ROODERUDWLYHāOWHULQJDOJRULWKPVāUVWāQG
like-minded users and introduce them as so-called
nearest neighbours to some target user; then they
predict an item’s rating for that user on the basis of the
ratings given to this item by the target users’ nearest
neighbours (co-ratings) (Herlocker, Konstan, Terveen,
5LHGO0DQRXVHOLV'UDFKVOHU9HUEHUW 'XYDO
2012; Schafer, Frankowski, Herlocker, & Sen, 2007).
In the past, we have applied recommender systems in
various educational projects with different objectives
'UDFKVOHUHWDO)D]HOL/RQL'UDFKVOHU 6ORHS
'UDFKVOHUHWDO ,QWKLVFKDSWHUZHZDQW
WRVKDUHVRPHEHVWSUDFWLFHVZHKDYHLGHQWLāHGVRIDU
regarding the development and evaluation of recommender system algorithms in education; we especially
ZDQWWRSURYLGHDQH[DPSOHRIKRZWRVHWXSDQGUXQ
DUHFRPPHQGHUV\VWHPVH[SHULPHQW
As described by the RecSysTEL working group for
Recommender Systems in Technology-Enhanced
/HDUQLQJ 'UDFKVOHU9HUEHUW6DQWRV 0DQRXVHOLV
2015) it is important to apply a standard evaluation
method. The working group identified a research
methodology consisting of four critical steps for eval-
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uating a recommender system in education:

(Manouselis et al., 2012).

1.

A selection of dataset(s) that suit the recommendation task. For instance, the recommendation
WDVNFDQEHāQGLQJQHZLWHPVRUāQGLQJUHOHYDQW
items for a user.

2.

An RIĂLQHGDWDVWXG\ of different algorithms on the
selected datasets including well-known datasets
(if possible, education-oriented datasets such
as MovieLens makes movie recommendations)
to provide insights into the performance of the
recommender systems.

In our study, our target environment is social learning
platforms in general. Social learning platforms work
similarly to social networks such as Facebook but,
XQOLNH)DFHERRNWKH\DUHGHYHORSHGH[FOXVLYHO\IRU
the purpose of learning and knowledge sharing. They
RIWHQVHUYHWKHUHIRUHDVDFRPPRQSODFHH[FOXVLYHO\
for educational stakeholders such as teachers, students,
learners, policy makers, and so on. Our target social
OHDUQLQJSODWIRUPLV2SHQ'LVFRYHU\6SDFH 2'6 2 As
LQGLFDWHGRQWKH2'6KRPHSDJH

3.

A comprehensive user study to test psycho-educational effects on learners as well as on the technical
aspects of the designed recommender system.

4.

A deployment of the recommender system in a
real life application, where it can be tested under realistic, normal operational conditions with
actual users.

The above four steps should be accompanied by a
complete description of the recommender system
DFFRUGLQJWRWKHFODVVLāFDWLRQIUDPHZRUNSUHVHQWHG
'UDFKVOHUHWDO 7KHGDWDVHWXVHGVKRXOGEH
reported in the special section on educational datasets
RIWKH-RXUQDORI/HDUQLQJ$QDO\WLFV1 and made available for other researchers under certain conditions
'LHW]H6LHPHQV7DLEL 'UDFKVOHU 7KLVZRXOG
allow other researchers to repeat and adjust any part
of the research to gain comparable results and new
insights and thus build up a body of knowledge around
recommender systems in learning analytics.
,QWKLVFKDSWHUZHSUHVHQWDQH[DPSOHRIDQH[SHUimental study that followed the research methodology described above for recommender systems in
HGXFDWLRQ7KHUHVWRIWKHFKDSWHULVRUJDQL]HGDV
IROORZV,QWKHQH[WVHFWLRQZHSUHVHQWDQH[DPSOH
of a recommender system study that followed the
PHWKRGRORJ\GHVFULEHGDERYHVWHSE\VWHS1H[WZH
H[SODLQWKHSUDFWLFDOLPSOLFDWLRQVRIWKHH[SHULPHQW
then, we conclude.

A RECOMMENDER SYSTEM
EXPERIMENT IN THE EDUCATIONAL
DOMAIN
In this section, we describe how one should evaluate
a recommender system in learning, making use of an
H[SHULPHQWDOVWXG\SUHVHQWHGLQRXU(&7(/SDSHU
)D]HOLHWDO 7KLVVWXG\IROORZVWKHVWDQGDUG
methodology described above. To this methodology,
however, we added an additional step: that of develRSLQJDFRQFHSWXDOWKHRUHWLFDOPRGHO )D]HOLHWDO
2013)., which is presented in a RecSysTEL special issue
KWWSVHSUHVVOLEXWVHGXDXMRXUQDOVLQGH[SKS-/$DUWLFOH
YLHZ

2'6DGGUHVVHVYDULRXVFKDOOHQJHVWKDWIDFHWKH
H/HDUQLQJHQYLURQPHQWLQWKH(XURSHDQFRQWH[W
The interface has been designed with students,
teachers, parents and policy makers in mind.
2'6ZLOOIXOāOOWKUHHSULQFLSDOREMHFWLYHV)LUVWO\
it will empower stakeholders through a single,
integrated access point for eLearning resources
from dispersed educational repositories. Secondly, it engages stakeholders in the production
of meaningful educational activities by using a
social-network style multilingual portal, offering
eLearning resources as well as services for the
production of educational activities. Thirdly, it
will assess the impact of the new educational
activities, which could serve as a prototype to
be adopted by stakeholders in school education.
7KHPDLQJRDORIRXUVWXG\LVWRāQGRXWZKLFKUHFommender system can best suit the data and information needs of a social learning platform, the main
UHFRPPHQGDWLRQWDVNEHLQJWRāQGLQJUHOHYDQWLWHPV
for users. In the following sub-sections, we describe
the study step by step.

Dataset Selection
0RVWGDWDVWXGLHVWDUJHWDVSHFLāFHQYLURQPHQWRU
VSHFLāFJURXSRIXVHUVDQGWKXVUHTXLUHDVSHFLāF
type of data. In our case, the target social learning
SODWIRUPVLV2'6&RQVHTXHQWO\ZHWULHGWRāQGGDWD
FROOHFWHGIURPOHDUQLQJSODWIRUPVVLPLODUWR2'6
We chose the MACE and OpenScout datasets for the
following reasons:
1.

The datasets provide social data of users (ratings,
tags, reviews, et cetera) on learning resources.
So, the structure, content, and target users of the
GDWDVHWVDUHVLPLODUWRWKRVHRI2'6

2.

Running recommender algorithms on these datasets helps us to evaluate their performance before
JRLQJRQOLQHZLWKWKHDFWXDOXVHUVRIWKH2'6

3.

Both the MACE and OpenScout datasets comply
ZLWKWKH&$0 &RQWH[W$XWRPDWHG0HWDGDWD IRUPDW 6FKPLW]HWDO ZKLFKRIIHUVDVWDQGDUG
PHWDGDWDVSHFLāFDWLRQIRUFROOHFWLQJDQGVWRULQJ

1
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2

http://opendiscoveryspace.eu

Table 20.1.'HWDLOVRIWKH6HOHFWHG'DWDVHWV
Dataset

# of users

# of items

Transactions

6SDUVLW\ 

Source

MACE









/#%'RQTVCN

1RGP5EQWV









1RGP5EQWVRQTVCN

MovieLens









)TQWR.GPUTGUGCTEJ

VRFLDOGDWD&$0KDVDOVREHHQDSSOLHGLQWKH2'6
for storing social data.
Besides these two datasets, we also tested the MovieLens dataset as a reference since, up until now, the
educational domain has been lacking reference datasets
for study, unlike the ACM RecSys conference series,
which deals with recommender systems in general.
Table 20.1 provides an overview of all three datasets
)D]HOLHWDO 1RWHWKDWWKHHGXFDWLRQDOGDWDVHWV
0$&(DQG2SHQ6FRXWFOHDUO\VXIIHUIURPH[WUHPH
sparsity. All the data are described more fully our
(&7(/DUWLFOH )D]HOLHWDO 

Off line Data Study
Algorithms. In this second step, we tried to select
algorithms that would work well with our data. First,
it is important to check the input data to be fed into
WKHUHFRPPHQGHUDOJRULWKPV,QWKLVFDVHWKH2'6
data, thus the data of the selected datasets, includes
interaction data of users with learning resources (items).
Therefore, we chose to use the Collaborative Filtering
(CF) family of recommender systems. CF algorithms
rely on the interaction data of users, such as ratings,
bookmarks, views, likes, et cetera, rather than on the
content data used by content-based recommenders.
CF recommenders can be either memory-based or
PRGHOEDVHGDFFRUGLQJWRWKHÜW\SHÝWKH\FDQEH
either item-based or user-based, referring to the
ÜWHFKQLTXHÝ)RUDGHWDLOHGGHVFULSWLRQRIWKHVHGLVWLQFWLRQVSOHDVHVHH6HFWLRQRI)D]HOLHWDO  ,Q
our study, we made use of all types and techniques:
both memory-based and model-based, as well as both

user-based and item-based. Figure 20.1 shows our
H[SHULPHQWDOPHWKRGFRQVLVWLQJRIWKUHHPDLQVWHSV
1.

We compared performance of memory-based
CFs, including both user-based and item-based,
by employing different similarity functions.

2.

We ran the model-based CFs, including stateRIWKHDUW0DWUL[)DFWRUL]DWLRQPHWKRGVRQRXU
sample data.

3.

:HSHUIRUPHGDāQDOFRPSDULVRQRIEHVWSHUIRUPLQJ
algorithms from steps 1 and 2. In addition to the
baselines, we evaluated a graph-based approach
SURSRVHGWRHQKDQFHWKHPHFKDQLVPRIāQGLQJ
neighbours using the conventional k-nearest
QHLJKERXUV N11 PHWKRG )D]HOLHWDO 

Performance Evaluation. After choosing suitable
datasets and recommender algorithms, we arrive at
the task of evaluating the performance of candidate
DOJRULWKPV)RUWKLVZHQHHGWRGHāQHDQHYDOXDWLRQ
protocol (Herlocker et al., 2004). A good description
of an evaluation protocol should address the following
questions:
Q1. What is going to be measured?
7\SLFDOO\LQPRVWRIĂLQHUHFRPPHQGHUV\VWHPVWXGLHV
we measure the prediction accuracy of the recommendations generated. By this, we want to measure
how much the rating predictions differ from the actual
ones by comparing a training set and a test set. The
training and test sets result from splitting our user
ratings data (the same as user interaction data). In our

Figure 20.1.([SHULPHQWDOPHWKRGXVHGLQ)D]HOLHWDO
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Figure 20.2. F1 of the graph-based CF and the best performing baseline memory-based and model-based CFs
IRUDOOWKHGDWDVHWVXVHG )D]HOLHWDO 
EC-TEL 2014 study, we split user ratings into 80% and
20% for the training set and the test set, respectively.
This kind of split is commonly used in recommender
V\VWHPVHYDOXDWLRQV )D]HOLHWDO 
Q2. Which metrics are suitable for a recommender
system study?
,IRXULQSXWGDWDFRQWDLQVH[SOLFLWXVHUSUHIHUHQFHV
such as 5-star ratings, we can use MAE (mean average
error) or RMSE (root mean square error). MAE and
RMSE both follow the same range as the user ratings;
IRUH[DPSOHLIWKHGDWDFRQWDLQVVWDUUDWLQJVWKHVH
metrics range from 1 to 5.
If the input data contains implicit user preferences,
such as views, bookmarks, downloads, et cetera, we
FDQXVH3UHFLVLRQ5HFDOODQG)VFRUHV:HPDGHXVH
of the F1 score since it combines precision and recall,
which are both important metrics in evaluating the
accuracy and coverage of the recommendations generated (Herlocker et al., 2004). F1 ranges from 0 to 1.
,QDGGLWLRQZHQHHGWRGHāQHWKHQLQWRSQUHFommendations on which a metric is measured, also
known as a cut-off,Q)D]HOLHWDO  ZHFRPSXWHG
the F1 for the top 10 recommendations of the result
set for each user.
Finally, we present the results of running the candiGDWHDOJRULWKPVRQWKHGDWDVHWVIROORZLQJWKHGHāQHG
HYDOXDWLRQSURWRFRO'XHWROLPLWHGVSDFHZHRQO\
SUHVHQWWKHāQDOUHVXOWVRIRXU(&7(/DUWLFOH
KHUH3OHDVHVHH6HFWLRQVDQGRIWKHRULJLQDO
DUWLFOH )D]HOLHWDO IRUPRUHUHVXOWV
Figure 20.2 shows the F1 results of best performing
PHPRU\EDVHG&) -DFFDUGN11 PRGHOEDVHG&) D
Bayesian method), compared to the graph-based CF.
7KH[D[LVLQGLFDWHVWKHGDWDVHWVXVHGDQGWKH\D[LV
shows the values of F1. As Figure 20.2 shows, the
graph-based approach performs best for MACE (8%)
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and MovieLens (24%) and the selected memory-based
and model-based CFs come in second and third place
right after the graph-based CF. For OpenScout, the
memory-based approach performs better with a difference of almost 1%.
In conclusion, according to the results presented in
Figure 20.2, the graph-based approach seems to perIRUPZHOOIRUVRFLDOOHDUQLQJSODWIRUPV7KLVLVUHĂHFWHG
by an improved F1, which is an effective combination
of precision and recall of the recommendation made.

Deployment of the Recommender System
and User Study
In the educational domain, the importance of user
VWXGLHVKDVEHFRPHHYHUPRUHDSSDUHQW 'UDFKVOHU
et al., 2015). Since the main aim of recommender systems in education goes beyond accurate predictions,
LWVKRXOGH[WHQGWRRWKHUTXDOLW\LQGLFDWRUVVXFKDV
usefulness, novelty, and diversity of the recommendations. However, the majority of recommender system
VWXGLHVVWLOOUHO\RQRIĂLQHGDWDVWXGLHVDORQH7KLVLV
probably because user studies are time consuming
and complicated.
$IWHUUXQQLQJWKHRIĂLQHGDWDVWXG\RQWKH2'6GDWD
ZHIXUWKHUHGWKHZRUNUHSRUWHGLQ)D]HOLHWDO  
by conducting a user study with our target platform.
For this, we integrated the algorithms that performed
EHVWZLWK2'6:HDVNHGDFWXDOXVHUVRI2'6ZKHWKHUWKH\ZHUHVDWLVāHGZLWKWKHUHFRPPHQGDWLRQVZH
made for them. For this we used a short questionnaire
XVLQJāYHPHWULFVXVHIXOQHVVDFFXUDF\QRYHOW\GLversity, and serendipity. The full description and results
of this data study and the follow-up user study have
not been published yet. The user study does not conāUPWKHUHVXOWVRIWKHGDWDVWXG\ZHKDGUXQRQWKH
DFWXDO2'6GDWDVKRZLQJWKDWLWLVTXLWHQHFHVVDU\WR
run user studies that can go beyond the success indictors of data studies, such as prediction accuracy.

Accuracy is one of the important metrics in evaluating recommender systems but relying solely on this
metric can lead data scientists and educational technologists down less effective pathways.

PRACTICAL IMPLICATIONS AND
LIMITATIONS
Accessing most educational datasets is challenging
since they are not publicly and openly available, for
H[DPSOHWKURXJKUHIHUHQFHOLQNV0RUHRYHULWLVRIWHQ
GLIāFXOWWRFRPSDUHWKHāQGLQJVRIUHODWHGVWXGLHVIRU
LQVWDQFHWKRVHE\9HUEHUWHWDO  DQG0DQRXVHOLV
9XRULNDULDQG9DQ$VVFKH  $OWKRXJKZHDSSOLHG
the same datasets, and some of the algorithms used
LQWKRVHWZRVWXGLHVWKHUHVXOWVRIRXUH[DPSOHVWXG\
differ from their results. Therefore, we could not
gain additional information from the comparisons
UHJDUGLQJWKHSHUVRQDOL]DWLRQRIOHDUQLQJUHVRXUFHV
One possible reason is that the studies use different
versions of the same dataset because the collected
data belongs to different periods of time. For the MACE
dataset, for instance, different versions are available.
,QIDFWQRXQLTXHYHUVLRQKDVEHHQā[HGIRUUXQQLQJ
H[SHULPHQWVQRUIRUFRPSDULVRQLQWKHUHFRPPHQGHU
system community.
This problem originates from the fact that, unfortunately,
there is no gold-standard dataset in the educational
domain comparable to the MovieLens dataset3 in the
e-commerce world. In fact, the LA community is in need
of several representative datasets that can be used as
DPDLQVHWRIUHIHUHQFHVIRUGLIIHUHQWSHUVRQDOL]DWLRQ
approaches. The main aim is to achieve a standard
data format to run LA research. This idea was initially
VXJJHVWHGE\WKHGDWD7(/SURMHFW 'UDFKVOHUHWDO 
and later followed up by the SoLAR Foundation for
/HDUQLQJ$QDO\WLFV *DÇHYLİHWDO ,QWKHGRPDLQ
RI022&V'UDFKVOHUDQG.DO]  KDYHGLVFXVVHG
this lack of comparable results and the pressing need
for a research cycle that uses data repositories to
FRPSDUHVFLHQWLāFUHVXOWV0RUHRYHUDQ(8IXQGHG
project called LinkedUp4 follows a promising approach
towards providing a set of gold-standard datasets by
DSSO\LQJOLQNHGGDWDFRQFHSWV %L]HU+HDWK %HUQers-Lee, 2009). The LinkedUp project aims to provide

a linked data pool for learning analytics research and
to run several data competitions through the central
data pool.
Overall, the outcomes of different recommender sysWHPVRUSHUVRQDOL]DWLRQDSSURDFKHVLQWKHHGXFDWLRQ
domain are still hardly comparable due to the diversity
of algorithms, learner models, datasets, and evaluation
FULWHULD 'UDFKVOHUHWDO0DQRXVHOLVHWDO 

CONCLUSION
The main goal of this chapter has been to illustrate
how to identify the most appropriate recommender
system for a learning environment. To do so, we folORZHGDQH[DPSOHGDWDVWXG\XVLQJWKHVWDQGDUG
PHWKRGRORJ\SUHVHQWHGLQ'UDFKVOHUHWDO  IRU
evaluating recommender systems in learning. The
methodology consists of four main steps:
1.

Select suitable datasets preferably from the educational domain and, in case the actual data is not
available yet, similarly to the target data.

2.

Run a set of candidate recommender algorithms
WKDWEHVWāWVWKHLQSXWGDWD7KHRXWSXWRIWKLV
step should reveal which recommender algorithms
best works with the input data.

3.

Conduct a user study to measure user satisfaction
on the recommendations made for them.

4.

'HSOR\WKHEHVWFDQGLGDWHUHFRPPHQGHUWRWKH
target learning platform.

7KHIDFWWKDWRXUXVHUVWXG\UHVXOWVGLGQRWFRQāUP
WKHUHVXOWVRIWKHRIĂLQHGDWDVWXG\LOOXVWUDWHVWKH
importance of running user studies even though they
are quite time consuming and complicated.
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