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ABSTRACT

In a scientific scenario we can notice the predamae of explicit knowledge being manipulated arsdriiuted, which

makes recommender systems very useful in this @mvient. But along with a knowledge management aghrdas

kind of system can support the organization indsetlentifying competences, help engage usersdaonéinuous and
dynamic knowledge exchange, and customize knowlelilgeemination as much as possible. MISIR is a boittive

recommender system, developed to help to the psameknowledge exchange. In this work we detaibHaborative

recommender system which is used in a Scientifioidladge Management Environment; we show how thigageh

can be aimed at a KM process and how this appreaciieal with other kinds of knowledge used inaese centers and
universities.
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1. INTRODUCTION

Observing the considerable and increasing amouditgital information available it becomes more and
more difficult to discern which the most relevamformation is. Unfortunately we do not have enotigie
to read, interpret and assimilate all data abautgect of our interest. We can try to optimize Wk with
the use of Recommendation Systems.

A Recommendation System is the evolution of Infdiara Filtering. However, while the focus of
Information Filtering approach is on the removalnwi-relevant results from a search, Recommendation
Systems try to show the most relevant results te tiser. We usually make choices based on
recommendations from other people who have a gimpitafile to ours to choose movies, books, etc.

People who dominate a subject can determine whetfiErcument is interesting or not just by quickly
browsing through it. However, they can not extameathe rules on which they base their evaluatiba o
material because this decision relies mainly oit kamwledge and on the evaluator’'s personal coampts.
This kind of solution is especially useful to Kn@dhe Management whose main challenge is to idegutitly
to enable the right knowledge (tacit and expliaitthe appropriate time.

The proposal of this work is the creation of a Ragwndation System which was incorporated into a
Scientific Knowledge Management environment, alloyviresearchers and students to receive, in an
optimized way, explicit and useful knowledge foeittresearch process. This recommendations areddcu
to improve the learning process, reducing the amotidocumments read, without reduce the qualityhef
study. The MISIR approach was implemented into G&Cenvironment for KM in scientific research, used
by teachers and students. Apart from selectivedgatninating explicit knowledge, this proposal dlstps in
identifying tacit knowledge and competences ofitiséitution.



To describe this work, a small revision of Recomdagion Systems (section 2) will be made at first,
showing different approaches, as well as advantagdsdisadvantages of each one. Next, the appulicati
scenario for this solution will be shown (section & well as the approach itself (section 4). #&detter
understanding a small case study will be providettion 5). Finally we will mention future patlws fvorks
and the reach the conclusion of this work (sed@ipn

2. RECOMMENDATION SYSTEMS

These systems are especially useful when the waarchoices is big and unknown, when the uses doée
have enough knowledge or expertise to decide, @nwhere is a record of similar behaviour from othe
people. There are two approaches to Recommendayistems (Balabanovic and Shoham, 1997:66-72): the
content-based approach (section 2.1) and collalerapproach (section 2.2). It is important to eanber
that there are hybrid approaches to making a reamdation, which combine the two approaches.

2.1 Content-Based Approach

The premise, in which the content-based approalibsren, is that the user would like to see similar
documents from others, which have already been ardnwell evaluated previously. In this approduh t
similarity is calculated among evaluated documemd others which have not yet been evaluated by the
user. If the similarity among the evaluated and-avaluated documents is big, and the evaluatedrdent

had obtained a good grade, the non-evaluated dotusmeecommended.

One of the main problems related to this approadh maintain the recommendation for the subjdets t
have been specifically evaluated by the user. @udwnt on a new subject would never be recommended
because it would not be similar to any of otheruwtoents which were positively evaluated by the user
(Balabanovic and Shoham, 1997:66-72).

Furthermore, the concept of similarity among docatsiés the same of quality similarity. So, a docame
which was recommended by this approach may notssecéy have quality comparable to the document
with which it was compared in the recommendatidmis Tmeans that two documents can be similar, howeve
with very different quality between them. One I&sttor to bear in mind is that there still are rificeent
methods to compare objects such as video and #&Bterdanad and Maes, 1995:210-127) because content
analysis is made especially by mining techniques.

2.2 Collabor ative Approach

In the collaborative approach the system seekdagitiés among the users in order to recommend l& we
evaluated document for a similar user. The appréalabws the principle that users are seeking audoent
which has already been evaluated positively byratisers similar to him/her (Resnick et al, 1994:185).
This kind of evaluation type is supposedly mordacefht because people evaluate documents in a more
proficient way than computational systems, duerthetvious experiences, expertise, and understgrafin
the area, quick association with correlated worlé @mparison with work of the same area.

Systems relying exclusively on content-based fitgrecommend only items closely related to thoee t
user has previously rated, while collaborative-atiutions suffer from a cold-start problem, negdanlarge
number of users have rated items in its datab&adte( and Antonopoulos, 2006:35-41).

In the collaborative approach it is possible toredhe problem found in the recommendation madeavia
content-based approach where the user only recda@snents of similar contents making the accesgto
subjects and the possible analysis of existenestbjmore difficult.

3. APPLICATION SCENARIO

With the intention of aiding Knowledge Managememtrésearch centers and universities the GCC was
created (Oliveira et al, 2005). There are sevaralkof explicit scientific knowledge, but mainlgientific



knowledge is disseminated in the shape of documeastpublications, theses and technical reportsed-a
with this scenario, a recommendation module wasrparated to GCC.

In the initial page of the system the user is mdifabout the documents which have not yet been
evaluated by him/her but that can be of his/heere@gt as shown in Figure 1. The user can upload and
evaluate a document in his/her community but hefstie navigate to existing communities to access

available documents and to evaluate them at arg, &% shown in Figure 2.
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Figure 1. The user is notified about new intergstin
documents when logging into GCC.

Figure 2. The user can evaluate documents posted in
a community.

4. MISIR APPROACH

The MISIR approach aims at facilitating access teadety of documents for GCC users. To do so the
documents must support users' evaluations. Widhsugvaluations it is possible to predict gradésciv
were not given by other users. When a documenah@eviewed grade to a user and this grade iseabov
set minimum limit value, this document will be rezmended to the user.

We can divide the MISIR Approach in two stagesredjrtion stage and recommendation stage. In the
prediction stage, the algorithm seeks documentsthigauser has not evaluated and, based on eadk gra
given by the other users and it calculates a grmleeach non-evaluated document found. In the
recommendation stage documents whose predicteégeere higher than a stipulated limit are selected

In the first stage the similarity among users ikwated taking into account the "users x docunients
matrix. Each line of the matrix contains a seriegrades which are the;User's evaluations for document
D;. If user Y has not evaluated a certain documenalDthe users that evaluated documepai@ selected.
Then, similarities are calculated between eachofitiee selected users ang Wfter that the prediction grade
is calculated starting from each user's evaluadimhhis/her respective similarity.

In the following stage, all predicted grades aréfieel and, if the prediction grade is higher thidune
reference value, the document will be chosen foomemendation to the user.

By analyzing the comparisons for approaches, maaiedskinds of algorithms which can be developed,
related to the reality in which GCC is found, wecided to invest in the collaborative approach, gigime
model in memory and the Pearson’s algorithm’s Qatian (Breese et al, 1998:43-52).

This choice proves ideal for our case because tB& @oes not simply recommend documents,
eliminating the content-based approach. The recemdietion based on memory was chosen because it is
more effective than the recommendation based omibel, as we can see in tests done by (Breese et a
1998:43-52), and of easy implementation. In tlistiosn we will describe, in general terms, the Beals
algorithm’s Correlation. Initially, for the calation of grade prediction (Breese et al, 1998:48-62 used
Equation 1.

Suaix(n, -m) Sh
Pa,j =m, + Z‘W(aJ) (1) m = i . 2

Where
Pa is the prediction grade of user a for item j;



a is the user who wishes to make the prediction;

j is the document upon which we wish to calculateévaluation;
w(a, i) is the correlation between user a and iiser

m; is the arithmetical mean of user i's evaluations;

ni; is the grade which was given to document j by user

Calculation of the arithmetical mean of a user&lgs is given by Equation 2.

Where

m; is the arithmetical mean which we wish to calalat

j is a document which was already evaluated byties;
N; is the number of documents evaluated by user i;

n;; is the grade which was given to document j by user

For the Pearson Method, the value of w(a, i) isuated based on the users' correlation. The latior
between usea and user is calculated by Equation 3, where j is a docunvemrith was evaluated by both
users.

Z(na,j _ma)x(ni,j _m) -
\/Z(na,j -m)° x\/Z(ni,j -m)?

The Pearson coefficient w(a,i) obtains values e[tl, +1] interval. The closer it is to -1, thederelated
the users are. On the other hand, the closetat+4, the more similar they are.

w(a,i) =

©)

4.1 The Workings of Recommendation

We will follow an example of operation of the Paar's algorithm and give step-by-step example dsoto
the Recommendation System works.

The matrix shown in Table 1 contains users' grddedocuments (those grades vary from 1 to 5). We
will carry out grade prediction for Document 3 bgey 4.

In the first step, we calculated the averages $ersl grades without taking into account the ptexdis of
grades done already or documents which were nddatea. The result of this example is in Table 2.

Table 1. Evaluation Matrix: Users vs. Documents
Table 2. Grade average by users to Document 3

D1| D2 | D3 | D4 | D5
Average
L 4 5 2 4 User 1 3,75
e 3 2 3 3 User 2 2,75
U3 | 5 4 4 1 3 User 3 3.4
u4 2 1 5 2 User 4 2,5
us 3 3 1 4 User 5 2,75

We needed to calculate w(User 4, User 1), w(Uséfsér 3) and w(User 4, User 5) below. Notice that i
is not necessary to calculate w(User 4, User 2 User 2 did not evaluate the document. Anatbiil
is that we did not need to calculate w(User 4, Ugdrecause it is easy to conclude that w(Usersérd) =
1 because an user is always 100% similar to hiredfier
(2-25)x(4-375)+ (5- 25)x (2- 375)+ (2- 2,25) x (4 - 375)

41) =
WD J@-225)% + (5-25)2+ (2-25)2 x+/(4-375)2 + (2~ 375)° + (4~ 375)°
So:
- 4,625 : - 4,625
4)=— "2 s w(4]D) = 0-0,997
Wi /6,75 x /31875 4,638

This degree of correlation shows that User 1 isoalnalways contrary to User 4 (see it in Table 1).
His/her opinions are always very different and fedhe reason why the coefficient is closer to -1.
In repeating the calculations for other users, @&hed the following results:



w(4.3) C -0,841; w(4,5) C -0,683

With the values of the Pearson’s Correlation, we &gecute the grade prediction.
(-0,997) x (5- 3,75) + (—0,841) x (4 — 3,4) + (0,683) x (1L - 2,75)

P4,3

P4,3

Documents are recommended according to a criterigerecision. The higher the threshold, the higher
the efficiency of the recommendation will be; howeva smaller number of documents will be

=25+

=25+

(-294)

2,521

(=0,997)| + |(-0,841)| +

025-1166 0133

(0,683)|

recommended. Concluding the example recommendatiemave Table 3 as a result.

Table 3. Matrix of evaluations: Users vs. Documéafter prediction)

Document 1 | Document 2| Document 3| Document 4| Document 5
User 1 4 4.4 5 2 4
User 2 3 2 1,6 3 3
User 3 5 4 4 1 3
User 4 2 1 1,3 5 2
User 5 3 3 1 4 2,6

Should our chosen threshold be 4 then documentlb&irecommended to User 1. In spite of having
recommended only 1 document, we should emphasatethils document represents 25% of the documents
available for recommendation.

5. CASE STUDY

With the intention of demonstrating the efficienafythe recommendation, a small evaluation of theteay

will be described. The evaluation consists of cormgagrades that the users had evaluated and their
respective recommendations that would be made égybhtem. Comparing these two grades we can prove
the efficiency of the recommendation. Thus, 10 Isoalkere chosen from the degree course in Computer
Science. Five graduation students from the ComgBiteence course at UFRJ took part in the evaloatio
These students used the GCC to evaluate the bddkss, 50 evaluations of the users were obtained.

The evaluation can be divided into three stepse fiitst step consists of randomly erasing parthef t
evaluations. In the second step the algorithm éceted and does the prediction for the erased grawal¢he
third and final step, the precision of the algarithrough metrics defined in (O’Connor and Herlacke
1999) is calculated.

The identification codes and the title of books lesed in Table 4.

Table 4. List of different books used in differetdsses

Student Iq Title (in Portuguese) Class
1 C Completo e Total Computing | and Computing I
2 Analise Combinatoria e Probabilidade Combinatorglgsis
3 NUmeros Inteiros e Criptografia RSA Integer Nundred Cryptography
4 Estruturas de Dados e seus Algoritmos Data Simeitt
5 Introduc@o aos Sistemas Digitais Logical Circuits
6 Fisica vol. | — Haliday Physics |
7 Redes de Computadores e a Internet Network
8 Estatistica Basica Statistics and Probability
9 Engenharia de Software Software Engineering
10 Compiladores: principios, técnicas e ferramej@ampilers |




The 50 evaluations are represented in Table 5.tHeosake of simplification the document’s codd bd
used as its identification in the following tabtEfghis study.

In the first step of the study, we randomly era2@® of the books evaluations. Notice that theyidbe
different percentages. The erased grades are charkeable 5. The erased grades were predictedhisn
step, during the execution of the prediction aldponi, three matrices were generated: matrix of amgtcal
mean for the user’s evaluations, matrix of coriefabetween the users and matrix of prediction.

The first matrix calculated in the algorithm is thBthmetical mean of the user’s evaluations, geteelr
for the program and illustrated in Table 6.

Table 5. Material Grades by Users Table 6. Average Grades by Users

Students (Users) Student | Average

André | Daniel |Eduardq Jo&o | Robson André 2,875

1 3 3 b 5 5 Daniel 3,500

g j g g 35 45 Eduardo 4,125

. 2 3 5 5 5 5 Jodo 3,625

<[5 4 3 4 5 4 Robson 3,750
3l 6 4 3 3 1 3
7 4 4 5 3 2
8 1 4 3 1 1
9 2 4 4 5 2
10 3 2 4 4 5

The second generated matrix contains the correktietween the users, as shown in Table 7. The
correlation between the users is calculated omésés of the documents that both had evaluated.

Table 7. Symmetric matrix w obtained by Pearsotgsrithm

Correlation User i
Coefficientw(a,i) André Daniel Eduardo Jodo Robson
André 1 0,017 0,659 0,218 0,479
f Daniel 0,017 1 0,622 0,306 -0,203
& |[Eduardo 0,659 0,622 1 0,669 -0,133
> Jodo 0,218 0,306 0,669 1 0,271
Robson 0,479 -0,203 -0,133 0,271 1

The matrix of correlation between the users is sgtnical. Correlations get values between [-1, +The
closer the correlation is to +1, the more simila tisers are in the way of evaluating, i. e., theyor dislike
the same documents. The closer the correlatidn 4, the more dissimilar the users are in the why
evaluating.

The third matrix calculated in the algorithm is a@lent to the prediction of the erased grades. The
results are illustrated in Table 8.

Table 8. Matrix of material’s grades by users, V@@ of prediction

Book Students

ID André Daniel Eduardo Jodo Robson
1 3 3 4,377 5 5
2 3 2 3 2,863 4

3 4 5 5 5 5
4 3 5 5 5 3,761
5 2,900 3 4 3,513 4
6 4 2,300 3,327 1 3
7 2,582 4,113 5 3 2
8 1 4 3 1 2,313
9 2 4 4 5 2
10 3 2 4 4 5




The prediction having been concluded, we are gmngeasure the precision of the prediction algarith
Initially, it is necessary to get the error for kgwediction, comparing the grades calculated byatigorithm
(prediction’s grade) with the user’s evaluatiora(rgrade).

In (O’Connor and Herlocker, 1999) the author praub® evaluate the collaborative filtering algomith
on the basis of Mean Absolute Error (MAE), showrEiquation 4. The closer the MAE is to 0, the more
precise the algorithm is.

In the same way, we define the Mean Percentage BWBE), as in Equation 5.

2IE| 2.|PE|

MAE=——— . ® MPE=z____ (8
N N

where:

i corresponds to a prediction;

Ei is the error of each prediction;

pEi is the percentage error of each prediction;
N is the number of predictions carried out;

Indexes MAE and MPE were calculated using the datkected in this study. Predictions’ values are
listed in Table 9. And, as expected, it was fotimat the Mean Absolute Error value is close to zes
demonstrated in (Breese et al, 1998:43-52).

Table 9. List with prediction grades

Student | Book Prediction Grade| Difference | % Error|Abs. Error
, 5 2,900 4 -1,100 22,0 1,1
André
7 2,582 4 -1,418 28,4 1,418
el 6 2,300 3 -0,700 14,0 0,7
7 4,113 4 0,113 2,3 0,113
1 4,377 5 -0,623 12,5 0,623
Eduardo
6 3,327 3 0,327 6,5 0,327
» 2 2,863 3 -0,137 2,7 0,137
Joéo
5 3,513 5 -1,487 29,7 1,487
4 3,761 5 -1,239 24,8 1,239
Robson
8 2,313 1 1,313 26,3 1,313
-4,951 169,2 8,457| Total
MPE 16,9 0,8457| MAE

Finally, in possession of the predictions, the nea®ndation system rounds the predicted grade to the
next integer and verifies if it reached the thrddhbat we stipulate as being grade 4 (in a 1 $ode). Thus,
the MISIR selects the documents to be recommende@dch user, as demonstrated in Table 10 of our
example, where 40% of the predictions were conddrt® recommendations.

We can see that the system makes many recommemslatiol these recommendations are precise (as it
can be found by comparing Tables 5 and 8). Itciaigis that it is possible to have a good idea®futer’'s
taste only by comparing his/her evaluations witieotusers’ evaluations.

The pure MAE index value can lose some of its magrsince we are not making comparisons of
efficiency between recommendation systems. Howeétgepercentage error, Mean Percentage Error (MPE)
is of 16.9%. This means that the predicted grhdes, on average, 16.9% error.

Another thing that can be seen is that, in theijonitg, the biggest errors occur with grades 1 &ndrhis
happens because these limits behave in an asympitayi in relation to the recommendation. Thenpeife
these errors are physically bigger on average, éineyess representative because they had to nebéyger
to interfere in the recommendation of a singlewtoent.



Table 10. List of Recommendations

Student Book Predicted Grade
Daniel Redes de Computadores e a Internet 4113C4

Eduardo C Completo e Total 4377C4
Jodo Introducéo aos Sistemas Digitais 3513C4

Robson Estruturas de Dados e seus Algoritmos 3761C 4

6. CONCLUSION AND FUTURE WORKS

This work presented an environment of recommendatfaplied in a Scientific Knowledge Management
scenario. As seen in the previous section, thisremment assists in several stages of the KM poaéso
being a useful tool in the identification of eadrgon’s competences in a research centre or uitivers

Although it has advantages, this approach doesdeat with problems such as the insertion of new
documents in the database, which will be recomnerody later, after some users have evaluatedit.
tougher issue to correct is the treatment giveruders who have interests that not fit in groupsis Th
particular kind of user won'’t have similar usersieththe MISIR can rely on to make the predictions.

The biggest advantage of the chosen approachastigmsibility. The described algorithm can beduse
recommend any types of explicit knowledge and wideded in the scientific scenario, such as linksli@
video, processes, mental maps, models, practioesgst others.

As future work we can mention the enlargement ef ghoposal aimed at the work with these kinds of
explicit knowledge. We have planned an usabilitydgt with real users, to verify if the recommendatis
really used by the students. Also, we will extelnid proposal to a hybrid proposal, taking into ¢desation
the user’s experience and expertise in order tal@othe evaluation provided. For this we will ubés
approach — which has already been developed iG@@ environment as GCC tools - to identify spestali
and measure individual knowledge.

REFERENCES

Balabanovic, M., Shoham, Y., 1997. Fab: Contentea€ollaborative Recommendatid®ommunications of the ACM
v. 40, n. 3, pp. 66-72.

Breese, J. et al.,, 1998. Empirical Analysis of Rk Algorithms for Collaborative FilteringProceedings of
Fourteenth Conference on Uncertainty in Artificiatelligence Madison, WI, USA, pp. 43-52.

Herlocker, J. et al., 1999. An algorithmic framelwdor performing collaborative filteringProceedings of the 22nd
annual international ACM SIGIR conference on Redeaand development in information retrievdderkeley,
California, USA, p.230-237.

O’Connor, M., Herlocker, J., 1999. Clustering Itefos Collaborative FilteringWorkshop on Recommender Systems:
Algorithms and EvaluatiagrConference on Research and Development in Infiom&etrieval, California, USA.
Oliveira, J. et al., 2005. GCC: An Environment Karowledge Management in Scientific Research andhétigcducation

CentresProceedings of I-KNOW 'Q%5raz, Austria, June, 2005.

Resnick, P. et al, 1994. GroupLens: An open archite for collaborative filtering of netnewBroceedings of the 1994
ACM conference on Computer supported cooperativé,v@apel Hill, North Carolina, USA, pp. 175 — 186.

Salter, J., Antonopoulos, N., 2006. CinemaScreecoRenender Agent: Combining Collaborative and ConBased
Filtering. IEEE Intelligent Systems, vol. 21, no.dh. 35-41.

Shardanad, U., Maes, P., 1995. Social informatileerihg: Algorithms for automating “word of mouthProceedings of
the Conference on Human Factors in Computing Syste@isl 95 Denver, USA, pp. 210-127.



