CONTEXT-AWARE INFORMATION RETRIEVAL
BASED ON USER PROFILES

Santtu Toivonen
VTT Technical Research Centre of Finland, P.O.Box 1000, FIN-QX04T, Finland

Heikki Helin
TeliaSonera Finland Oyj, P.O.Box 970, FIN-00051 Helsinki, Finland

Keywords: Information retrieval, context-awareness, user-generated content.

Abstract: In mobile Web usage scenarios, taking advantage of user context in information retrieval (IR) and filtering
becomes evident. There are multiple ways to approach this, of which we present some alternatives and discuss
their performance independently and in combination. The investigation is restricted to Semantic Web like
structured content consisting of statements. The discussed approaches address relative importances of state-
ments constituting the content, dependencies between statements, and close matches. Simulated results of the
various approaches are provided.

1 INTRODUCTION user has to simultaneously pay attention to occur-
rences taking place around her, calls for effective con-

Information overload, a phenomenon envisaged as €Nt retrieval ce_lpabilities. .Otherwi.se the user WOL_JId
early as in the 1970s (Toffler, 1970), was in essence fi- P& Swamped with useless information, through which
nally confronted in the 1990s. This was mainly due to She had notime to go. We recognize these phenomena
the birth and expansive growth of the Web. Since the @nd turn them into a design principle. By doing this
Web is an open environment where anyone can createVe contribute to the rise ahobile Web 2.qJaokar
content, people accessing it continuously come acrossand Fish, 2005).
material created by someone unknown to them. Of  The fundamental requirement we are addressing
this information people do not typically know a priori is: Access to Web content should respect that mobile
whether it is useful for them or not. users’ cognitive tasks and attentional resources are
Two current and emerging phenomena bring this discontinuous and short (Miller, 1956; Cowan, 200_1),
information overload problem even further. The first around four seconds by some studies (Oulasvirta
of them is calledWeb 2.0, which “refers to per- €tal, 2005). In practice, this principle shows in our
ceived or proposed second generation of Internet- WOrk by putting emphasis on information retrieval in
based services—such as social networking sites, wikis,géneral, and investigating the retrieval of relatively
communication tools, and folksonomies—that empha- Small and compact pieces of information in particular.
size online collaboration and sharing among users ~ We are harnessing the backbone of Web 2.0, namely
In Web 2.0, it is even easier than before for anyone User-generated content, to assist mobile users in their
to create and share content. The second phenomenofOgnitive tasks. Such user-generated content is subse-
is related to the advent of smart phones amcbile ~ guently referred to aSemantic Note§oivonen etal.,
accesdo Web content. It poses unique new require- 2005; Toivonen and Riva, 2006).
ments for information retrieval and filtering. As op- Our research focus is in the area of context-aware
posed to desktop PCs, mobile phones are often usedetrieval (CAR); see, for example (Jones and Brown,
while on the move. This, implying the fact that the 2000; Brown and Jones, 2001; Rhodes, 1997). We ac-
knowledge that the current activity of a user is often
1Source (retrieval date: 9.1.2007): the most important context attribute to be recognized
http://en.wikipedia.org/wiki/Wel2 in CAR. However, since the focus is on mobile users,
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our research includes also other context attributes, andstands all the terms found in the statement.
therefore extends many CAR research efforts such  The level of understanding a Semantic Notg (
as (Rhodes, 2000; Lieberman, 1995; Baeza-Yates ands represented bg,. Let S, be the set of statements
Ribeiro-Neto, 1999). We try ta priori specify these  in n so thats;, s, ..., € n, wherek = |S|. ny re-
relevant context attributes of a mobile user, such as ceives values between 0 and 1 based on the number
her location and social surroundings. In this respect of understood statements,{, s, ..., Sy, € n) divided
our methodology departs from the majority of CAR, by the number of all statements in the Semantic Note
which can more easily apply techniques of case-based(|S,|) as follows:
reasoning (Schank, 1983) for trying to determine a S|
stationary user’s browsing context. 1

The rest of the paper is organized as follows. In 0= Sl i;&i =1 70
the next section, we summarize the baseline informa- ny=0 S, =0
tion retrieval approach, which will later be modified ] A
in other approaches. Section 3 outlines the three pro- ~ There are many alternatives for computing the rel-
posed alternative approaches and is followed by Sec-€vance of a Semantic Note, of which our work falls in
tion 4 discussing their evaluation. Finally, Section 5 the category of rule-based approaches. These user-

concludes the paper and outlines some future work. SPecified rules connect the information content, of
which the relevance is to be determined, with the

user’s context (cf. (Jones and Brown, 2000)). Both the
information content—that is, the Semantic Notes—

2 THE DEFAULT INFORMATION and the user context are realized as sets of statements.
RETRIEVAL APPROACH If there exists a termtingy) in a statement found

in the user context, as well as a tertmy) in a state-
In this section the concept of Semantic Note is de- ment found in the Semantic Note so that both of those
fined and discussed. In addition, the general useful- conform to respective conceptgn) which are nav-
ness determination process of an arbitrary Semanticigable from the concepts( r2) found in the rule (),
Note is formalized. This is based on the approach de- the rule is said to be applicable;]. Navigability
scribed in (Toivonen et al., 2005; Toivonen and Riva, means that there exists a network of concepts and re-
2006). Semantic Notes are entities used for knowl- lationships, realized as one ontology or several con-
edge sharing among distributed cognitive processesnected ontologies, which enables navigating between
involving the Web. Although not all Web 2.0 content the two concepts. A positive match indicates that an
are tagged with rich semantic descriptions, it is obvi- applicable rule is found, as well as suitable values to
ous that having such is useful for many tasks (Gruber, satisfy it. Negative match means that there exists an
2006; White, 2006; Lawrence and Schraefel, 2006). applicable rule, but that the statements plugged in it
Therefore, in order to assist further retrieval and usage do not have suitable values. In order to assign rele-
of Semantic Notes, they are serialized in a structured vance values for the Semantic Notes utilizing the ap-
form with well-defined semantics. plicable rules, the following function is defined:

A Semantic Note stores and transmits some mean-

ingful piece of information, such as a definition of a 1 positive match
complex concept or instructions for completing a pro- appra) =m= 9 ¢ negative match )
cedure. The domain of information stored in Seman-
tic Notes is unrestricted. As a consequence, Seman- The functionappis realized as various concrete
tic Note is better defined functionally as capturing the rules, that determine the relevance assignmegt (
state of a cognitive process’s subprocess, which is dis-wheremindicates “match”). The applicable rules)

)

tributed (Hutchins, 1996) to involve the Web. as well as the match value) are utilized in the rel-
A Semantic Noterf) can be decomposed into its ~evance equation for Semantic Notes. Batbe the
constituents, namely statemerdls The termst(m) in set of applicable rules so thaf,ra,,...,rs, Where

a statement can be organized in the subject-predicatek = |[Ra|. The Semantic Note relevanced) can re-
object model of RDF, and conform to concepts in an ceive values between 0 and 1 as the ratio between
ontology. This kind of machine-accessibility is espe- the sum of the match values,rm,, ...,'m) and the
cially important for software agents and other deci- number of applicable rule$Ra|):

sion support systems. Combining the notion of state- R

ments and the approach adopted in (Williams and 0<Mu =+ Sy <1 0
Ren, 2001), an agent can be said to understand a state- =rel |Ra| i; m= Ra?t (3)
ment found in a Semantic Note, as long as it under- Nl = 0 Ry—=0
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where the captain with the same need is in an area

Finally, the usefulness of a Semantic Note for an equipped with many services, say a busy guest harbor
agent is defined as consisting of both understandingof a big city, but happens to arrive there very late in
the Semantic Note and considering it relevant. The in- the evening. Here (opening) time(s) is a much more

formation usefulness variablae) also receives val-
ues between 0 and 1, and is formalized as follows:

Nuse= ax Ny + D* Nrg| 4)

where 0< a+b < 1 anda,b e R*. Parametera and

b indicate the application-specific weights that are as-
signed to the understanding,j and relevanceng),
respectively.

3 ALTERNATIVE APPROACHES
FOR INFORMATION
RETRIEVAL

This section investigates information retrieval ap-

proaches other than the baseline approach presented

above. Note that the focus is on information rele-
vance only, that is, information understanding of the
baseline approach is left untouched. The motivation

important statement kind. The user can teach the sys-
tem about the importances of various statement kinds
via arelevance feedbadkop (Chakrabarti, 2002).
There are alternative approaches to the semantics-
based importance assignment, where the user and/or
the system has to have a priori insight on which state-
ment kinds are more important than others. The par-
ticular approach considered below in more detail is
based on the structural position of the statement in the
content currently under inspection. The simple ratio-
nale behind this approach is that the further deep the
statement in the content, the smaller its importance
with regard to the big picture. In achieving this, we
introduce a new variable for indicting this depth:

|Rel

Zrm £5
=

whered € Z*. Parameted indicates the depth of the

0<npe =

1
e 0
d= R Ra#

Nrel =0

®)
Ra=0

for considering other approaches arises in cases wherPStatement from the first levell = 1 indicates the first

the baseline approach selects too many or too few re-

sults, and if those results turn out not to be relevant

enough. There are three major subjects in this sec-

tion, which are:

1. Acknowledging that some statement kinds are nrore
portantthan others.
AcknowledgingdependencieBetween statements.

Acknowledgingclose matchets addition to exact ones.

2.
3.

Next, these three subjects will be separately ex-

level andd = 2 the second, that is:

<Note rdf:ID="http://foobar.org/barfoo">
<FirstLevel >
This is the first level with d=1
<SecondLevel >
This is the second |evel with d=2
</ SecondLevel >
</ FirstLevel >
</ Not &>

Applying thed parameter to the information rel-

plained in more detail. In Section 4, their capabili- evance calculation probably makes little difference if
ties of finding relevant results among Semantic Notes the content structure is very flat. However, in some
will be evaluated and contrasted with the baseline ap- cases there can be several layers of embedded con-
proach. In addition to contrasting them separately, a tent. In these situations usinfjis envisaged to turn
combination of all three approaches will be included. out useful, given that the statements closer to the sur-
face can concern larger themes than the ones deeper
within the structure, and therefore be considered more
important. Besides depth, another metric would be
to consider the amount of information “contained” by
the statement under inspection. In this model, two
Statements on the same depth would receive different

3.1 Assigning Important Weights for
Statement Kinds

In principle the importance weights to various state-
ments can be assigned either based on their semantic

or their position in the Semantic Note. As an exam-
ple of importance arising from semantics, consider a
sailboat traveling in a remote location with very few

points of interest. The captain needs to fill up the re-
frigerator of his boat. In this case location is an impor-
tant statement kind, since it is useful for the captain

relevance weights if they would have differing num-
ber of sub-statements.

3.2 Recognizing Dependencies Between
Statements

to have information about basically all grocery stores A statement in a Semantic Note can be dependent on
relatively close to him. And suppose another case, some other statement. For example, consider a boater
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docked in a guest harbor, with the intention of go-
ing to a restaurant for a dinner. She has two atomic
rules in her profile. The first of them states that she shared =2
is interested in content created by people she knows.
The other one says that she is interested in restau-
rants rated four stars or higher. Moreover, she has
a metarule in her profile stating that while engaged otx
in such activity, she is interested in restaurants which s J J
are ranked four stars or more, if the review/rating is /
created by a friend of hers. /
Various logical connectives can be introduced for E ........................... > J
expressing different dependency kinds between state-
ments and used in matching (Ranganathan and Camp- @
bell, 2003). In the example above, there is an impli-
cation relationship between the statements. In other
words, the relevance of the rating statement depends

on the statement expressing the creator, but not vice . ,
versa. There could also be an equivalence, which between the concept found in the Semantic Note and

would entail a mutual dependency. the root concept. Figure 1 depicts an example case of

So, to continue with the example: Suppose there this algorithm.

are two restaurants in the neighbourhood with 4-star | the terms in the user context and the Semantic
ratings each. One of the rating annotations is createdNOt€ have numerical values, the difference between

by someone unknown to the boater, while the other these values can in some cases be used as a measure

one by someone she knows. Say that there are onlyof relevance. The latter function we present fits these
these two statements in each annotation (one aboutc@S€s. For example, in the case of locations, suppose
the stars, and the other expressing the creator). Thethat the user is interested in content referring to enti-
relevances for these would be 0 and 1, respectively. ties close to her, as is often the case. Now, the further

In the absence of the implication rule the relevances @Way the content in question is from her, the less rel-
would be 0.5 and 1. evant it can be said to be. The following formula cap-
tures this simply by dividing one with the distance of

3.3 Copina with Close Matches in User the two numerical values (one in the context and one
bing in the Semantic Note); should their distance be 0, the

Figure 1: An example hierarchy of concepts.

Profiles value would return an exact match as 1:
We now introduce two alternative versions of the e 1 7
. o o . appr(ra) = m ™

app(ra) function. The motivation is to cope with 1+ dfr(tmeex, tmn)

close and partial matches of the information found in ) ) .
user context and in the content to be provided. The where the functiomfr denotes calculating the differ-
first of the functions is applicable in cases when there €NCe between the valuestofix andtmy.
exists a taxonomy, for example a yellow page like ser-
vice categorization. The function is based on an algo-
rithm called “Object Match” (OM) (Stojanovic etal., 4 EVALUATION
2001), and is formalized as follows:
The above-mentioned approaches were evaluated and
[uc(@etx, Proot) N UC(Ph, Groot)| their performances compared with each other, as well
= 6) | ; . X
[uc(@ex, Proot ) U UC(@hn, Proot )| as with the baseline approach. Note that the intention
is not to find out the single best approach, but instead
where uc refers to the “upwards cotopy” func- to show that approaches other than the baseline one
tion (Stojanovic et al., 2001).uc returns the dis-  can in some cases turn out to be useful alternatives,
tance of the currently analyzed concept from the on- especially if combined.
tology’s root concept. In the case of services in yel-
low pages such concept would bervice. More 4.1 Evaluation Setup
specifically, theuc(@ex, @root) indicates the distance
between the concept found in the user context and theDue to the lack of a common test set, the evaluations
root concept, whereas (@, Groot) Means the distance  were conducted as simulations so that 500 Semantic

appom(ra) = m
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Notes, each containing 4-10 statements (based on ranwas set to be 0, 0.5, or 0.9. Secondly, either half
dom assignment), were created. Each statement wa®r one quarter of the statements were labeled as “re-
randomly assigned to be relevant or not relevant. In ally” relevant (likelihood of relevance, Lhr). Third,
addition, each statement was assigned a depth, whichthe “real” relevances were reassigned based on base-
is recognized by the “relative” approach. The re- line relevance values, based on combined relevance
striction was that a statement’s depth could not ex- values, or not at all reassigned. The same value which
ceed the number of statements in the Semantic Note.was used as a threshold for retrieving content through-
Note that assigning a depth to a statement has im-out the tests, namely 0.5, was also used as a thresh-
pact on the depths of the rest of the statements inold for reassignment. By combining these options,
the respective Semantic Note. The range of the first we came up with 18 different test cases, with each of
statement's is 1 < ds; < (|S)|+1), the next one’s  them having 500 generated Semantic Notes.

1<ds, < (|S|+1—ds), and so on. Furthermore,

each statement was randomly assigned as_being_de-42 Evaluation Results

pendant on some other statement or not. This has im-

pact on the “dependant” approach. ’ 3
We now present some results of the simulations. In

When geTeraltmrg]; ”;)e r_ele\t;ancle; valuels at the Se-yq following Tables, the approaches are referred to
mantic Note level, the basic (baseline) relevance was ;4 “Baseline”, “Relative”, “OM”, “Dependant’, and

first calculated by summing up the relevances of the “Combined”. The “Combined” approach is the av-
statements, and dividing them by the number of all erage of “Relative”, “OM’, and “Dependant’ ap-

statements in tTe lres%epnvE Note. The reIatn;)e rel- hroaches. Naturally, we could have considered other
evance was calculated Iin the same manner, but in-.,pinations, too. However, contrasting the alter-

sr:egd Olf s_umm||ng up the plain sgatemznt relehvances,native approaches with “Baseline” separately and as
tf%:r re aélve va ules were _lnsteaf_ USE;] : klndt E;]C?lseone combination is enough for giving us guidelines
of dependency relevance, it was first checked whether o, yhair herformance.

Itth a;;aéﬁzcekr: d'r\llvﬂ:?ﬁé'f?héssrg;vggaf irt r\;\?;g Igg:IZ'd Basic instruments of information retrieval, namely
precision, recall, and the F-measure, were used in the

ggpﬁgﬁapﬁeogt;;/:;éﬁ[{e\\g? IZLQIZ; a{fs t‘h deg Vgﬁg;:]%e evaluation. As for relevant documents, we used the
’ P Yreal” relevance, that is, the relevance which was not

;esli\)/ﬁlg\fv.s-FllfrEIéyé'EZtirr?eMn trcesﬁ;/:r?t(l:eu\rgv;:r?g U(Iaitt‘iagn derived from the number of statements considered rel-
) y P evant. This way we could compare the decision sup-

W?S not rele\llant,blt did not au:joma}tlcally_ rec(eju\flle a_O port of the system with the (simulated) true relevance
relevance value, but some raggomly asgjgnec oat.'ngconsidered by the user. In doing this, precision came
point between 0 and 1. This represggis the InCIUSIonto indicate the number of documents which are both
of close matches to the ggiculatiggs retrieved and (“really”) relevant divided by the num-
To complement the above-mentioned relevance per of retrieved documents. Recall indicates the num-
kinds, the system randomly—and regardless of per of documents which are both retrieved and (“re-
the above relevance values based on statementsg|ly") relevant divided by the number of (“really”)
relevances—labeled each Semantic Note as “really” relevant documents. Finally, the F-measure is the har-

relevant or not. This was representing the user’s ac- monic mean of precision and recall, with the formula
tual consideration of the Semantic Note, whereas the of F = 2« precisionx recall/( precision+ recall).

above-mentioned relevance values represent the deci- Taple 1 depicts the precision values in the case
sion support capabilities of our system. The differ- \yhere none of the “real” relevance values are tam-
ence between the “real” relevance and the statement-yared. There exists no significant variation among the
based relevancg kinds was tested as-is (with O. COrre-gpproaches; the average standard deviation (SD) be-
spondence), with 0.5 correspondence, and with 0.9 een the approaches in different cases is 0.05. If Ta-
correspondence.  This consideration was justified e 1 js contrasted with Tables 2 and 3, itis visible that
since it is envisaged that the rules stored in the user yore variation among the approaches emerges. Cor-
profiles havesomecorrelation with the actual rele- responding SD average for Table 2 is 0.12 and for Ta-
vances. That s, if the user creates a rule stating thatpe 3 itis 0.15. Naturally, for the first two rows, where
she is interested in ice cream, it is indeed justified t0 {he |ikelihood of correspondence (Lhc) is 0, this does
assume that (all other things equal) she will be more not hold. But once the likelihood grows to 0.5 and
interested in an ice cream parlor than a hot dog Sta”d-especially 0.9, differences start to show. This is espe-
For generating the test set, we modified three cially true in the case where the rearrangement of the
things: First, the likelihood of correspondence (Lhc) “real” relevance values is done based on the combined
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Table 1: Comparing the precision values of the various approachesnaigeal” relevance values are tampered.

Not rearranged Baseline Relatve OM Dependant Combined

Lhc=0, Lhr=0.5 0.50 0.32 0.50 0.41 0.53
Lhc=0, Lhr=0.25 0.32 0.27 0.29 0.29 0.35
Lhc=0.5, Lhr=0.5 0.36 0.38 0.42 0.36 0.48

Lhc=0.5, Lhr=0.25 0.20 0.23 0.21 0.21 0.20
Lhc=0.9, Lhr=0.5 0.59 0.79 0.48 0.58 0.69
Lhc=0.9, Lhr=0.25 0.25 0.24 0.23 0.21 0.22

Table 2: Comparing the precision values of the various approaches‘ndad” relevance values are set to correspond to the
basic (baseline) relevance values.

Basic rearranged Baseline Relative OM Dependant Combined

Lhc=0,Lhr=0.5 0.47 0.67 0.37 0.55 0.50
Lhc=0,Lhr=0.25 0.19 0.18 0.22 0.20 0.17
Lhc=0.5,Lhr=0.5 0.83 0.90 0.56 0.82 0.92
Lhc=0.5,Lhr=0.25 0.58 0.56 0.34 0.57 0.56
Lhc=0.9,Lhr=0.5 0.97 1.00 0.54 0.98 0.94
Lhc=0.9,Lhr=0.25 0.89 0.91 0.49 0.89 0.87

relevance values. tion retrieval systems. This is because not too many

The combined approach starts to outperform the results can be simultaneously provided to the user,
other approaches, when the “really” relevant values and the few results that end up being provided should
conform with the combined relevance. This is also indeed be relevant. If there were 50 possible Semantic
visible from the last two rows of Table 3. Note thatin Notes which are at the time are passing the threshold
the case where the comparison is based on the basi®f relevance as reasoned by the system, itis not likely
relevance, the combined approach performs almost aghat the user will go through all of them, but instead
well as the baseline approach (last two rows of Ta- only a small portion. For that reason, it is important
ble 2). The relative approach performs also well, but that the precision of “real” relevance among these 50
lags behind in with regard to recall, as is visible from is as high as possible; recall is less important. This
Table 4. is why in addition to using the harmonic F-measure,

The reason for OM approach having significantly We_also teste'd' the r(_esults with g4-measure, which
lower precision values than the other approaches isWeights precision twice as much as recall.
due to the fact that it retrieves so many Semantic ~ We grouped the evaluation sets into the follow-
Notes, causing many labeled as “really” irrelevant to ing three segments(i) The first segment consisted
be included. Naturally, this has an inverse impact on of all the 18 cases as presented the abdie;The
the recall values, since the more retrieved documents,second segment consisted of the cases where no rele-
the more chance for “really-relevants” to get included. vance values were rearranged, as well as all the cases
Table 4 depicts the numbers for various approaches,where the likelihood of correspondence (Lhc) was O;
as far as recall is concerned. The OM approach has(iii) The third segment represents the cases left out
the highest average and median values, meaning thafrom the second segment, namely the cases where the
it has absorbed more “really” relevant documents than relevances were rearranged based on either the basic
the other approaches. This could be easily preventedrelevance or the combined relevance. In general, the
by restricting the search space. In other words, the approaches perform a little better in terms of the+
whole taxonomy would not be examined each time, measure than the F-measure, as Table 5 depicts.
but instead a set of concepts with a prespecified max-  The most evident message that was found
imum distance from the concept under inspection.  emerged by comparing the SD values of the F-

In order to examine the mutual effect of precision measure averages, especially between the second and
and recall, we used the F-measure. Precision is a morehe third segment. The second segment, where the rel-
important factor than recall in context-aware informa- evance values had not been tampered, showed a 0.04

167



WEBIST 2007 - International Conference on Web Information Systems and Technologies

Table 3: Comparing the precision values of the various approaches‘ndad” relevance values are set to correspond to the
combined relevance values.

Combined
rearranged Baseline Relatve OM Dependant Combined
Lhc=0,Lhr=0.5 0.45 0.60 0.49 0.45 0.56
Lhc=0,Lhr=0.25 0.27 0.29 0.27 0.24 0.28
Lhc=0.5,Lhr=0.5 0.45 0.59 0.32 0.47 0.61
Lhc=0.5,Lhr=0.25 0.59 0.50 0.21 0.55 0.60
Lhc=0.9,Lhr=0.5 0.49 0.73 0.28 0.58 0.91
Lhc=0.9,Lhr=0.25 0.51 0.90 0.28 0.67 0.97

Table 4: Recall trends for different approaches.

Recall

trends Baseline Relative OM Dependant Combined
Avg 0.31 0.12 0.38 0.19 0.19

Median 0.16 0.07 0.27 0.09 0.10
SD 0.26 0.12 0.24 0.19 0.19

average on the SD values of the approaches. In thearranging is based on the combined relevance (with
third segment the corresponding value was 0.18, in- the exception of OM, which was explained above).
dicating a significantly greater variance. (The cor-

responding numbers forgls-measure were 0.06 and

0.18.) This means that if the “real” relevance val- (? CONCLUSIONS

ues correspond to the relevance values as reasone

by the system, there is_ greater varian_ce betwe_en theThis paper presented some approaches for context-
approaches and choosing an appropriate one is more,

. . g . ware information retrieval. The approaches departed
important. Th|§ |sa\{aluab_le fmdmg and justifies fur- from the so-called baseline approach, which has
thervv_or_k on this subject, since it can be assumed, th.atbeen presented in our previous work in more detail.
there is indeed cor_responde_znce betw_een what a ratio~rp o approaches put emphasis in importance weights
nal user sta_ltes as mtere;ts in her profile, and what Sheof statements, interdependencies between statements,
really considers interesting. and close matches in finding appropriate content.
Finally, we examined more closely the perfor- Simulated evaluation results for the performances of
mance of different approaches in the cases groupedthese approaches were also presented.
to the third segment presented above. In particu- The particular approaches presented in this paper
lar, we considered the differences between how the are merely a start for considering intelligent retrieval
approaches perform with regard to the proportion of semantically described content for mobile Web 2.0.
of “really” relevant Semantic Notes. It is notewor- In the future we are going to examine new atomic ap-
thy that most of the approaches perform better when proaches and consider their performance in various
the proportion of “really” relevant Semantic Notes cases. In addition, our future work among the area
is smaller (0.25). The only exception for the har- will concentrate on more intelligent ways of com-
monic F-measure is the OM approach, where in 3 bining various approaches. This paper introduced a
out of 4 cases it performs better when the propor- rather straightforward way of averaging over the se-
tion of “really-relevants” is larger (0.5). Thisis due to lected approaches, but more advanced ways could be
OM approach’s relatively good recall values in these introduced. For example, a correlation between the
cases. We also noted that even though the precision‘relative approach” and the “OM-approach” can be
values of the approaches are smaller in the 0.25 caseenvisaged. A statement’s relative relevance consid-
when rearranging based on basic relevance (see Taered in this paper arises from its position in the Se-
ble 2), their F-measure due to better recall is larger. mantic Note. It can be assumed that it is somehow
Moreover, this phenomenon gets amplified when re- also semantically related to the statements close to it
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Table 5: Comparing the averages with regard to F-
measures.

Averages Segmenti Segmentii Segment iii
F-measure 0,28 0,15 0,45
Fo.s-measure 0,31 0,18 0,48

in the structure. Now the terms in these neighboring

statements have corresponding concepts in the ontol-
ogy. OM-relevance is based on close matches, and the
concepts corresponding to the terms in these neigh-

boring statements could be considered.
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