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Abstract. The Robert Gordon University (RGU) participated in the Opinion Re-
trieval Task of the Trec 2007 Blog Track. At the core of the system weldped

is a set of training documents labeled with respect to opinion. These @mtsim
are used to train a classifier in order to classify the documents that aranete
the given Trec topics. However, a major limitation with these training doctsnen
is that they are not always generic enough to serve as good trainingpsa
for all the 50 Trec topics. We therefore propose a solution that genesatieir
content by exploiting the context of opinion related language constructsas
adjectives, verbs, and adverbs. Our system significantly improvess R8U’s
previous Blog Track systems.

1 Introduction

The simplicity of Internet publishing has resulted in indivals postings up their tho-
ughts in a variety of different forms in an almost unconttble manner. Furthermore,
many of these postings remain largely unmonitored. Onégodat publishing form of
interest is Blogs (short for Web-log). Blogs have been ciaro be the latest form of
self expression and it has been noted that they are rapidlygihg the face of the Web.

The key aspect of Blogs that makes them attractive is thgtahemainly authored
by independent individuals, with the sole purpose of maltivr opinions known to
the world. Consequently, Blogs are highly rich in opiniordare often in sync with
current affairs. This factor makes them quite useful to gtdas such as marketing or
the media where direct feedback is an invaluable resource.

The collection used in both the 2006 and 2007 Blog Tracks ¢fisists of over a
three million blog posts collected over 77 days. It was méahe a realistic snapshot of
the blogosphere and hence offers an excellent test-beddgrahalysis research. This
study addresses the opinion retrieval task of the 2007 BtagKI[5]. This task was first
introduced in Trec 2006. It basically involves retrievingrdonated documents that are
relevant to each of the 50 predefined Trec topics regardfgbgio opinion orientation.
Each retrieved document should, however, be assigned ti-aatiedopinion scorein
the range of0. . . 1], where 0 signifies a neutral opinion, whereas 1 signifies treree
opinion that could be either positive or negative.
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Fig. 1. An Overview of the Opinion Retrieval System.

The idea we present to address this task is composed of tveepliaat draw from
both Natural Language Processing (NLP) and Informationi&®etl (IR). Our technique
basically exploits the context of opinion related languegestructs, such as adjectives
verbs and adverbs, to identify and rank opinionated textsimihe collection. These
language constructs were chosen primarily because theparmonly associated with
opinion rich contexts. For instance, an adjective such esattjwould typically occur
within contexts such as “great player,” or “great disaster.

In the first phase of the procedure, Part-of-Speech (PoS)aegassigned to the
words (features) contained in a set of training documerasate labeled with respect
to opinion. These documents are then pruned such that orgy ef selected words,
along with their respective contexts, are retained. Propans are also omitted as they
tend to be domain specific [9]. This results in a corpus witligh precision of opinion
rich phrases that are relatively domain independent. Tleeidents of the resultant
corpus are then mapped onto a vector space [8] after whiofrassion based Support
Vector Machine (SVM) [3] is trained on the resultant documesttors.

In the second and last phase, a Lucene search engine is usstdédwee all docu-
ments, from the Trec Blog collection, that are relevant ®chrrent topic of interest.
The regression based SVM is then used to assign each of thesmdnts to an opinion
score, and this completes a single Trec run.

The remainder of this paper is organized as follows. SeQialescribes the two
phase procedure in more detail. The Implementation spatdits are then presented
in Section 3. Finally, the Conclusions and Future Work appe&ection 4.

2 TheOpinion Retrieval System

A complete overview of our opinion retrieval system has bédlastrated in Fig. 1. A
crucial resource for this system is the background set afitrg documents that are



labeled with respect to opinion. Each of these labels assawelue in the ordered set
{c1,...,cn}, Wheree; < ¢, andcy, ¢, respectively represent an extreme negative and
positive opinion.

These training documents offer a good estimate of the streieind content of opin-
ion rich texts. However, one limitation with them is thatyhmeay not be general enough
to suffice as good document examples for each of the 50 Treécstofo tackle this
problem, we applied a procedure that retains the relevamierts of language con-
structs such as adjectives verbs and adverbs. The hypethetsind this is based on the
fact that these constructs act as the transmitters, rdtharthe objects, of an opinion.
Consequently, they would be used in much the same way acaossis domains. This
type of pruning would therefore generalize the opinionsregged within the training
documents.

To retain the relevant contexts, we first applied PoS tagsedext within the train-
ing documents by using the RASP PoS tagger [1]. We then extagncontext of 10
words on either side of each word that was tagged as an adjeetrb, or adverb i.e:
JJT, JJ, JJR, VVO, RR, RG, RGA, RGRWNe, however, did not retain any singular
or plural proper nouns (NP, NP1, NP2) as these tend to be dospaicific [9]. Once
the training documents were pruned, we then mapped themeordotor space whose
dimensions, or features, were determined by the Informa&ain measure [10]. A re-
gression based SVM was then trained on the resultant dodweetors.

Finally, given a list of documents from the Trec Blog Corphattare relevant to a
Trec topic, the regression based SVM was used to assigh'tdecument in this list to
a scorey; that assumes a real-value in the rafge . . ¢,,]. Note, however, that the Trec
rules require that the scoge be mapped onto the range|6f. . . 1], where 0 signifies a
neutral opinion, whereas 1 signifies an extreme opiniondbald be either positive or
negative. In order to accomplish this, we mapped the scotleeat” document to the

vaIue’Q (%) - 1‘ which satisfies the Trec requirement.

3 Implementation

In order to prepare the Trec Blog collection, we first exteddhe text from the initial
HTML format discarding all tokens that contained non-pabie characters. We then
preprocessed it using the sequence of tokenization, csioveto lowercase, stemming
and stopword removal (The 50 Trec topics also went througlsttme preprocessing
steps). We finally indexed the resultant collection, camitaj 2,466,650 documents,
using the Lucerfesearch engine. This entire procedure lasted 46 continuays ah
standard hardware running on a Ubuntu Linux platform.

The second task was to prepare the opinionated trainingetatarhese were four
in number namely: The Edmunds dataset [6] with clagdes. ., 26}, the Rateitall
dataset [2] with classefl, ..., 5}, the Scale dataset [7] with classgk . .., 8}, and
the documents that constituted the results of the Trec 2@04ity task which had

! See the CLAWS? Tagset: http://www.comp.lancs.ac.uk/ucrel/clawsBteds.
2 http://lucene.apache.org



classeq0,...,4}. Note, however, that we only used classes 2, 3, and 4 whigieces
tively correspond to a negative, a neutral, and a positiweiap. All four datasets were
preprocessed in the similar fashion using the sequencekehimation, PoS tagging,
conversion to lower case, stemming, and stopword removal.

Once the four training datasets were ready, their contegte wruned as discussed
in the previous section. They were then used, in succedsidrgin a regression based
SVM in order to classify the documents that were relevanh®30 Trec topics. The
outcome of the four train-classify sessions formed thesbafsfour of the runs that we
submitted to Trec. The fifth run was based on plain relevaatreeval. The following
listis a summary of all the five runs that we submitted:

rguO: All opinion finding features turned off. Simply a BeAnce run.
rgul: Edmunds dataset used as background training data.

rgu2: Rateitall dataset used as background training data

rgu3: Scale dataset used as background training data.

rgu4: Trec Polarity dataset used as background trairatey d

arwNE

Although our official Trec results were far from being the thesir highest Mean
Average Precision (MAP) of 0.2798 improved significantlgrfr our previous years
result of 0.0001. Hopefully this trend will continue for sessive Trec competitions.

4 Conclusions and Future Work

In the Trec 2007 Block Track, our best run achieved a MAP o79& It also took
seventeenth position among all the runs that were subnfiftetie 20 participants in
terms of MAP, R-precision, b-Bref, and P@10. Although thisformance leaves a
great deal to be desired, our approach of exploiting thesxtbioff adjectives, verbs, and
adverbs to identify opinionated text was quite innovativer future work, we intend
to build upon this approach by investigating the effect afalsle sized contexts. We
also intend to employ deeper NLP techniques to determintotia point of a context,
rather than simply assuming that it would always be an aidgc verb, or an adverb.
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