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ABSTRACT

Existing opinion retrieval techniques do not provide context-
dependent relevant results. Most of the approaches used by state-of-
the-art techniques are based on frequency of query terms, such that
all documents containing query terms are retrieved, regardless of
contextual relevance to the intent of the human seeking the opinion.
However, in a particular opinionated document, words could occur
in different contexts, yet meet the frequency attached to a certain
opinion threshold, thus explicitly creating a bias in overall opinion
retrieved. In this paper we propose a sentence-level contextual
model for opinion retrieval using grammatical tree derivations and
approval voting mechanism. Model evaluation performed between
our contextual model, BM25, and language model shows that the
model can be effective for contextual opinion retrieval such as
faceted opinion retrieval.

Categories and Subject Descriptors
H.3.3 [Information Search and Retrieval]: Information filtering,
Query formulation, Retrieval models, Search process

General Terms
Algorithms, Design, Experimentation, Performance

Keywords
Contextual opinion, sentence level, grammatical tree derivation,
approval voting

1. INTRODUCTION

Understanding subjective contributions is a complex process,
especially when it involves contributors with diversified styles and
knowledge of making contributions. The arrival of web 2.0
interactive medias such as web logs (blogs) creates an avenue
whereby people display their diversities in terms of style and
knowledge when making subjective contributions. To make matter
worse, when people contribute, they do so in their own ways; they
write with self perception often conveyed by psychological
inference; they present contributions with different language styles,
and even play upon words.

The summary of the factors highlighted above is not far from
sentiment or opinion, especially within a complex interactive space
such as collection of blogs called blogosphere. In fact, there is
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reasonable amount of interest in mining different kind of knowledge
from such huge human-oriented contribution space[29].
Organizations wish to know relevant opinions towards products or
services rendered [26]; individuals wish to retrieve relevant
information for personal use, and the need for understanding human
behaviors through trends is becoming more apparent and
necessary'. Therefore, we believe a technique that can take into
account the need for contextual understanding of sentences would
be appropriate for opinion retrieval tasks.

Many opinion retrieval systems avoid computational models that
treats opinion as a process of language understanding [23], in fact
they are mostly probabilistic or statistical [38]. Existing opinion
retrieval models presume words that belong to specific targets [39],
hence count the occurrence of such words in a given document to
meet certain opinion threshold. We argue that in a particular
document, words could occur in different contexts, yet meet the
frequency attached to a certain opinion threshold, thus explicitly
creates bias in overall opinion. For example, these two sentences,
the fight for academic success and I will fight you to finish, have
regular occurrence of the word “fight”, which could imply violence
opinion upon certain threshold, whereas, the word “fight” has
appeared in two different contexts. More explanatory examples can
be found in [10] on page 345.

Towards addressing this issue, we believe existing models and
techniques in computational linguistics can be used, such as context-
sensitive Combinatory Categorial Grammar (CCG)[18]. We believe
opinion retrieval should benefit more from the impact and
aggregation of textual understanding in context [32], rather than
frequency of terms alone.

2. RELATED WORK

Existing opinion retrieval techniques do not provide context-
dependent relevant results. Most of the approaches used by state-of-
the-art techniques are based on frequency of query terms, such that
all documents containing query terms are retrieved, regardless of
contextual relevance to the intent of the human seeking the
opinion[12,38]. Little have also been done on contextual
understanding of sentences used in opinionated contributions [26,
32, 40]. We believe frequency of query terms can not imply
subjectivity alone, without establishing the context at which a term
must be frequent [23, 32]. In this work, we propose a context-
dependent approach that can solve the non-contextual relevance
problem common to existing opinion retrieval systems.

"http://www.nytimes.com/2009/08/24/technology/internet/24emotion.html
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Some research works have treated opinion retrieval as text
classification (TC) problem. The TC technique enables the
introduction of both traditional supervised and unsupervised ML
techniques with reasonable efficiencies recorded in most research
works[29]. However, determining an effective labeling strategy for
contextual opinion is still an open problem [27]. According to Pang
and Lee[32] subjectivity can be interpreted differently in some cases
as they come with different levels of challenges, such as
“agreement” or “disagreement”[5] and “winner” or “looser”[4]. For
example in [27], the use of ironical words or phrases and inverted
polarity in opinionated documents led to lower precision for
positive opinions with 77% accuracy. As a result of this, the choice
of features for determining context in opinionated documents is still
a problem factor [1, 9, 32].

Lexicon-based opinion generation has also been used for opinion
retrieval, and many research works have combined both lexicon-
based and TC for retrieving opinions [20]. However, this approach
is domain specific [9, 31], and there have been instances of conflict
between opinions and lexicon. For example, a positive comment
about a product could have a negative meaning in the lexicon [22].
We believe that analysis of independent words to show meaning
may not necessarily reflect opinion except when words are
processed together in a sentence.

Probabilistic models have also been used to retrieve and rank
opinions from documents[38], and some level of success have been
recorded by the technique. However, the probabilistic approach is
full of probabilistic assumptions based on frequency of query terms
[16, 23, 32]. For example, in [38], a probabilistic model is used to
determine proximity of words to the query terms, which may not
necessarily reflect the context at which user information is required.
Whereas, most opinionated documents have sentences that describe
different opinions even within the same paragraph [5, 32], thus
opinionated words occurring at proximity to query terms might have
occurred in different context.

The language model approach has also been used for opinion
retrieval [33, 35]. Most language models go as far as word level
processing; sentence level processing; and paragraph level or bag-
of-words. Some language models combine probabilistic techniques
for efficient ranking of opinionated documents[14]. A common
limitation of this approach is the estimation of model parameters
[19], that is, an effective way to model a document to give a higher
probability of relevance to user query is still very challenging. For
example, [19] addressed the parameter tuning or optimization
problem in higher order language models by incorporating different
component models as features. A basic approach is to perform
smoothing at varying levels for effective document retrieval.
However, the methodology proposed in [19] leads to having higher
number of model parameters, whereby all of such parameters would
also require optimization at different levels.

3. CONTEXTUAL DERIVATION MODEL

In this work, we look at underlying meaning of each sentence and
then compare with underlying meaning of the given query or
opinion target. We believe sentences form the base of the overall
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opinion being expressed in a document, and opinionated
information is better represented in sentences than individual query
words. In our contextual model, we assume an ideal user would
give query in the context at which the information is needed. We
categorize the contextual model into three stages as we discourse in
the following sections.

3.1 Contextual Query Formulation Model
We define opinion target T as a set of query terms Q:

T = Q) « Cy, 3.1
where Q(t) is a set of query terms composed of one or more words
in its original sequence, C, is the context to be derived from
sequence Q(t). Therefore, Q(t) « C,, shows the context of
opinion target T(Q) for each document D in the collection. We
expand the original opinion target T(Q) by deriving related opinion
targets from T(Q) through contextual query formulation or

substitution[21] as shown below:
yields

T(0) =7(g)= (T1Q, T2Q, ... T, Q).
Therefore, we can rewrite equation 3.1 to represent each of the
opinion target contained in equation 3.2 as follows:
VT (Q) € T() | Trn(Q) = Q1) « Cy.
Note that the composition of the above related opinion targets
becomes a reference profile’ to the original opinion target.

(3.2)

(3.3)

The 2008 Obama< Obama and 2008 US elections

Reference Profile
electoral process

Obama electoral campaign in 2008

Figure 1. Similar opinion targets from a single original user query

3.2 Sentential Context Derivation Process

We identify initial document collection using BM25[37]. Using
CCG [18], we understand the meaning of each sentence in order to
derive context of a given sentence as C,(S). Upon sentential context
derivation, we are particularly interested in sentences that have the
same context with the opinion target. Also, we define reference
profile P = {T(9)} as a set of similar opinion target formed above.
We shall show how P can be used in the contextual matching
process using approval voting technique[7, 28].

We have two important properties for our model. The first property
is the tree derivation 8, which shows the global property of phrase
structure tree for S using a selected CCG rule r. The second
property is the semantic properties gy, derived from S which
shows the grammatical realization of content words. We define the
first property as follows:

0;(S) =0, (SN (r €R)) (3.4)
where 7 is a rule element in a set of CCG rules R, SN (r € R) is
the appropriate rule that matches the complexity of S and
automatically selected from set of CCG rules R, and d; is the phrase
tree derivation performed on S. The second property is defined as
follows:

Osm (S) = 05, (W € S), (3.5

2 The reference profile defines a broader interpretation of the query
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where w is a word element of sentence S, Jg,, is the grammatical
realization of each content word, and ds,, (S) is semantic property
of a set of grammatical realizations of each content word in S.

Therefore, the context flagged by S can be defined as follows:
Cx(S) = 9:(S) N 05, (S) . (3.6)
In equation 3.6 above, a relationship is established between global
property 9.(S) and its corresponding semantic annotations; this
relationship forms the context that defines the underlying meaning
of the sentence. Now that we can derive sentential context, recall
that our aim is to identify contextual sentences that match the
opinion target; we therefore find the context C, for query
formulation Q(t) by replacing S with Q(t) as shown below:
Cx(Q(1)) = 9:(Q(®)) N 95, (QD)), (3.7
where 3,(Q(t) ) and 0, (Q(t) ) are derived from equation 3.4 and
3.5 respectively by substituting Q (t) for S. Therefore, a contribution
to user information need is established when each C,(S) is identical
to C,(Q()) € T(@), and C,(Q(t)) can be seen as a
representation of original opinion target or its reference profile P
defined in 3.2 above. This process is shown below:

Tn(Q) <« C(Q()),
Cx().P = G Q).

(3.8)
(3.9)

3.3 Contextual Matching by Voting
In this process we use approval voting [7, 24, 28] technique in order
to differentiate between the size of relevant opinions and non-
relevant opinions present in the document. Each contextual sentence
that can describe the opinion target is an implicit vote for the
opinion target[28]. The size of the opinion relevant to the opinion
target can be defined as the respective accumulation of contextual
sentences C,(S). P = C,(Q(t) ) shown below:

NO0pcll = X Cx(8).P = C(Q(D). (3.10)
However, our research interest is not just to know sentences that
support the opinion target only, as opinionated documents can have
diverse opinions[26, 32], we are also interested in sentences that
describe other context too, which is why the voting technique comes
in. A very important question in every voting technique is “who the
candidates are?” Therefore, using the sentential context derivation
process described in section 3.2, we are able to recursively define
candidates from each opinionated document, to include the opinion
target, and other unique contexts different from the opinion target.

C(S) # C(Q)),
C.(S) «c, .

(.11
(3.12)

Equation 3.12 above describes a situation where a particular
sentence does not support the opinion target; therefore a contextual
sentence C, can be seen as a potential candidate y’ in a set of
contesting candidates C;. Recall that each candidate has a profile P
described as a broader representation of the context flagged by the
particular candidate. This process is shown below:

Cx,‘_ y,=
Ca=(y, P,y Py,P..y,P)

(3.13)
(3.14)
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In equation 3.14 above, Cj is a set of candidates, y, is the context of
the opinion target T(Q) as the first candidate, subsequent contexts
are then added to the set. For the approval voting process, we
assume a leader rule’ strategy with element of sincerity and
admissibility [24], and then define a voter’s choice, that is, when a
sentence can vote for one or more candidates.

(3.15)
(3.16)

Vchoice: Vy S Cdlp(yi:o)n P(yn)
0pc 1=3% €' (s)

Therefore, equation 3.10 is the size or weight of the opinion ||Op||

relevant to the opinion target from a given document and equation
3.16 is the size or weight of non-opinion || Op, '|| derived from the
same given document. A document’s relevance R, to user’s intent
is determined when the size of relevant opinion is greater than the
size non-relevant opinion clouds derived from the document.
Opinion weights for relevant documents can then be used to rank
documents hierarchically. Relevance of a document can be defined
below:

Raoe = Y 110pc 1l (10pcll > 110y 11) -

Profile element1 Profile element1 Profile element1
<Proﬁle element 2 @ <Proﬁle element 2 @ <Proﬁ\e element 2

Profile element N Profile element A/ Profile element A/

(3.17)

Sentence,,Sentencez, Sentences,...Sentence,

Figure 2. Contextual voting process using candidates’ profiles

4. Evaluation using AIC Model Selection
We used Akaike Information Criterion (AIC)* to perform model

selection between BM25° [37], language models [19], and our
contextual model. By this, we are able to understand the
approximating capability of our contextual model by simply
computing and comparing the AIC values for each of the candidate
models, the model with the least AIC value is believed to be the
best fitted model for the opinion retrieval task[3, 6, 8]. Moreover,
AIC has strong theoretical foundations built over Kullback-Leibler
distance[30], for selecting appropriate approximating model for
statistical inference from many types of empirical data [2-3, 6, 8].

We show AIC’s criteria for estimating the expected relative distance
between models as follows:

AIC = —2log (L(8 |y)) + 2K.

4.1 Baselines for AIC Model Selection

In equation 4.1, the numerical value of the log likelihood at its

4.1

maximum point is represented by log (L(A|y)) where K is the
number of estimable parameters in each participating model[8]. We
set the optimized parameters and values for BM25 and Bigram
Language Model (LM) in [19] as our baselines to be compared with
our contextual model using AIC values. Arguably, we assume

* A behavioral rule with rational foundation [24].

* Selects best approximating model from finite samples by minimizing the
K-L information through parameters estimation [2-3, 6, 8].

> BM25 has been used in [11, 17, 34, 38].
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Normalized Discounted Cumulative Gain (NDGC)® values@]1
reported in [19] as our estimated likelihood values for the two
models above.

4.2 Likelihood Ratio and Parameter

Estimation for the Contextual Model

For our contextual model we compute the opinion score based on
the Likelihood Ratio (LR) method presented in [13]. The major
difference between this method and our approach is that, rather than
“frequency of terms” we used frrequency of contextual opinionated
sentence as described in section 3.2, that is, the frequency of
sentences that support the context of the opinion target. Therefore,
we represent set of documents with opinions as Doc,,, and relevant
documents with R;,. and then compute the frequency of relevant
sentence in a document as follows:

Y. deDocyy N(Cy,d)
Y. deDocyp |S|

p(Cy|Doc,,) = 42)

In equation 4.2 above, N(Cy,d) is the number of contextual
relevant sentence C, in document d, |S| is the total number of
sentences in document d, and p(Cy|R 4, ) can be computed as the
ratio of number of sentences with at least one of the terms (see
section 3.2) of the opinion target to the total number of sentences.
Therefore, the LR of contextual relevant sentence can be seen as the
ratio of p(Cy|Rgoc ) to p(Cx|Docop) as shown below:

— p(Cx|Docop)

Opiniong.preCy = D CRa) 4.3)

Before we compute the contextual model’s estimated value of the
opinion score for AIC, we wish to quickly state that the contextual
model can be interpreted using the Hidden Markov Models (HMM)
[36], whereby we derived parameter y as the number of appropriate
hidden states that generates the best probability distribution for our
contextual model. For example, the appropriate number of related
opinion targets to be generated such as described in section 3.1.

Since the likelihood values for our baselines models were derived
page (ie. NDGC@l) [19],
OpinionsgeyeCy, we manually observed the first blog result’ shown
by Google blogs8 using “The 2008 Obama electoral process” as

for one for an estimated

query, and we set our parameter ¥ = 1. For example, we assume
section 3.1 has generated one related opinion target such as “Obama
and 2008 US elections”, and then observe the total number of
sentences that can support or vote for the above two targets (see
section 3.3). From our observation N(C,, d) is equal to 3 and |S| is
equal to 25 for the query given above. In this particular blog, we
could however observe other targets such as “Support for US
elections” attract more sentences or votes other than the initial
query. With N(C,, d) equal to 8 for “Support for US elections”,
obviously our contextual model would not have retrieved this blog
for the query “The 2008 Obama electoral process”, as it will

¢ Used for performance measurement of models in IR[19].

7 http://www.american-election.com/2010/10/05/michelle-obama-i-need-
your-help/

8 http://blogsearch.google.com/
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consider other context that outweighs the query, such as “Support
for US elections”.

We assume the latter query (i.e.“Support for US elections”) as the
likely target for the blog above, therefore we used N(C,, d) =8, |S]|
=25, and computed p(C,|Rg,¢ ) using number of sentences with at
least one unique query term or synonyms equals 13, thus
p(Cx|Rgoc ) would be 13/25
p(Cx|Docop) is computed as 8/25 = 0.32, and using equation 4.3,
OpiniongyrCy is computed as 0.32/0.52 = 0.62.

0.52. Using equation 4.2,

Table 1. Parameters and likelihood values for AIC candidate
models[19].

Model Parameters No of Likelihood
parameters

BM25 k1=1.0,b=0.5 2 0.2556
Bigram A1=0.24,72= 7 0.2630
LM 0.29,13=0.94,

ul = 1800, u2 =

400, 43 =792, u4 =

900
Contextual | y =1 1 0.62
Model

4.3 Results

Table 2. AIC values for the candidate models derived based on [6,
8] with the appropriate formulas shown in footnotes on this page.
The least AIC or AIC, and the highest w; values respectively denote
the best approximating model[6, 8].

12

Model K AIC? AIC 10 A1 w;
Contextual | 1 | 2.956072 | 0.956072 | 0 0.867519
Model

BM25 2 | 6728283 | 4.728283 | 3.772211 [ 0.131569
Bigram 7 | 16.6712 14.6712 13.71513 | 0.000912
LM

Using the above table we can compute the evidence ratio (% =
J

) as a rule of thumb [3, 6, 8], which shows the best

Wj
approximating model, given the data and the candidate models. The
strength of evidence for our sentence-level contextual model against
BM25 and then Bigram LM can be computed as
0.867619/0.131569 6.6, and 0.867619/0.000912 951.5
respectively. Obviously, the evidence for sentence-level contextual
model is very strong against Bigram LM while BM25 seems
reasonable. In addition, candidate model with w; less than 10% of
the highest cannot be considered as good approximating model[3, 6,
8]. In this case, 10% of the highest w; (i.e. 0.867519 * 0.10) is
0.086752; therefore since 0.867519 is greater than 0.086752, we can

Wm

° Formula is shown in equation 4.1

1% AIC requires bias-adjustment if n/K < 40 [8], therefore, AIC, = AIC +
2xK +(2*K*(K+1)) / (n—K-—1), where n = number of
observations and K = number of parameters, in our case we have 1
observation and K is 1, therefore n/K < 40.

" Differences between AIC, that is, A;= AIC; — AIC,,;, [8].

12 Akaike weight is the normalized relative likelihood, that is, w;
exp(—0.54;) / XR_, exp(—0.5 A,), where the denominator is the sum of
all the relative likelihoods of the candidate models[8].
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conclude that sentence-level contextual model is most likely to be a
good approximating model for opinion retrieval task.

5. CONCLUSION

In this paper, we introduced and successfully evaluated a contextual
sentence-level contextual model for effective opinion retrieval task.
The technique considered in this model is based on NLP technique
(i.e. CCG) which gives a clear representation of meaning and
context for each sentence. Our argument is that, rather than word
counts or probabilistic processes, contextual meaning of
opinionated sentences can be derived. Using approval voting
technique, the aggregates of votes show the size of opinion for each
contextual candidate. Contextual candidate with the largest opinion
size best describes the overall opinion flagged by each document.
Relevant opinionated document can be ranked hierarchically using
their respective relevant opinion sizes. For future work, we plan to
implement our model on TREC blog 2009 data set for detecting
faceted opinions and also revisit our model to include multi-
sentence contextual dependencies.
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